Ph.D. DISSERTATION

SOLVING INVERSE PROBLEMS OF
AUDIO SYSTEMS WITH
DIFFERENTIABLE PROCESSING
AND GENERATIVE MODELING

|2 7135 AT 22 2 A ndlg)e ske3)
orle A 2T @R 52

SUNGHO LEE
AUGUST 2026

DEPARTMENT OF INTELLIGENCE AND INFORMATION
GRADUATE SCHOOL OF CONVERGENCE SCIENCE AND
TECHNOLOGY
SEOUL NATIONAL UNIVERSITY



nlE 7bs A Ae] WA ndlale
253 22 A|AF o] A7A 5iE

SOLVING INVERSE PROBLEMS OF AUDIO
SYSTEMS WITH DIFFERENTIABLE PROCESSING
AND GENERATIVE MODELING

20264 84



SOLVING INVERSE PROBLEMS OF
AUDIO SYSTEMS WITH
DIFFERENTIABLE PROCESSING AND
GENERATIVE MODELING

nE 7hset Al AP HAY RE S 8t ey e
A 2|l o] QA siE

91 ¢ % T = F AR
iRk ol W F &b
SR ¢ of & F Al
St g F o B
S < e B B 107




Abstract

Audio signals are rarely delivered to listeners as they are produced; they pass
through transformations imposed by physical environments, electronic devices,
and computational processes. We refer to the objects or structures that impose
these transformations as systems, and recovering such systems from observed
audio constitutes an inverse problem that arises across audio applications, from
reproducing room acoustics in virtual reality to reverse engineering a music mix.
This thesis develops methods for solving such inverse problems using two com-
plementary paradigms: differentiable signal processing, which enables gradient-
based optimization through classical audio systems, and generative modeling,
whichlearns conditional distributions over system descriptions given observations
to address the inherent ambiguity of inverse problems. We study two domains:
room acoustics, where systems are well approximated as linear and time-invariant,
and musical signal processing, where systems are compositional graphs of diverse
processors. Across both domains, we make their representative systems differen-
tiable, apply generative modeling, and explore hybrids of the two approaches, and
thereby show that domain knowledge and data-driven methods can be combined
to produce interpretable, structured solutions while preserving the scalability of

learning-based approaches.

keywords: Inverse problem, differentiable processing, generative modeling,
audio post-production, room acoustics, audio effects, music production.
student number: 2020-22847
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Chapter 1

Introduction

Sound is rarely delivered to listeners as is. A voice reverberates through its sur-
rounding environment before reaching a microphone; a guitarist shapes their tone
through a chain of pedals; and a mixing engineer balances dozens of tracks to
produce a final record. In each case, one or more physical, electronic, or compu-
tational entities transform an input signal into the audio we ultimately hear. We
refer to these entities as systems.

Recovering the unobserved causes of transformed audio is a long-standing
challenge in audio signal processing. Much of the literature focuses on estimat-
ing the input signal itself, as in denoising, dereverberation, or restoration from
nonlinear distortion. This thesis instead focuses on the equally important task
of estimating the system, or some properties of it, responsible for the observed

transformation.

What are the acoustic properties of the room captured in this recording?
What processing chain was used to produce this guitar tone?

How was this song mixed and mastered?

Such questions arise in a wide range of practical scenarios. For instance, in film
post-production, dialogue recorded on set is often re-recorded in a studio and then
made to sound as if it were captured in the original environment, which requires
estimating the acoustic properties of that environment from the original recording.

In music production, a producer may wish to replicate the sonic character of a



reference track, or an educator may want to analyze and decompose the mixing
decisions behind a finished record.

Unlike a signal, a system induces a mapping over signals; it therefore lives
in a different representation space and calls for dedicated methods. This thesis
investigates these inverse problems of audio systems using two modern techniques:

differentiable processing and generative modeling.

1.1 Inverse Problems

1.1.1 Definitions

We begin with a general formulation of an inverse problem [1, 2]. Let « denote an
input (or source) signal and y the corresponding observed (transformed) output,
related by

y = F(x). (1.1

We call F the true process, mapping input signals to their observed outputs. In
general, F is unknown, high-dimensional, or analytically intractable (and so, in
general, is the input ). To make F computationally tractable, we introduce a proxy

model:
9= f(x; H), (1.2)

where H is the system description, a finite-dimensional mathematical object that
characterizes the system (e.g., a single number, vector, matrix, integration kernel,
set of system parameters, program code, or natural-language specification), and
f(-; H) is the forward map, a computational procedure that applies H to an input
and produces an estimate of the output. The input z and output y can be a
vector, multiset, natural language, or another data type; the forward map can be
implemented as an analytical function, a general numerical procedure, or a neural
network.

Figure 1.1 summarizes the separation between a true process, its proxy for-
ward map, and the system description. In this formulation, the description H
specifies what the system is, while f specifies how it acts on signals. For example,

a matrix H is a description, while the matrix—vector product § = Hzx is the corre-
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Figure 1.1: Audio system modeling and description. (Left) The true process F
maps the input x to the observed output y; (right) the proxy forward map f uses
the input = and system description H to produce y = f(z; H).

sponding forward map. As another example, the true process F may be acoustic
wave propagation in a room. A proxy may describe this process using a partial
differential equation (PDE), with H representing boundary or material properties
and f denoting the numerical discretization and solver.

The gap between F and the proxy f(-; H) is a deliberate modeling choice. A
more expressive description space for H, or a more expressive forward map f,
can cover a wider range of behaviors of . A compact choice restricts what is
representable and thereby acts as an implicit prior. Expressivity, compactness,
interpretability, and controllability may trade off in practice, but none of these
relationships is necessary.

When the distinction between the true process and its proxy is not central to
the discussion, we suppress it and use f to denote both.

The inverse problem is to estimate one or more unobserved variables from the
available observation O, the collection of variables that are accessible. Common

variants include:

e O = (H,y): the usual (informed) inverse problem, where the system is

known and we seek to recover the input x.

* O = (z, y): both input and output are known, i.e., system identification or

reverse engineering.

* O = y: only the output is observed, i.e., blind estimation. One may wish to

recover x, H, or both jointly.

Our primary focus is on the system inverse problem, i.e., recovering the descrip-
tion H from the available observation. We elaborate on specific task variants in

the audio domain in Section 1.3.



1.1.2 Linear System

Before addressing audio systems, we illustrate the framework on a simple linear
system. Throughout this subsection, we take x € RM and y € R” to be finite-
dimensional vectors, and the description H to be a real matrix that acts on the

input by matrix—vector multiplication:
y= Hux. (1.3)

Given K input-output pairs sampled from this system, collected as columns
of X € RM*K and Y € RV*K, our goal is to estimate H. The number of pairs K
shapes the problem: when K < M the system is underdetermined and additional
priors are needed to identify a unique H; when K > M and X has full row rank,
the data alone constrain the solution. The quality of an estimate H is judged by a
goodness-of-fit metric d(y, ) between the observed output y and the model output
§ = Hz. Given K input-output pairs, a best-fitting estimate is therefore

K

H e arg minz d(yw, Hxy,) . (1.4)
H

k=1

The classical choice is the squared L, norm:
d(y, §) = lly — 9lI3- (1.5)
For a linear system y = Hx, this yields the well-known pseudoinverse solution:
H=vYX!=YyX"(XX")". (1.6)

Having both inputs and outputs available, i.e., the reverse engineering setting
(O = (X,Y)), is what makes this closed-form solution tractable; in the blind
setting (O = y), X is unavailable, so recovering the input, the system, or both
requires additional assumptions or priors on x, H, or their joint distribution.

The pseudoinverse is the minimum-norm least-squares solution under the L,
metric. What is defined to be similar or distant is ultimately domain-specific,

and the choice of metric shapes the problem: it determines the uniqueness of the



solution, the tractability of finding it analytically, and the computational landscape
of the search. Some combinations admit closed-form solutions, as the L, metric
does with a linear forward map. More generally, a metric may be differentiable or
non-differentiable, while the resulting objective depends jointly on the metric, the
forward map, and its parameterization. The resulting objective may be convex or

non-convex, with the latter being more common.

1.1.3 Ill-posedness and Ambiguity

Most real-world inverse problems, including those studied in this thesis, are ill
posed: an exact description may not exist, a best-fitting description may not be
unique, and the estimate may depend unstably on the observation.

Proxy mismatch can prevent the forward model from reproducing the ob-
servation exactly, leaving a nonzero irreducible residual even for a best-fitting
description. Even when a best-fitting description exists, it may not be unique.
Such ambiguity arises when the available evidence does not distinguish between
descriptions, either because the observations are limited or uncertain, or because
distinct descriptions produce equivalent behavior under the forward map. This
may result in multiple descriptions attaining the same minimum, or in several de-
scriptions becoming practically indistinguishable because they fit the observation
nearly equally well. In the latter case, small changes in the observation may also
lead to substantially different estimates.

Ambiguity can sometimes be removed in specific cases. For example, when it
arises solely from a known equivalence between descriptions, such as permutation
symmetry, one can choose a canonical representation or treat equivalent descrip-
tions as the same system. In general, however, the observation alone may not
determine which of several plausible descriptions should be selected. Additional
assumptions or prior information can then be used in two complementary ways:
regularized point estimation uses them to select and stabilize a single description,
whereas probabilistic inference uses them to characterize the relative plausibility
of different descriptions.

Regularized point estimation augments the data-fit objective with a preference



over descriptions:

H = argmin[d(y, f(z; H)) + Ar(H)], (1.7)

where r(H) favors descriptions with the desired properties and A controls its
influence. The regularizer can select among descriptions that fit the observation
equally or nearly equally well and can reduce the sensitivity of the estimate to
perturbations of the observation. Such preferences need not take the form of an
explicit penalty: the description space of H and the structure of the forward map f
can also restrict which solutions are admissible.

Probabilistic inference instead represents uncertainty over descriptions:
p(H | 0) o< p(O | H) p(H), (1.8)

where the likelihood p(O | H) describes how the observation may arise from a
given description, and the prior p(H) expresses which descriptions are plausible
before observing . The resulting posterior retains the relative plausibility of
multiple descriptions rather than requiring one of them to be selected. Depending
on what is observed, additional assumptions may also be required about the
input x or its relationship with H, particularly in blind settings.

The two formulations are closely related. When the data-fit term corresponds
to a negative log-likelihood and the regularizer to a negative log-prior, the reg-
ularized point estimate can be interpreted as a maximum a posteriori estimate.
Their outputs are nevertheless different: regularized point estimation returns a sin-
gle description shaped by the chosen preferences, whereas probabilistic inference

represents the uncertainty that remains over plausible descriptions.

1.2 Audio Systems

We now instantiate the framework for audio. Following the standard digital signal
processing convention, a system, filter, or operator f maps one or more input
signals to one or more output signals. Unless stated otherwise, signals are discrete-

time sequences such as z[n| and y[n], where n € Z is a discrete-time index.



The same ideas have continuous-time counterparts, but the thesis primarily uses

discrete-time notation.

1.2.1 Linear Time-Invariant (LTI) Systems

A system is linear if it satisfies the following superposition:

fla12y + axxs)[n] = ay f(x1)[n] + ay f(22)[n]. (1.9)

It is time-invariant if delaying the input by any amount delays the output by the

same amount:
f(z[ — E])[n] = f(z)[n — k] for any time shift k € Z. (1.10)

A system that satisfies both is referred to as linear time-invariant (LTI). Subsequent
subsections treat linear time-varying (LTV) systems, which keep linearity but drop
Equation (1.10), and nonlinear systems, which drop Equation (1.9).

An LTI system admits an impulse response representation: its response to a unit
impulse, denoted by the (possibly infinite-length) sequence h[n|, fully charac-
terizes the input—output behavior. Many distinct realizations (e.g., finite impulse
response (FIR) filters, infinite impulse response (IIR) filters, sparse delay lines, and
other digital-filter structures) can share the same impulse response and therefore
the same input-output behavior. Under this representation, the forward map is

the discrete-time convolution:

y[n] = (h*z)[n] = Z hlk] z[n — k]. (1.11)

k

Equivalently, the discrete-time Fourier transform (DTFT) turns convolution into

pointwise multiplication,
hln] = z[n] =5 H(e™*) X ('), (1.12)

where H(e/) = Y, h[n]e 7™ is the system’s frequency response, summarizing

its magnitude and phase behavior at each frequency. The duality between time-



domain convolution and frequency-domain multiplication makes filter design and
analysis natural in either representation [3, 4].

Assuming a causal system with one-sided indexing n > 0, zero initial condi-
tions, and a finite displayed truncation, convolution can equivalently be written

as a matrix—vector product with a lower-triangular Toeplitz matrix:

y[0] hlo] 0 2[0]
yl]| _ |Rl] R[O] O (1] . 113)

Alternatively, we may use a parametric model f with parameters P:
y =~ f(z; P) = h(P) x x. (1.14)

Many common LTI processors are described in this parametric form, including
digital filters and equalizers (EQs), with P being filter coefficients, pole-zero loca-
tions, or higher-level controls such as cutoff frequency, gain, or () value [5, 6].
The primary LTI domain considered in this thesis is room acoustics. Because
h is itself a signal, an LTI system can be estimated as a signal-domain inverse

problem.

1.2.2 Linear Time-Varying (LTV) Systems

When a system is linear but time-varying, i.e., its response to a fixed input changes
with time, the impulse response becomes a two-dimensional kernel h[n, k| indexed

by observation time n and lag k. The forward map generalizes to
y[n| = Z hin, k] z[n — k. (1.15)
k

The LTV description is therefore substantially higher-dimensional than the one-
dimensional LTT impulse response, and remains so even under framewise approx-

imations that treat the system as locally LTI within short frames. In matrix form,



this corresponds to a general (non-Toeplitz) matrix:

ylo]]  [nlo,0] 0 0 | |2[0]
y[1| _ [AL1] AILOD 0 ] fafl] ' (1.16)

2|~ |h2,2] R[2,1] R[2,0] -] |2

The LTI system is a special case where all rows are shifted copies of a single
vector. In practice, many audio systems are approximately LTI over short durations
but exhibit slow time variation, e.g., a room whose door is opening, a moving
source or listener, a time-varying filter, or modulation effects such as chorus or
flanger [7]. A canonical example in audio is short-time Fourier transform (STFT)-
based filtering [8]: the signal is decomposed into time-frequency frames X [k, m]
(where k is the frequency-bin index and m is the frame index), each frame is
multiplied by a complex mask M [k, m|, and the masked frames are inverted back
to the time domain. The mask varies with m, so the effective impulse response
changes from frame to frame, while the operation remains linear within each

frame.

1.2.3 Nonlinear Systems

A nonlinear system violates linearity (Equation (1.9)): the response depends on the
amplitude and content of the input, so a single impulse response no longer char-
acterizes the input—output behavior. The simplest case is a memoryless nonlinearity,
applied sample by sample:

yln] = o(afn)). (1.17)

When o admits a Maclaurin expansion [9], the output is a sum of integer-power

terms:

)
y[n| = Z k‘(O) x[n]*. (1.18)

oo
O'(k
k=0



Each z[n]* has a spectrum equal to the k-fold convolution of the input spec-
trum X (e):

2 n] EE (X % X %% X) (7). (1.19)
R ———
k copies

This effect is known as intermodulation: products in the time domain correspond
to convolutions in the frequency domain, generating harmonics and combination
components from a multi-component input. Many audio effects exploit this be-
havior deliberately: distortion and saturation enrich the harmonic spectrum via
intermodulation, while dynamic range processors such as compressors use input-
dependent gain to shape level over time [10].

Systems with memory (or state) require richer descriptions. Block-oriented mod-
els combine linear filters and memoryless nonlinearities. For instance, the Wiener—
Hammerstein structure cascades two linear filters around a memoryless nonlinear-
ity [11],

y[n] = (ha x o(hy * z))[n], (1.20)

with the Wiener (h, absent) and Hammerstein (h, absent) structures as special cases.

The Volterra series [12] provides a general polynomial description with memory,

Z Z hoplky, ... kyx[n — k- - - z[n — k), (1.21)

p=1ki,...

which subsumes the block-oriented forms at the cost of high-dimensional Volterra
kernels h,. The more general the description, the wider the behavior it can repre-
sent, but at the cost of size and interpretability.

A subtler family arises when the filtering operation itself looks linear but its
parameters depend on the input. A dynamic range compressor, for instance, applies
a gain determined by the smoothed input level. Because this gain depends on the
input and its recent history, the system is nonlinear and has memory [10, 13].

Because superposition does not hold, a single impulse response measurement
is insufficient: nonlinear system identification generally requires observing the

response across a variety of input amplitudes and content.
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1.2.4 Compositional Systems

The system classes above (LTI, LTV, nonlinear) describe the input-output behav-
ior of a single processor. This thesis treats specific LTV and nonlinear systems
mainly through their composition: rather than identifying arbitrary LTV or nonlin-
ear behavior in isolation, we focus on the case where many such processors are
connected in a graph. A mixing engineer, for instance, chains an equalizer into a
compressor into a reverb send, and a mastering chain stacks several processors in
series and parallel [14, 15].

Composition is orthogonal to the LTI/LTV/nonlinear distinction: a single
graph may contain processors of any of those classes. We formalize such a system
as an audio processing graph G = (V, E) with the following structure: heterogeneous,
in that the nodes may be processors of different types (filters, dynamic range pro-
cessors, modulation effects, and so on); directed, in that each edge points from a
producing node’s output port to a consuming node’s input port, following signal
flow; acyclic at the graph level, forming a directed acyclic graph (DAG). The most
general case is a heterogeneous multigraph with cycles, but graph-level cycles
create algebraic dependencies that complicate topological execution; this thesis
therefore treats feedback as occurring inside individual processor nodes (e.g., IIR
filters, recursive reverberators) while the graph-level structure remains acyclic.
Where multi-channel routing requires it, two nodes may be connected by multiple
parallel edges distinguished by their port or channel indices, making the graph a
multigraph; this extension is adopted only where needed. Each node v; € V is a
processor whose categorical type ¢; is part of G and whose processor parameters p;
contain settings such as gain, cutoff frequency, or threshold. The processor takes

input signals and produces output signals:

W0 R = AL e p), 22)

where M and NN are the numbers of input and output channels, respectively. Here,
input and output channels refer to graph inlets and outlets, not necessarily to the
number of audio channels carried by each signal. Each edge e;; € E carries a

type attribute ¢;; = (k,[), a tuple of output and input channel indices specifying
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which output port of node j connects to which input port of node i. An edge
may additionally carry a parameter p,;, such as a gain. When multiple edges are

connected to the same input, the incoming signals are summed:

wWhl= Y y¥nl, (1.23)
(4, k)EN*(4,1)

where N'*(i,1) denotes the collection of nodes and channel indices that send their
output signals to the [-th input of node 7.

The full system description is H = (G, P), where G contains the connectivity,
processor types t;, and routing types ¢;;, while P = {p; }iev U{pi; } i,y cr contains
the node parameters and, when present, the edge parameters. These parameters
are typically continuous. The forward map executes the graph in topological or-
der, which is well-defined thanks to the graph-level acyclicity assumed above,
producing the output:

= f(z; G, P). (1.24)

When G is understood as an executable graph, we also write the same mapping
asy = G(x; P).

Figure 1.2 shows an example graph. An input audio signal z, e.g., a vocal
recording, enters an [in] node, is split by a [crossover] into low- and high-
frequency branches, processed by separate [distortion] nodes, summed by
[mix], and sent to [out] to produce § = f(x; G, P). Also, a control node
[stereo_1fo], a low-frequency oscillator (LFO), modulates the crossover fre-
quency of the [crossover] processor, illustrating how such graphs combine
interpretable routing, processor selection, and parameter control.

The primary compositional domain considered in this thesis is musical signal
processing, including audio effects, mixing, and mastering.

Crucially, composition only introduces new input-output structure when it
is non-reducible. Cascading two LTI impulse responses yields another impulse re-
sponse (their convolution h, * h,), so for input—output behavior the graph structure
carries no information beyond the equivalent single response; the graph may still
be useful as an editable decomposition that exposes individual stages to a practi-

tioner. By contrast, composing an LTI system with a nonlinear processor, or two
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in crossover | | distortion mix | out
out in low in out in out in

freq [S00Hz] high gain [6.00dB]
hard [0.50]
E asym [0.00]

stereo_Ifo [ distortion
freq [2.00Hz] out in out

offset [1.00] gain [12.0dB]
delta [3.14] hard [0.80]
asym [0.50]

Figure 1.2: An example audio processing graph G.

nonlinear processors, produces a system whose behavior depends on the order
and connectivity of the components. In such cases, the graph topology G becomes
a meaningful, and necessary, target of estimation, alongside the parameters P.
Estimating (G, P) in this way describes a complex system as a structured arrange-
ment of interpretable processors, in contrast to modeling the same audio-to-audio
mapping with a single black-box neural network [16, 17].

Table 1.1 consolidates the notation introduced so far for the general inverse-
problem framework and its instantiations in the two audio domains we now

consider.

1.3 Tasks of Interest

We now outline the two broad problem areas addressed in this thesis.

1.3.1 Room Acoustic System Estimation

Sound propagation in an enclosed space can be reasonably well modeled by the
linear acoustic wave equation [18], a PDE whose closed-form solution exists only
in idealized special cases (e.g., a point source radiating in free space, or a per-
fectly rectangular room with simple boundaries); for the irregular geometries and
frequency-dependent boundaries of practical rooms, no analytical solution is gen-
erally available, and tractable proxies are required. The most common proxy is the
LTT assumption: when the source and receiver positions and orientations are held

fixed and the room itself is static, the point-to-point acoustic response can be rep-
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resented as an LTI system characterized by its room impulse response (RIR) h[n].
Estimating the RIR, or some parametric representation of it, from observed audio
is a long-standing problem with applications ranging from automatic dialogue
replacement (ADR) in film post-production to spatial audio rendering in virtual
and augmented reality and acoustic design of performance spaces [19, 20, 21].

Depending on the application, different proxies are appropriate. An artificial
reverberation model, an efficient recursive filter that emulates the perceptual ef-
fect of reverberation rather than simulating sound propagation directly, provides a
compact, interpretable description whose parameters control perceptually mean-
ingful attributes such as reverberation time (RT) and coloration, suitable when
controllability is important [22, 23, 24]. The RIR itself, treated as a free-form signal,
provides maximum expressivity within the LTI assumption, but it does not by
itself provide compact semantic controls. A geometric acoustics model, such as
acoustic radiance transfer (ART) [25, 26], instead describes how acoustic energy
propagates through the space, parameterized by surface material and scattering
properties, and enables position-dependent prediction from sparse measurements.
This is a different inverse problem from estimating a single point-to-point RIR,
since its target is an acoustic field over many source-receiver configurations rather
than one fixed pair.

Two practical setups motivate this thesis. In ADR and foreign-language dub-
bing, the re-recorded take must be processed to match the on-set acoustic context;
the technical core is estimating or matching the on-set reverberation from avail-
able reference audio. In spatial audio for virtual and augmented reality, the listener
moves continuously through a synthetic or scanned three-dimensional environ-
ment, so a single fixed RIR is insufficient; the requirement is a forward acoustic
model that can render plausible reverberation at arbitrary source-receiver posi-
tions [27, 28].

1.3.2 Audio Processing Graph Estimation

In music production, the system of interest is a compositional signal processing
chain: a graph of audio processors (G, P) that transforms dry recordings into

a finished mix or a processed audio signal. Unlike room acoustics, the system
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description is inherently mixed: it comprises both the discrete graph topology
(which processors, how they are connected) and continuous parameters (gain,
EQ, compression settings).

The problem takes two forms, depending on what is observed. When both the
dry sources and the mix are available, recovering the processing graph amounts
to reverse engineering of the mixing decisions [29, 30, 31]: the recovered (G, P)
is a model-dependent explanation of how the dry stems map to the mix, useful
for remixing, remastering, educational analysis, and the construction of pseudo-
labels for downstream automatic mixing research where reliable real-world graph
annotations are otherwise unavailable. When only the processed output is ob-
served, the problem becomes blind estimation of the graph, which is substantially
harder, since the estimator must factor out source-dependent content while infer-
ring processing cues; it is nonetheless relevant for analyzing finished commercial
recordings whose dry stems are inaccessible.

Recovering such graphs enables several practical use cases. Educational anal-
ysis can expose plausible routings and processor hypotheses for a reference mix;
large-scale empirical study becomes possible when these estimates are treated as
model-dependent evidence rather than ground truth [32, 33]; and production-
assistive tools can compare an in-progress mix against estimated reference graphs

to surface candidate differences for human review.

1.4 Key Challenges

The inverse problems studied in this thesis are governed by the joint choice of a
system description H, a forward map f(-; H), and an inference procedure that
estimates /1 from the available observation O. This choice determines not only
the achievable fidelity, but also what information can be recovered, how the recov-
ered system can be edited, and whether the method can be trained or deployed at
practical scale. The following challenges therefore cut across both domains con-
sidered in this thesis: room-acoustic systems and compositional music-production

systems.

e Expressivity: can the proxy f(-; H) approximate the true process F well? Any
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behavior outside the range of f(-; H) over the allowed space of H remains

an irreducible error of the modeling choice.

Controllability: once we have an estimate H , can a practitioner read it, edit it,
and reuse it? This is distinct from how accurately H reproduces the observed
audio: a free-form RIR is reusable for convolution but exposes no acoustic
controls, while a parametric reverberator exposes controls at the cost of a

smaller behavior set.

Optimization landscape and objectives: even if f is expressive enough, can we
actually find an H that minimizes the chosen objective £? The landscape of
L(H ) is shaped jointly by the description, the forward map, the input/output
distributions over (z,y), and the optimization procedure itself; feedback
structures, recursive parameterizations, and discrete components make it
non-trivial. £ is also a proxy for the desired notion of correctness, so low

loss does not guarantee perceptual or system-level quality.

Data efficiency and robustness: does the method work with the data actually
available? For example, measured RIR datasets cover only a limited range of
rooms, source-receiver configurations, and measurement conditions [34, 35],
while large-scale datasets pairing real mixes with complete, verified process-
ing graphs and parameters are not available. Estimators must therefore be
data-efficient, use synthetic supervision, or both, and remain robust to noisy,

biased, or mismatched evidence.

Scalability: does the estimator remain useful as the data, computational bud-
get, description resolution, or structural search space grows? For example,
finer geometric discretization increases the number of simulation variables,
longer token sequences increase generation cost, and larger processor sets

expand the combinatorial search space.

Hardware/software compatibility: do the available hardware, software envi-
ronments, and APIs permit the desired forward model to be implemented
correctly and efficiently for training and deployment? Sample-wise recur-

sion and feedback may map poorly to graphics processing units (GPUs),
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while recursive filters, discrete choices, and graph routing may not integrate
directly with automatic differentiation frameworks. They can therefore re-
quire frequency-domain or batched reformulations, constrained parameter-
izations, surrogate gradients, or specialized sparse operations [36, 37, 38, 39],

which may introduce approximation or alter the system being trained.

1.5 Methodology

Audio system inverse problems present several challenges, and this thesis orga-
nizes them around two complementary methodological perspectives: differentiable
processing, which makes an explicit forward system amenable to gradient-based
optimization, and generative modeling, which learns a distribution over plausible
system descriptions. Figure 1.3 illustrates their distinct estimation mechanisms:
panel (a) depicts direct gradient-based fitting from an input-output pair, whereas

panel (b) depicts sampling in the blind setting, where y is the observed audio.

1.5.1 Differentiable Processing

Gradient-based adaptation of signal processing parameters predates modern au-
tomatic differentiation frameworks [40]. Exact and approximate gradients were
developed for recursive filter structures [41, 42, 43, 44] and for neural networks
whose units contained FIR or IIR filters [45, 46]. Before general-purpose automatic
differentiation, these methods typically required a backward computation derived
for the particular processor or architecture.

General-purpose automatic differentiation frameworks removed this require-
ment. Once a processing operation is written as a composition of differentiable
primitives, its derivatives are obtained automatically and compose with those of
any connected neural network. The differentiable digital signal processing (DDSP)
framework [47] applied this to sound synthesis, pairing a neural network with a
harmonic-plus-noise synthesizer based on spectral modeling synthesis [48]. The
network predicted the synthesizer controls, and an audio-domain loss trained both
parts together end to end. The explicit synthesizer supplied domain structure and

interpretable controls, while the network learned how those controls varied with
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the input, placing the combination between fixed parametric modeling and un-
constrained neural synthesis [47, 49].

Subsequent literature uses differentiable processing as an umbrella term for
methods that make signal processing operations available to gradient-based op-
timization [49]. Processors composed of differentiable primitives can use auto-
matic differentiation directly [47]. Recursive or sequential processors may instead
use backpropagation through time [38], frequency-sampled nonrecursive approx-
imations [36, 37, 6], or analytically derived backward passes [50]. Constrained
parameterizations can maintain stability or other validity conditions during opti-
mization [6, 51]. Discrete or non-smooth operations can use continuous relaxations
or straight-through gradients [52, 53, 39]. When an ordinary derivative provides
a poor search direction, a surrogate computation can supply the backward signal,
as in delay estimation [54]. For black-box processors, gradients can be estimated
numerically, including through finite differences or simultaneous perturbation
stochastic approximation [55, 56, 57], or supplied by a neural proxy [57]. These
routes may differentiate the original processor, an approximation, or a proxy, trad-
ing forward fidelity, backward-signal quality, and computational cost.

A usable backward signal does not by itself provide an effective search direc-
tion. The optimization landscape depends jointly on the processor, its parame-
terization, the metric, and the compared signals. Sinusoidal-frequency estimation
under a spectral loss is a standard example, with proposed remedies including a
complex-exponential surrogate for the oscillator [58] and redesigned spectral ob-
jectives [59, 60]. Expressivity, computational differentiability, and optimizability
are therefore distinct properties.

For system inversion, let £ = d(y,y) be the audio-domain loss, where § =
f(z; H) is the output audio. The relevant backward path runs from this loss
to the continuously parameterized variables in the system description H being
estimated. Differentiability with respect to the input x alone is insufficient. For

amortized estimation, a neural estimator g, with parameters 6§ maps the available
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observation O to H = g4(O). The forward and backward computations are

0% g @) g — ) p (1.25a)
T 0 T 9) "
VL (9H/06) e (09/0H) VL (0£/07) 1. (1.25b)

Direct optimization treats H itself as the optimization variable, whereas amortized
estimation propagates the gradient through gy to 0.
For direct optimization, let p,,s denote the distribution of input—output obser-

vations governed by the same unknown system. A basic data-fit objective is
H € arg min By gy, [d(y, f (3 H))]. (1.26)

This objective is solved anew for each unknown system using the H — § — L
portion of the backward path. Figure 1.3(a) illustrates this direct formulation as
local search over the description space. The objective defines the best-fitting target,
but gradient descent may follow different trajectories from different initializations
and converge to distinct local minima, including descriptions that produce similar
output audio. It does not guarantee a globally preferred solution.

A neural estimator instead amortizes estimation across a training distribution

Dirain OVEr Observations, inputs, and outputs. Its shared parameters are learned by

NS argeminEw,x,y)mm [d(y, f(z;90(0)))] . (1.27)

The estimator input O need not contain every variable used to evaluate the training
objective. In blind estimation, for example, the estimator may receive only O = y,
while the corresponding input x is available during training to render the predicted
system. Once trained, gy predicts H without optimizing it separately for each
observation. This amortizes rather than eliminates optimization: the instance-
specific search over H is replaced by training the shared parameters 6.

Both objectives supervise the description through the output audio. Direct op-
timization therefore requires no ground-truth H, and the neural estimator can
likewise be trained from input-output examples without description labels. As

written, both are point-estimation formulations: they select a description rather
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than represent a distribution over alternative descriptions. Once the description
space and forward map are fixed, differentiable processing searches only within
the chosen proxy; it neither expands that proxy’s representational range nor re-
solves ambiguity between descriptions that the available observations cannot dis-

tinguish.

1.5.2 Generative Models

A generative model learns a sampling procedure whose outputs follow a probabil-
ity distribution over a data space. In this thesis, that data space consists of audio
system descriptions, such as RIR representations and processing graphs, rather
than output audio signals themselves. Writing all randomness used by the pro-
cedure as Z, a sample of the system description can be viewed generally as the

pushforward of a simple base distribution p; through a learned map 7:

H=Ty(Z), Z~pg, pu = (To) 4 pz- (1.28)

This view only states how the learned distribution is induced; it does not require
either H or T, to be continuous. A variational autoencoder realizes Ty as its
decoder [61], anormalizing flow as a composition of invertible transformations [62,
63],and a generative adversarial network as its generator [64]. Diffusion models [65,
66, 67] and flow-matching models [68] instead obtain the sample at the end of a
learned transport from base noise.

When a system description is discrete, or can be encoded as a sequence of

discrete tokens H = (h4,..., hr), its joint distribution can be modeled autore-
gressively [69, 70]:
T
p(H) =[] p(he | heo). (1.29)

t=1
Applying this factorization requires both a discrete representation and an order in
which its tokens are generated. A sequence supplies that order directly, whereas
a set or graph requires a chosen serialization or generation order. This thesis
applies the construction to quantized RIR tokens and to serialized node and edge

tokens of audio processing graphs. For system inverse problems, the distribution
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is conditioned on the observation, yielding p(H | O) and, in the autoregressive
case, factors p(h; | h<;, ©). The models considered here learn this conditional
distribution directly from paired or synthetically generated data.

Figure 1.3(b) represents this conditional distribution as potentially multimodal:
its samples can occupy distinct plausible modes rather than being tied to the basin
of a particular per-instance initialization. This removes per-instance optimization
and can represent ambiguity through multiple samples, but its coverage is limited
by the training distribution, the chosen representation of H, and the training
objective.

Taken together, these perspectives show that the choice of proxy and the choice
of inference procedure are conceptually distinct but interdependent in practice.
The description space of H and the forward map f determine what behavior can
be represented and how the resulting system can be controlled, while the require-
ments of inference determine which proxy choices are practically usable. Differen-
tiable processing requires a forward computation with tractable and informative
gradients, which may restrict the proxy or motivate a differentiable reformula-
tion. Generative modeling instead requires the description to admit a learnable
representation and the training data to sufficiently cover its distribution. Once a
proxy is fixed, however, both approaches inherit the same representational ceiling;
their differences then concern how plausible descriptions within that proxy are

estimated or represented.

1.5.3 Hybrid Approaches

The two perspectives are not exclusive, since a description can be factorized and
each part assigned to whichever mechanism matches its structure. Where a well-
established domain structure exists, a differentiable forward model represents
that part compactly and keeps its parameters inspectable; where the structure
is discrete or not available in closed form, a generative model supplies it. Many

combinations follow from this idea, and this thesis explores a few of them.
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1.6 Contributions and Thesis Organization

This thesis organizes its contributions along two axes: the type of target system (LTI
vs. compositional) and the methodology (differentiable processing vs. generative

modeling). Table 1.2 summarizes their organization.

1.6.1 Chapter-by-Chapter Contributions

Differentiable Artificial Reverberation (Chapter 2) — Artificial reverberation
comprises a long lineage of compact digital-filter structures that mimic reverberant
responses through parameters controlling decay, coloration, and echo density [71,
72,73]. The inverse problem here is to infer such parameters from a reference RIR or
a reverberant speech signal; earlier reverberator-specific analysis and parameter-
matching methods were designed for particular reverberator structures [74, 75, 76],
while learning-based estimators were likewise tied to a single reverberator and
trained against its parameter targets [77].

In contrast, differentiable artificial reverberation (DAR) provides a unified ap-
proach for converting several reverberator structures into differentiable counter-
parts and closes the loop end-to-end: a neural network predicts the parameters, the
differentiable reverberator generates the corresponding impulse response, and the
loss is computed on that impulse response. The main obstacle is computational,
since many reverberators rely on IIR filters or feedback structures whose sequential
evaluation is inefficient on GPUs; building on differentiable processing [47] and
differentiable filter design [37], the chapter replaces these recursive components
with FIR approximations via the frequency-sampling method, and systematically
analyzes the parallelization of recursive filters in this framework. After train-
ing, the estimated parameters can be used with the original reverberators rather
than their FIR training surrogates. Experiments show consistent improvements
over non-end-to-end baselines in objective measures and listening tests, with the
frequency-sampling approximation shown to be acceptable for the training objec-

tive.

Differentiable Acoustic Radiance Transfer (Chapter 3) — The next shift is from

single source-receiver responses to acoustic field learning under geometric acous-
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tics: the target is to predict acoustic responses for unseen source-receiver config-
urations from sparse measurements and an approximate room geometry.

The technical basis is the acoustic rendering equation [25], an acoustic ana-
logue of the rendering equation in graphics [78]; ART solves it by discretizing
time- and direction-dependent energy exchange between surface patches, with
material or scattering parameters governing how incident energy is redistributed
over outgoing directions. The image source method [79] and recent differentiable
image source models [28] provide a different geometric acoustics model, while
neural acoustic field models [27, 80] provide data-driven alternatives. Differen-
tiable acoustic radiance transfer (DART) [81] instead retains an explicit physical
forward model and makes it optimizable with flexible learnable material prop-
erties; kernel decomposition, frequency-domain computation, and sparse storage
make end-to-end optimization computationally feasible. On sparse-measurement
scenarios, this physically structured model generalizes better than interpolation,
signal processing, and neural network baselines for energy response prediction,
including under moderate geometric distortion, while remaining simple and in-

terpretable.

Autoregressive Modeling of Neural Discrete Representations for Room Impulse
Response Estimation (Chapter 4) — The RIR estimation thread then returns from
spatial acoustic fields to single-response RIR estimation, focusing on the generator
inside neural RIR estimators. This chapter starts from the observation that a typical
estimator pairs a reference encoder with a generator that synthesizes the implied
RIR, and the generator largely determines which temporal, spectral, and perceptual
structures are reachable. Existing generators include filtered-noise models [82],
differentiable artificial reverberators [83], and convolutional decoders [84]. This
chapter instead learns a discrete time-frequency representation of RIRs and casts
estimation as conditional token generation, adapting the body of work on discrete
audio-token generation [85, 86, 87] to the system estimation setting [88].

With residual quantization, an autoencoder encodes each local patch in time
and frequency as a sequence of discrete codebook indices, where later indices
refine earlier ones; the resulting RIR is a three-axis token tensor over frequency,

time, and quantization depth. Conditioned on reference audio, a transformer then
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predicts these tokens autoregressively, and the trained autoencoder decoder re-
constructs the RIR. Recent autoregressive modeling techniques that operate over
sequence and depth [86, 89, 87] are extended to also handle the frequency axis,
and their performance and computational tradeoffs are explored. On blind RIR
estimation and acoustic matching, the proposed generator is generally preferred to
the baselines under both objective and subjective criteria, with ablations indicating
that both discretization and autoregressive modeling are important.

A hybrid extension further pairs the discrete generator with a differentiable
filtered-noise decoder for late reverberation to reduce the token budget and im-
prove inference on a central processing unit (CPU), illustrating how generative
and differentiable components can be combined when each addresses a different

part of the system structure.

Differentiable and Efficient Computation of Audio Processing Graphs (Chap-
ter 5) — The compositional half begins with the forward model itself: how an audio
processing graph is represented and how it is computed differentiably. Prior dif-
ferentiable audio frameworks supply individual processors or a fixed processing
chain [47, 90], so the routing is decided in advance and stays outside the com-
putation. This chapter instead represents the system as a heterogeneous graph of
multi-input multi-output (MIMO) differentiable processors, where the topology is
part of the description. Evaluating such a graph node by node underuses parallel
hardware, since the nodes are of different types and the topology may change
between optimization steps; the chapter therefore renders it by grouping same-
type processors for parallel execution and batching distinct graphs together. The

implementation is released as an open-source PyTorch library [91].

Reverse Engineering of Music Mixing Graphs with Differentiable Processors
and Iterative Pruning (Chapter 6) — With the renderer in place, the next problem
is reverse engineering of music mixes: given dry source tracks and a target mix,
the goal is to infer a graph of audio processors and parameters that maps the dry
sources to a close match of the mix [54, 92]. The chapter extends prior reverse
engineering work from linear approximations [29] and fixed processor chains [30,
93] to the compositional structure of mixing, where different tracks and subgroups

may pass through different subsets of processors before being combined; many
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graphs can produce similar audio, so the method imposes a structured search
space rather than claiming unrestricted recovery.

The differentiable mixing console [14] is the closest mixing-domain predeces-
sor, but it does not search for sparse graph structure. The method begins with
an over-complete mixing console (every available processor placed on every track
and subgroup), whose continuous parameters are optimized by gradient descent
against an audio-domain matching loss. The graph is then simplified by itera-
tive pruning [94]: candidates whose removal has negligible effect are dropped,
the remaining parameters are fine-tuned, and the process repeats until a chosen
sparsity—quality tradeoff is reached, with batched graph execution and dry/wet
controls used as approximate importance scores to keep the cost manageable.

With suitable tolerance, the experiments show that pruning can remove
roughly two-thirds of the processors while preserving the quality of the full
console, and the resulting graphs support both individual mix analysis and

large-scale graph-data collection.

Blind Estimation of Audio Processing Graphs (Chapter 7) — The final compo-
sitional chapter removes the dry input and addresses blind estimation of audio
processing graphs from reference audio alone. Unlike Chapter 6, the dry source
signal is unavailable, so the model must infer processing cues while ignoring
source-dependent content.

General graph generation [95] and TokenGT [96] provide the basis for token-
based graph decoding. Prior audio reverse engineering methods assume dry in-
puts or simpler processor chains [30, 97], whereas this chapter operates on pro-
cessed audio alone. Since no large public corpus pairs processing graphs with
reference audio, the model is trained on a synthetic graph-reference dataset. A
convolutional reference encoder maps the audio to a latent representation, and a
transformer-based graph decoder first reconstructs the connectivity and categori-
cal node and edge types autoregressively; continuous node and edge parameters
are then assigned.

Compared with prior reverse engineering work, this is an early formulation
of audio processing graph estimation as a machine learning problem and a gen-

erative modeling approach to audio system inverse problems, with a systematic
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investigation of autoregressive decoding strategies for graph token sequences. On
singing voice effects and drum mixing tasks, exact graph recovery remains difficult
when evaluated on source audio outside the training distribution, but the model
recovers important local and global routing patterns including multi-band pro-
cessing and sidechaining, and the rendered audio can remain perceptually similar
to the reference. A differentiable-rendering extension further refines the contin-
uous parameters against the reference audio, improving audio-domain metrics

while leaving the discrete topology fixed.

1.6.2 Broader Impact

The framing of system estimation in terms of differentiable processing, generative
modeling, or combinations of the two may also apply to other audio systems and,
more broadly, to mechanical and other physical systems. Examples include ma-
chinery condition monitoring, where structural impulse responses replace RIRs
and stiffness or damping coefficients replace surface material properties, and sen-
sor calibration, where the estimated description is a transducer response or a

microphone array geometry.
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Chapter 2

Differentiable Artificial Reverberation

2.1 Introduction

Artificial reverberation (AR) models are efficient digital filters that approximate
reverberant responses with compact and controllable parameters, such as decay,
coloration, and echo density [22, 23, 24]. AR models have been applied to room
acoustic enhancement [98], auditory scene generation [99, 100], post-production
[77], and many more.

Nevertheless, estimating the AR model parameters (ARPs) that match a ref-
erence reverberation remains challenging: the forward mapping from ARPs to
generated reverberation is highly nontrivial, and the inverse mapping from a ref-
erence reverberation back to ARPs is consequently difficult and often non-unique.
We refer to this task as analysis-synthesis when the reference is a room impulse
response (room IR, RIR). When the reference is indirectly provided with a rever-
berant signal, i.e., an RIR convolved with a dry signal, we refer to this task as blind
estimation. We limit the scope to reverberant speech signals in this chapter.

ARP estimation is a classical problem, and various attempts have been made
[74, 75, 73, 76]. However, they are often tied to a specific AR model (AR-model-
dependent) or to a specific reference form (task-dependent). This inflexibility is
problematic since different applications may require different AR models and
different observations, such as RIRs or reverberant speech.

We address these limitations with differentiable artificial reverberation (DAR)
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(b) Inference-time usage of the trained ARP estimation network. Each DAR model is used as a
differentiable training surrogate for its original AR model. After training, estimated ARPs can
be plugged into the AR model, which is highly efficient and real-time controllable in CPU.

Figure 2.1: The proposed ARP estimation framework.

models. Each DAR model takes ARPs as input and generates its corresponding
AR model’s IR (see Figure 2.1a). After computing a loss between the generated
IR and the reference RIR, the loss gradients can be back-propagated through the
DAR model to the estimated ARPs. As a result, an ARP estimation network can
be trained end-to-end with a loss on the generated IR, rather than a manually
weighted parameter-matching loss. The same reference encoder can be reused
across tasks and DAR models; only the lightweight projection layers differ per
DAR model.

Since the AR models are exactly or close to linear time-invariant (LTI), we can
in principle implement them differentiably “as is” with their difference equations
[44, 45, 46, 38]. However, recurrent sample generation of their infinite impulse

response (IIR) or near-LTI recursive components limits the training speed when
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the model is executed on a parallel processor, such as a GPU. To address this bot-
tleneck, we replace these recursive components with finite impulse response (FIR)
approximations using the frequency-sampling method [36], following differen-
tiable filter design work [37, 6]. This way, each DAR model becomes an FIR-based
training surrogate whose IR can be generated without any recurrent step. Using
this technique, we present differentiable Filtered Velvet Noise (FVN) [73], Advanced
Filtered Velvet Noise (AFVN), and Delay Network (DN) [101, 102]. The DAR mod-
els are not identical to their originals, but the approximation errors are small
enough for reliable end-to-end training; the experiments below also show that
the optimization benefit outweighs the surrogate error when compared with non-
end-to-end baselines using the same AR structures. After the training, we can use
the estimated ARPs with the original AR models for efficient computation (see
Figure 2.1b).

2.2 Related Works

2.2.1 Differentiable Digital Signal Processing

Differentiable digital signal processing (DDSP) imports structured DSP compo-
nents into deep learning frameworks, allowing their parameters to be optimized
through audio-domain losses while retaining useful inductive biases and inter-
pretable controls [47]. In the case of LTI filters, both FIR and IIR filters are differen-
tiable and can be implemented as convolutional and recurrent layers, respectively
[44, 45, 46, 38]. Since recurrent IIR evaluation can bottleneck batched training,
frequency-sampling has been used to approximate IIR filters with FIR filters in
differentiable parametric equalizer design [36, 37, 6]. We use the same principle to
implement complete AR models as differentiable FIR-based training surrogates,

and we analyze the reliability of this approximation for ARP estimation.

2.2.2 ARP Estimation

Analysis-synthesis — Various methods have been proposed to systematically

and automatically estimate ARPs that mimic certain characteristics of a given RIR.
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Some works first extract perceptually relevant features from the RIR, then estimate
the ARPs from them. For example, feedback delay network (FDN) parameters were
derived from the RIR’s energy decay relief (EDR) representation which encodes the
frequency-dependent reverberation decay [74]. Along with the FVN and AFVN,
a parameter estimation algorithm based on linear prediction was proposed [73].
Another thread of work utilizes optimization. A genetic algorithm was proposed
to find the FDN parameters that achieve the desired “fitness” to the reference RIR
[75]. Since these methods assume availability of the RIR, they cannot be directly
applied to the blind estimation task.

Blind Estimation — End-users (e.g., audio engineers) often interact with AR
models through audio plug-ins. As a result, several attempts have been made to
implement blind estimation algorithms for plug-ins. For example, a preset rec-
ommendation method based on the Gaussian mixture model was proposed [76].
DNNs were also trained for plug-in parameter estimation and preset recommen-
dation [77].

While these methods have shown promise, there is still room for improvement.
First, they generated the training data using the plug-ins to train their models.
However, this procedure may be time-consuming, and relying on data generated
with a single plug-in may increase the generalization error. Second, their training
objectives could be suboptimal. When the task is defined as parameter regression
[77], one must weigh each parameter’s perceptual importance and apply it to the
loss function design, which is a highly challenging task. When the task is defined as
classification [76, 77], it could suffer from scalability problems. Finally, most plug-
ins provide only a few parameters, and each of them controls multiple internal
ARPs simultaneously. This might limit the performance due to the reduced degree
of freedom.

DAR models tackle these problems by replacing the parameter-matching objec-
tive with an end-to-end loss on the generated IR. Since the loss directly compares
the estimated IR with the ground-truth RIR, we can use RIRs for training without
obtaining ground-truth ARPs. We also estimate internal ARPs directly instead of

relying on the smaller set of plug-in parameters.

Two-Stage Approaches — Note that both analysis-synthesis and blind estimation
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tasks can be divided into two subtasks. First, we can obtain reverberation param-
eters, e.g., reverberation time, from a given reference (reference-to-reverberation
parameters). We can directly compute the parameters from the RIR [103] for the
analysis-synthesis case. For the blind estimation, various methods have been pro-
posed [104, 105, 106, 107]. Then, we can tune the ARPs to match the desired re-
verberation parameter values (reverberation parameters-to-ARPs) [108, 109, 110].
This two-stage approach can be a possible alternative to our single-stage end-to-
end estimation method. However, perceptually different reverberations can have

the same reverberation parameters, resulting in information loss.

2.2.3 Modeling Reverberation in the Deep Learning Framework

An alternative to DAR is to generate an RIR directly using a learned model. A high-
order FIR can be used directly as an RIR model [47], and neural reverberators can be
controlled through conditioning methods [14, 111] or paired with a differentiable
RIR generator and a parameter estimator [82]. DAR instead keeps the estimated
description inside a classical AR model. This restricts the model to the chosen
AR structure, but the resulting parameters are interpretable and controllable,
the structure helps prevent unexpected artifacts, and the original sparse IIR/FIR

implementation remains efficient for CPU rendering.

2.3 Frequency-Sampling Method for Differentiable
IIR Filters

For any real IIR filter H, its frequency response H (e’*) is continuous, 27-periodic,
and conjugate symmetric. We frequency-sample H (e’*) at angular frequencies wy, =
2nk/N, k = 0,---,|N/2], to obtain its FIR approximation [36]. We denote the
frequency-sampled filter with subscript IV, i.e., Hy.

Hylk] = H(e?**). (2.1)
Note that the frequency-sampling can also be defined on transfer functions, e.g.,

H(z) with z = e/*.
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Since each sampling is independent and commutes with basic arithmetic op-
erations, we can frequency-sample an IIR filter by combining frequency-sampled

m-sample delays (z7™)y € CLY/21+1 as follows,

Hylk] = (z?f_o m-m) K] = Zmeo A (") lk] 22)

Z%:O Oémzim ZnAfLI:O am(’zim)N[k‘]

Since (27™)x[k] = e 72™*m/N using the widely used deep learning libraries, we

obtain (z7™)y as a tensor z_m by

angle = 2*pixarange (N//2+1) /N, (2.3a)
z_m = e*xx (—~ljrxanglex*m). (2.3b)
Then, we apply equation (2.2) to z_0, - - - , z_M with basic tensor operations and

obtain every sample of Hy in parallel. A time-domain representation of Hy is a
length-N FIR hy[n], inverse discrete Fourier transform (inverse DFT) of H y[k],

ie.,

=2

hnln] = % Hy[kle (u[n] — ufn — N]) 2.4)

=~
Il

where u[n] is a unit step function.

Therefore, using the frequency-sampling method, we can replace any IIR filter
H with an FIR h y [n] whose convolution is efficiently computed via the fast Fourier
transform (FFT). In this chapter, the “differentiable IIR” filter refers to Hy, which

is in fact an FIR filter.

2.3.1 Reliability of the Frequency-Sampling Method

Every IIR filter’s frequency response has “infinite bandwidth” (in the time domain)
so that frequency-sampling causes time aliasing [4]. Specifically, the frequency-

sampled IR hy[n] is the sum of length-N segments of the original IR A[n].

hx[n] = ih[m]\f—i-n](u[n] —u[n — NJ). (2.5)

m=0
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Since the energy of every stable IIR filter’s IR decays over time, more frequency-
sampling points IV give less time aliasing, i.e., a closer approximation (see Fig-
ure 2.2). Therefore, we can use the differentiable filter H in place of the original
H to match a reference response Hges. We elaborate this with the following ana-

lytical results.

Time Aliasing Error — If H has M distinct poles where each of them v; € C has
multiplicity r; € N, the time aliasing error asymptotically decreases as N increases
as follows,
M
|IH — Hylla =>_ O(N"' |y ™). (2.6)
i=1
Response and Loss Errors — For the response-matching error itself, the reverse

triangle inequality gives a direct bound in terms of the time aliasing error:
[ Hres — Hll2 = [ Hret = Hyll2| < [|H — Hyll2- 2.7)

If the training objective is the squared /5 loss, the corresponding loss error is
bounded by factorizing the difference of squared norms and applying the Cauchy-

Schwarz inequality:

| Hyet — HI[5 = [[Hret — Hnll5| < | H = Hyllo (| Hret — Hl|2 + [ Hrer — Hull2) -
(2.8)

Loss Gradient Error — The loss gradient error has similar asymptotic behavior to

the time aliasing error as follows,

M

=> O y|") 2.9

=1

0 0
|| Hyet — H|)? — = || Hyet — Hy |2
g 1 Hrer = HI3 = [ Hoer— Hiv

where p is a parameter of H. See Appendix 2.C for the proofs.

2.3.2 Differentiable Dense IIR Filter with State Variable Filters

Since an arbitrary IIR filter can be expressed as serially cascaded biquads (second-

order IIR filters), we can obtain a differentiable IIR filter H as a product of
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Figure 2.2: The frequency-sampling method with a various number of sampling
points N. Blue curves represent its magnitude response |H (e7)| (top row) and IR
hin] (bottom row). Red curves are the magnitude response and IR of the frequency-

sampled filter Hy.

frequency-sampled biquads (H;) .

Moreover, we use the state variable filter (SVF) parameters f;, R;, m**, m

mi¥ to express each biquad as follows,

Bio = ffm}P + fim?P + m?P,
Bi1 = 2fi2m%P - QW?Pv

Biz = fimi® — fmPT + mi’,
Qo= fl+2Rifi + 1,

Qi1 = 2fi2 -2,

g = f}—2Rfi+1.

(2.10)

BP

4

and

(2.11a)
(2.11b)
2.11¢)
(2.11d)
(2.11e)
(2.11f)

We prefer to use the SVF parameters rather than the biquad coefficients for the
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following reasons.

e Interpretability. Each SVF has lowpass H;**, bandpass H?", and highpass
filter H;'". They share a resonance R; and cutoff parameter f; = tan(rw; /w;)
where w; is their cutoff frequency and w; is the sampling rate. The filter

P, mPP, and m!™ and then summed.

outputs are multiplied with gains m}
This interpretability comes without any generality loss since an SVF can

express any biquad [112].

» Simple Activation Functions. The SVF parameters have simpler stability con-
ditions, R; > 0 and f; > 0, than the biquad coefficients [38], which leads to

simpler activation function design. Refer to Section 2.5.3 for details.

* Better Performance. We found that our ARP estimation networks performed
better when they estimate the SVF parameters rather than the biquad coef-

ficients. Refer to Appendix 2.A.2 for the comparison results.
From now on, we denote each SVF-parameterized biquad with a superscript
HPVF and call it simply “SVF”.
2.3.3 Differentiable Parametric Equalizer

Alow-shelving H"S, peaking H"*¥, and high-shelving filter H''S are widely used
audio filters. Each of them can be obtained using the SVF as

H"(f,R,G) = H*F(f,R,G,2RVG, 1), (2.12a)
H*(f R, G) = HV¥(f,R,1,2RG, 1), (2.12b)
H"(f,R,G) = HVF(f, R, 1,2RVG, Q) (2.12¢)

where the SVF parameters are given as H5VF(f, R, m™ mBP mHP) [5]. Here, G
is a new parameter that gives 20log,,(G) dB gain. A parametric equalizer (PEQ)
is a serial composition of such filters. Following [37, 6], we use one low-shelving,
one high-shelving, and K — 2 peaking filters.

K—2

H™(z) = HS(2)H" (2) [] H**(2). (2.13)

i=1
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Same as the IIR filter case, frequency-sampling the components and multiplying
them results in a differentiable PEQ Hy"<.

2.4 Differentiable Artificial Reverberation

In this section, we derive differentiable FVN, AFVN, and DN. We first briefly
review the original AR models. Then, we obtain their DAR counterparts by
frequency-sampling the IIR components, replacing them with FIRs. We also
slightly modify the original models for efficient training, plausible reverberation,

and better overall estimation performance.

2.4.1 Differentiable Filtered Velvet Noise

Filtered Velvet Noise — One can divide an RIR h[n] into S segments (see Fig-
ure 2.3). As reverberation can be regarded as mostly stochastic, we can model each
length-L; segment h,[n] with a source noise signal s;[n| “colored with” a filter C;.
When we use velvet noise for each source, this source-filter model becomes Filtered
Velvet Noise (FVN) [113, 114, 73]. The velvet noise v;[n] is sparse; in every length-T;
interval, it contains a single nonzero sample £1 with random sign/position such
that its time-domain convolution is highly efficient. Moreover, an allpass filter U,
is introduced to smooth each source and make the output sound plausible. Finally,
a deterministic (bypass) FIR ho[n] models the direct arrival and early reflections.
Then, an IR of FVN fz[n] becomes

S si[n—d;]

hln] = holn] + Z vi[n — d;] * wi[n] * ¢;[n] (2.14)

=1

il,i[n—d,y]

where each d; is a delay for the segment alignment (d; = 0). In practice, each

allpass filter U; is composed with Schroeder allpass filters (SAPs),

1+ ;2™
USAP (z) = — - Jia® (2.15)
’ Vi 2T
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where 7 ; is a delay line length and +; ; is a feed-forward /back gain [71]. A low-

order dense IIR filter is used as each coloration filter C;.

Differentiable Implementation — We modify each FVN component to obtain
differentiable FVN.

o Velvet filters. To batch the IR segments, we use the same segment lengths
L,,---, Ls and average pulse distance values T, - - - , T’s for every reference
RIR.

o Allpass filters. We tune and fix the allpass filter parameters jointly with the
velvet filter parameters to avoid perceptual artifacts, e.g., discontinuous and
rough sound, while being computationally efficient. Since the filter is fixed,
instead of the frequency-sampling method, we simply crop its IR to obtain
an FIR 4;[n].

* Coloration filters. We model each C; with K serial SVFs and frequency-sample
it into a length-N FIR (¢;) v [n], where C;(2) =[], CPYF(2), so that we can

train our network to estimate its parameters.

Therefore, the IR of the differentiable FVN h[n] becomes

~ ~

—_—~
hln] = ho[n] + overlap-add{v;[n] * @;[n] *(c;)n[n]}. (2.16)

hiln]

Since every component v;[n], ;[n], and (¢;)ny[n] is an FIR, we can compute
each segment h;[n] = v;[n] * @;[n] * (¢;)n[n] efficiently by convolving the FIRs
in the frequency domain, i.e., zero-padding followed by an FFT, multiplication,
then an inverse FFT (IFFT). Finally, we overlap-add all the segments and add
the deterministic FIR hg[n] to obtain the full IR h[n]. The overlap-add can be
implemented with a transposed convolution layer.

While the modifications for the differentiable FVN introduce approximation

error, it is negligible in practice. We explain this with the EDR H"P®, a reverse
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Figure 2.3: Modified FVN, AFVN’s RIR approximation, and their differentiable
implementation strategy. FVN and AFVN divide a target RIR h[n] into segments
hi[n] and approximate each segment with a velvet noise v; filtered with an allpass
filter U; and a coloration filter C';. We obtain the differentiable FVN and AFVN by
converting the IIR filters U; and C; into FIR filters @; and (¢;)y. Each IIR filter is
emphasized with a double border box.
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(b) Approximation error of differentiable AFVN in EDR.

Figure 2.4: EDR of IRs generated by differentiable FVN, AFVN, their original
AR counterparts, and EDR errors introduced during the AR-to-DAR conversion
process. Because the errors are small and mostly in the low-energy region, they
are imperceptibly small (note that the z axis scale is different for the EDR plots and
the EDR error plots). We obtained the FVN/AFVN parameters with the trained
blind estimation networks discussed below.

cumulative sum of an IR’s short-time Fourier transform (STFT) energy [74].
HEPR[E, n) Z |HSTFT [k, m])2. (2.17)
By comparing the FVN’s EDR and its differentiable counterpart, we can analyze

their differences in reverberation characteristics. Specifically, we obtain the EDR

error E¥PR by calculating the difference between the two log-magnitude EDRs.
EEPR — 101og,, H*P* — 101log,, H*P%. (2.18)

Figure 2.4a shows the EDRs and the EDR error. It reveals that the error is small
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(at most 3dB) and mostly in the low-energy region (below —40dB). Also, there is
little EDR error at the first time index, i.e., |[E¥PR[k, 0]] < 1, indicating that the
overall magnitude response remains the same during the conversion process. In
conclusion, the error is hardly noticeable, and the differentiable FVN can replace
the original FVN for the training (we use a loss function related to the EDR; see
Section 2.5.4).

Modifications to the Original Model — FVN was initially designed for the
analysis-synthesis of late reverberation; it used the direct arrival and early re-
flections cropped from the RIR and modeled only the late part. However, we also
aim to solve the blind estimation problem where we must estimate the entire RIR.

To this end, we modify the original model as follows.

* Finer segment gain. We divide each velvet segment v;[n| into M smaller
segments v; 1[n], - - -, v; p [n] multiplied with gains g; 1, - - - , g;, - Figure 2.5¢

shows the resulting velvet filter V; in the time domain.

* Cumulative allpass. The original model smoothes every velvet noise with the
same allpass filter. This is undesirable in our context since it could smear the
direct arrival and early reflections. Instead, we gradually cascade the SAPs to
obtain each allpass filter U;(z) = H;Zl USAP (2) so the earlier segments are
less smeared than the later ones. As shown in Figure 2.5a, this modification
can be implemented in the time domain by inserting each SAP UP*" before

the corresponding velvet filter V;.

® Shorter deterministic FIR. With the above changes, the stochastic segments can

fit the early RIR to some extent. Therefore, we shorten the early deterministic
FIR h|n).

Refer to Appendix 2.A.1 for the evaluation of the modifications.

Model Configuration Details — Exact configurations of our FVN used for the
experiments are as follows.

We generated 2.5 seconds of IR (48kHz sampling rate, total L = 120k samples)
with FVN. We used S = 20 non-uniform velvet segments whose lengths L, are

L/40,L/20, and L/10 for 10,5, and 5 segments, respectively, and their average
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(a) Modified FVN in the time domain. To retain a sharp transient, we
insert each SAP before its corresponding velvet filter. For each velvet
filter V;, the output denoted with a down arrow is a convolution of
the input and the velvet noise v; [n]. The other output denoted with a
right arrow is a L;-sample-delayed input.
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xfnl —- v, VY

x[n]

> Vi > | Vim
i1 9i,2 gim l
SVF SVF SVF
Cor G2 > - Gk
x[n]

1
g

|

y[n] = v;[n] * ci[n] * x[n]

(c) Each velvet filter V; is divided into smaller M filters (d) The i*® coloration filter C; in the
with individual gains g¢;,1,- - - , gs,ar. This modification time domain, which is serially con-
is equivalent to dividing each velvet segment v;[n] into nected K SVFs.

smaller ones.

Figure 2.5: Modifications to the original FVN and AFVN.
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pulse distances were set to T = [10, 20, 35, 50, 65, 90, 120, 135, 180, 220, 270, 320,
370, 420, 480, 540, 610, 680, 750, 820]. The SAPs U jSAP were forced to have gains
v; = 0.7540.015 and delay lengths 7 = [23,48, 79,109, 113,127,163, 191, 229,251,
293, 337, 397, 421, 449, 509, 541, 601, 641, 691]. Each velvet segment had M = 4
sub-segment gains and was filtered with K = 8 SVFs. We frequency-sampled the
coloration filters with N = 4k points. The length of the deterministic FIR hg[n]
was set to 50. We set the gain g € RS*M  SVF parameters f, R, m"", m®F m'F
R5*K and the bypass FIR hy € R to estimation targets (total 930 ARPs). The

time-domain FVN H requires 2546 floating point operations per sample (FLOPs).

2.4.2 Differentiable Advanced Filtered Velvet Noise

Since frequency-dependent decay of reverberation is gradual, one can model each
coloration filter C; as an initial coloration filter C'; cascaded with delta-coloration

filters Cag, - -+ , Cay.

Ci(z) = Cy(z) ﬁ Caj(2). (2.19)

FVN with this modification is called Advanced Filtered Velvet Noise (AFVN) [73].
The delta filters” orders AK,,--- , AKg are set lower than the initial filter’'s K,
for the efficiency. See Figure 2.5b for its time-domain implementation. We used
K, =8and Kx = Kpay = -+ = Kag = 2 in the experiments. This results in a
total of K = K, + (S — 1)Kx = 46 SVFs. The other settings are the same as the
FVN. This AFVN has 360 ARPs to estimate and its time-domain model H requires
1511 FLOPs. Although the orders of the coloration filters are higher than the FVN
counterparts, the introduced frequency-sampling error remains approximately the

same in practice (see Figure 2.4b).

2.4.3 Differentiable Delay Network

Delay Network — By interconnecting multiple delay lines in a recursive manner,
one can obtain a Delay Network (DN) [101, 102] structure. A difference equation of

the DN can be written in a general form as follows (we omit the bracket notation
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for the filtering),

y[n] = CTy[n] + Hoz[n), (2.20a)
y[n +d] = Ay[n] + Bz|n|. (2.20b)

That is, an input z[n] is distributed and filtered (or simply scaled) with B, then
passes through d-sample parallel delay lines that are recursively interconnected
through a mixing filter matrix A. The delay line outputs y[n] are filtered and
summed with C. We add a bypass signal filtered with H,, resulting in an output
y[n]. The transfer function of the DN is

H(2) = C(2)"(D7!(2) — A(2))'B(2) + Hy(2). (2.21)

Here, D(z) = diag(z~9) isan M x M transfer function matrix for the delay lines,
ie, Di(z) = 27%. B(z), C(z), and A(z) are input, output, and feedback transfer
function matrices of shape M x 1,1 x M, and M x M, respectively.

Differentiable Implementation — The DN components are recursively intercon-
nected such that one cannot divide its IR into independent segments and generate
them in parallel like we did with the FVN and AFVN. Instead, we frequency-
sample its entire transfer function to obtain differentiable DN, which is equivalent

to a composition of individually frequency-sampled transfer function matrices.

h[n] = IFFT {(:%(D;V1 —Ay)'By + (ﬁo)N} : (2.22)

Here, Dy = diag((z79)y) € CM*MxIN/241] ig a frequency-sampled version of

the delay line transfer function matrix D, i.e.,
(Dy)i; = (27 %)y € CLV/2H, (2.23)

Likewise, we can frequency-sample the transfer function matrices B, C, and A to
obtain their approximations By, Cy, and A y, respectively. Since each frequency-
sampled transfer function matrix is a batch of [N/2 + 1| matrices, the matrix

multiplications and inversions of equation (2.22) can be performed in parallel.
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Figure 2.6: Our DN in the time domain. We restrict the general filter matrices to
accelerate the training and obtain an efficient and controllable model. We simplify
the pre-filters B and the post-filters C to have only one coloration filter C; and use
the same C for all feedback loops. A time-varying mixing matrix Q,, and allpass
filters U are introduced to use DN with small M (i.e., fast training) with minimal
quality loss.

Restrictions to the General Model — The presented DN structure is fully general
and able to express many variants, including the Feedback Delay Network (FDN) [72].
Therefore, we can also derive their differentiable versions following the proposed
method. However, when following the general practice that uses many delay
lines (e.g., M = 16) for a high-quality reverberation, its differentiable model’s
frequency-sampled transfer function matrices consume too much memory, and
their multiplications and inversions bottleneck the training speed. To tackle this,
we reduce M and modify the components as follows to make DN plausible with
low M (see Figure 2.6).

* Pre and Post Filter Matrix. Following most previous works [115, 116, 74], the
pre filter matrix B is set to a (constant) gain vector b. The post filter matrix

C is a combination of a gain vector ¢ and a common filter ', i.e.,, C = Cc.
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The common filter C'; is composed of serial K, SVFs.

e Feedback Filter Matrix. Most DN models combine channel-wise parallel delta-
coloration (absorption) filters C, and an inter-channel mixing matrix Q
to compose the feedback filter matrix A = QC,. Additionally, we insert
channel-wise allpass filters U and introduce time-variance by modulating
the mixing matrix Q. This results in the time-varying feedback filter matrix
A, =Q,UCa,.

e Allpass Filters. To achieve faster echo density build-up without adding more
delay lines, we insert serial Ky SAPs in each feedback path. Unlike the
FVN and AFVN cases, we estimate the SAP gains v € RM*Xv with the
estimation network and frequency-sample the allpass filter matrix U for the

differentiable model.

¢ Time-varying Mixing Matrix. We further reduce the audible “ringing” artifacts
by modulating the stationary poles with the time-varying mixing matrix,
which is set to Q,, = QoR"™ where Q, is a Householder matrix and R is
a tiny rotational matrix constructed from a random matrix [116, 117]. Since
the frequency-sampling method is only applicable to LTI filters, we fix the

mixing matrix to Qy when obtaining the differentiable model.

e Absorption Filters. Unlike the conventional FDN [72], we use the same ab-
sorption filter Ca for every channel. Since the mixing matrix Q,, is always
unitary, our DN becomes stable when C's has magnitude response less than
1 [116]. We achieve this by using a PEQ with additional constraints (see
Section 2.5.3) as Cx.

* Bypass FIR. We use a length-Z FIR hg[n| for the bypass.
We summarize the modifications. The difference equation of our time-varying

DN HTV is

y[n] = Cic"y[n] + Hozn], (2.24a)
yln +d] = Q,UCAy[n] + bz[n). (2.24b)
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Figure 2.7: EDR of differentiable DN, its original DN with two versions (LTI
and time-varying), and EDR errors between those three. Same as the FVN and
AFVN, the frequency-sampling introduces little error, as shown in the upper right
plot. However, rotating the mixing matrix introduces a considerable amount of
EDR error since it modulates the pole positions. The error is mostly in the low-
frequency region, where the poles are sparsely located.

The transfer function of its LTI approximation H(z) is given as equation (2.21)

with the following restrictions,

B(z) =b, (2.25a)
C(z) = Ci(z)e, (2.25b)
A(z) = Qpdiag(Un(z) ©® Ca(z)). (2.25¢)
Hence, the IFFT of
(Ch)ne" (D' — Qodiag(Uy ® (Ca)n))'b (2.26)

summed with the bypass FIR ho[n] results in our differentiable DN’s IR h[n).
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Figure 2.7 shows the EDR errors between the three different DN modes, i.e.,
differentiable DN, original LTI, and the time-varying one. The only difference
between the first two is the frequency-sampling; unless the DN decays very slowly,
there is little time aliasing and EDR error. However, due to the pole modulation,
the EDR error increases significantly when the time-varying mixing matrix is
applied. Despite this, other perceptually important factors, such as reverberation

time, remain largely unchanged, as evaluated in Section 2.7.

Model Configuration Details — We used M = 6 delay lines with delay lengths
d = [233, 311, 421, 461, 587, 613] in samples. We used Ky = 4 SAPs for each
delay line. We fixed the SAP delay lengths to 7 = [[131, 151, 337, 353], [103, 173,
331, 373], [89, 181, 307, 401], [79, 197, 281, 419], [61, 211, 257, 431], [47, 229, 251,
443]]. Note that the SAPs introduce additional delays so that the effective delay
lengths are [1205, 1291, 1399, 1437, 1547, 1583] or about [25.1, 26.9, 29.1, 29.9,
32.2, 33.0] in milliseconds. Our rotational matrix satisfies R*** = I so that the
mixing matrix Q,, has a period of 0.625 second. Both post C'; and absorption filter
Ca have K¢, = K., = 8 components. We used N = 120k frequency-sampling
points. The order of the bypass FIR is Z = 100. The post filter parameters f.,, R¢,,
mg”, mg", mgf e R Xei, feedback filter parameters fo,, Re,, Ge, € R¥¢a,
pre and post gain vectors b, ¢ € RM*!, SAP gain vector v € RM*5v and the
bypass FIR h, € RZ are the estimation targets (total 200 ARPs). The resulting
time-domain model H and the time-varying model H TV consume 889 and 1285

FLOPs, respectively.

2.5 Artificial Reverberation Parameter Estimation

The details of our ARP estimation network are as follows. As shown in Figure 2.8,
it transforms single channel audio input (either RIR or reverberant speech) into a
shared latent z with a reference encoder. Then, each ARP-groupwise layer projects

the latent z into an ARP tensor P;.
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2.5.1 Reference Encoder

We first transform the reference RIR or reverberant speech into a log-frequency
log-magnitude spectrogram. A standard convolutional neural network (CNN)-
gated recurrent unit (GRU) encoder maps the spectrogram to a shared latent z

(~7.3M parameters; see Figure 2.8).

2.5.2 ARP-Groupwise Projection Layers

Now we aim to transform the two-dimensional shared latent z into each ARP
tensor P; which is at most two-dimensional. To achieve this, we use two axis-by-
axis linear layers. We first transpose and apply a linear layer to the latent to match
the first axis shape. Then, another transposition and a linear layer match the other
axis. This approach factorizes a single large layer into two smaller ones, reducing

the number of parameters.

2.5.3 Nonlinear Activation Functions and Bias Initialization

Each ARP group has different stability conditions and desired distribution. To
satisfy these, we attach a nonlinear activation to each projection layer and initialize
the last linear layer’s bias as follows; Table 2.1 summarizes these choices for all AR

models. Here, x denotes a pre-activation element.

Nonlinear Activation Functions — For the resonance R of the SVF, we use a
scaled softplus ((z) = log(1 + e”)/log(2) to center the initial distribution at 1
and satisfy the stability condition R > 0. The cutoff parameter f has the same
stability condition f > 0, but instead of the softplus, we use tan(wo(x)/2) where
o(x) = 1/(1 4+ e™*) is a logistic sigmoid; with this activation, o(z) = 0 and 1
represent cutoff frequencies of 0Hz and half of the sampling rate, respectively. The
delta-coloration PEQ Cy inside the DN must satisfy |Ca(e’¥)| < 1, so we use
107¢@® for the component gain G. The shelving filters’ resonances should also
satisfy R > 1/2/2 to prevent their magnitude responses from spiking over 1, so
we add /2/2 after the softplus activation. For the feed-forward /back gains ~ of

channel-wise allpass filters U inside the DN, we use sigmoid activation o (z).
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Bias Initialization — We initialize the projection-layer bias for the cutoff parameter
f to 07! (2wy /ws), where each wy, is the desired initial cutoff frequency of the k'
SVE. The frequencies are equally spaced on the logarithmic scale from w,,;,, = 40Hz
t0 Winax = 12kHz, i.e., Wi = Winin (Wiax/Wmin) * ™/ E =D For the SVFs inside the
AFVN's initial and delta-coloration filters, we randomly permute the frequency
index k into a new index k, preventing SVFs for the latter segments from having
higher initial cutoff frequencies. Decoder biases for the SVF mixing coefficients
m"", m®?, and m"" are initialized to 1, 2, and 1, respectively, so that each SVF’s
initial magnitude response slightly deviates from 1; this prevents the coloration
filters” responses and the estimation network loss gradients from vanishing or
exploding. For the PEQ gains G of the DN’s delta-coloration filters, we set each
bias to —10 such that the initially generated IRs have long enough reverberation

time.

2.5.4 Loss Function

Match Loss — We utilize a multi-scale spectral loss [47] and define a match loss

as follows,

h) = HSTET) | gsTFT)| 2.27
EMatch(hv h) Z H| 7 ‘ ‘ 7 ’ 1 ( )
1 denotes STFT with different FFT sizes. We use the FFT sizes of 256, 512, 1024,
2048, and 4096, hop sizes of 25% of the respective FFT sizes, and Hann windows.

Each spectrogram’s frequency axis is log-scaled like the encoder’s spectrogram.

Regularization — We additionally apply a regularization to reduce time aliasing

of the estimation. As shown in equation (2.6) and (2.9), pole radii of each SVF affect

the reliability of the frequency-sampled one (hence DAR model) and its parameter

estimator. Since each SVF's IR (¢} }F') v [n] can be computed, we encourage reducing

its pole radii by penalizing the IR’s decreasing speed. Each decreasing speed

vi,r is calculated by the ratio of the average amplitude of the first and last ng
VF

samples of (¢;\") v [1n]. We fix 1y to N/8. Then, each ; j, is weighted with a softmax

function along the SVF-axis to penalize higher ; , more. The sum of the weighted
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Table 2.1: Target ARP tensors and nonlinear activation functions. Bias initializa-
tions are shown for each AR model.

AR model Component ARP Tensor shape Activation Initial bias
sl[n] g SQ() X M4
f Sa0 X Ky tan(mo(x)/2) o1 (2w /ws)
R S0 x Kg ¢(z)/¢(0)
FVN Cz mbP SQO X Kg 1
mBP SQO X Kg 2
mHP S20 X Kg 1
Hy hy Zs0
sl[n] g 520 X M4
f on tan(ro(2)/2) o (2wi/ws)
IEP Kae ¢(z)/¢(0)
m K 1
AFVN C1,Chj PP Kiz 5
mHP R46 1
Hy hg Z50
B b M
C M6
fo, Kes tan(ro(x)/2) o (2w /ws)
Re, Kcys ¢(z)/¢(0)
C mlélg K018 1
mgi:: KC18 2
DN mgl KC18 1
fo. Ko, tan(mo(x)/2) o 1 (2w /ws)
Rc, Kcas () +v2/2
A Ge, Kcs 10-¢@ ~10
Y M6 X Ku4 O’(ZL‘)
H, hy Z100
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Reference Reverberation
(RIR or Reverberant Speech) (T=120k)
(2.5sec, 48kHz sampling rate)

v

[ STFT (n_fft=1024, hop=128, window=Hann) | (F=513, T=93)

l Model/Task-Agnoistic Encoder
Conv2D (c=64, k=(7, 5), s=(1, 2)) + ReLU (C=64, F=513, T=938)
Conv2D (c=128, k=(5, 5), s=(2, 1)) + ReLU (C=128, F=252, T=463)
Conv2D (c=128, k=(5, 5), s=(2, 2)) + ReLU (C=128, F=124, T=230)
Conv2D (c=128, k=(5, 5), s=(2, 2)) + ReLU (C=128, F=60, T=113)
Conv2D (c=128, k=(5, 5), s=(1, 1)) + ReLU (C=128, F=56, T=109)

v

[ Rearrange | (r=109, F=s6, c=128)
| GRU (n=2, h=64, bidirectional) | (r=109, F=56, C=128)
[ Rearrange ] (T=109, F&C=7168)
[ GRU (n=2, h=128, bidirectional) J (T=109, F&C=256)
[ Linear + Laye%Norm + RelLU ] (T=109, F&C=256)
[ Linear + LayerNorm + ReLU ] (T=109, F&C=256)

shared latent z

i l ,  ARP-Groupwise Projection Layer
Transpose + Linear (F&C=256, Z1)
Transpose + Linear (21,22)

[ Activation ] (21, 22)

[ ARP Tensor ] 1,22)
Figure 2.8: Architecture of the ARP estimation network. For each two-
dimensional convolutional (Conv2D) layer, ¢, k, and s denote number of output
channel, kernel size, and stride, respectively. For each gated recurrent unit (GRU)
layer, n and h denote number of layers and hidden features. Shape and size of the
intermediate output tensors are provided in the parentheses, where F', T', and C

denote frequency, time, and channel axis, respectively. Z1, and Z2 denote each
ARP tensor’s first and second axis. We omitted the batch axis.
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decreasing speed values results in the regularization loss Lge, as follows,

3y (X ) [

ik = o , 2.28a
Yok = TS SV, ] (2.282)
S K X
2= Yik€H
Lro, =Y ==L Tok" (2.28b)
; ZJK:1 e

We omit the regularization loss for the DN networks since, with DN, the time
aliasing is inevitable to match the reference with reverberation time longer than

the number of frequency-sampling points N. Hence, our full loss function £ is
L(h, h) = Lataren (s 1) + BLyeg (<) (2.29)

where 3 = 1 for the FVN and AFVN and 3 = 0 for the DN.

2.6 Experimental Setup

2.6.1 Data

Room Impulse Response — We collected 1835 real-world RIR measurements from
various datasets including OpenAIR [34] and ACE Challenge [35]. The number
of RIRs was insufficient for training, so we used them only for the validation and
test (836 and 999 RIRs, respectively), ensuring that each set consists of RIRs from
different rooms.

For training, we synthesized 200k RIRs with shoebox room simulations us-
ing the image source method implemented in pyroomacoustics [118, 119].
To reflect various acoustic environments, we randomized simulation parameters
for every RIR synthesis, including room size, each wall’s frequency-dependent
absorption coefficient, and source/microphone positions. We tuned the random-
ization scheme to match the training dataset to the validation set in terms of
reverberation parameter statistics.

We pre-processed each RIR by removing the pre-onset part, applying a small
direct-sound gain augmentation to the training set, and normalizing its energy. The

onset was detected by extracting a local energy envelope of the RIR and finding its
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maximum point [120]. Following established RIR augmentation practice [121], we
multiplied a random gain sampled from ¢/(—12dB, 3dB) to the first 5ms of each
training RIR. This slightly reduces the average direct-to-reverberant ratio (DRR)
of the training set and matches the validation set; during evaluation and testing,

we omitted this procedure. Finally, each RIR was normalized to have unit energy.

Reverberant Speech — We used VCTK [122] for dry speech. We split it into the
train (61808), validation (21608), and test (4912) sets so that each set is composed
of the speech recordings from different speakers. We sampled an RIR and a dry
speech sample from their respective datasets and convolved them to generate

reverberant speech. We random-cropped 2.5-second segment from it for the input.

2.6.2 Training

We trained each network with every proposed DAR model for the three tasks:
analysis-synthesis, blind estimation, and both tasks. For the both-performing ones,
we fed either an RIR or reverberant speech with equal probability.

We set the initial learning rate to 10~* for FVN and AFVN and 10~° for DN.
We used the Adam optimizer. For DN, gradients were clipped to £10 for stable
training. After 250k steps, we performed the learning rate decay. We multiplied
the learning rate by 107 and 107" every 50k steps for the analysis-synthesis
networks and the others, respectively. We finished the training if the validation
loss did not improve after 50k steps, which took no more than 500k steps for the
analysis-synthesis and 1M steps for the others.

2.6.3 Evaluation Metrics

We evaluated our networks with the match loss Ly, and EDR distance, defined
as an average of the absolute EDR error. Furthermore, we evaluated reverberation
parameter differences, i.e., reverberation time T3y, DRR, and clarity Cs, difference,
denoted as ATj3y, ADRR, and AC;, respectively [103, 123]. We calculated both
full-band differences and average of differences measured at octave bands of center
frequencies of 125, 250, 500, 1k, 2k, 4k and 8kHz. Then, we obtained their respective

median values.
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We can interpret the reverberation parameter differences by comparing them
with their respective just noticeable differences [100]. Reported just noticeable
differences of T3 from previous works vary from 5% [124] up to about 25% [125].
For Cs, 1dB [126] and 1.1dB [127] were reported. For DRR it differs for various
range, e.g., 6dB at —10dB, 2dB at 0dB, 3dB at 10dB, and 8dB at 20dB [128].

2.6.4 Subjective Listening Test

Following prior studies [77, 82], we conducted a modified MUltiple Stimuli with
Hidden Reference and Anchor (MUSHRA) test [129]. We asked subjects to score the
reverberation similarity between a given reference reverberant speech / * x and the

following signals (h and x denote a test RIR and dry speech signal, respectively).
* A hidden reference h * z (exactly the same audio).
e Alower anchor A’ * x obtained by averaging the test set RIRs [82].

¢ Another anchor h” * x obtained by random-sampling an RIR from the test

set [77].

e Estimations to evaluate H, (z), - , H,(z). We used the original AR models
H 1y ", H n, Dot the differentiable ones H IPRREI H n, to Obtain the reverberant
speech.

The similarity score ranged from 0 to 100, where we provided text descriptions
for 5 equally divided ranges (0-20: totally different, 20-40: considerably different,
40-60: slightly different, 60-80: noticeable, but not much, and 80-100: impercep-
tible). While we asked the participants to score both analysis-synthesis and blind
estimation results, we divided them into two separate pages. As a result, a total of
10 stimuli (3 proposed models, 4 baselines described in Section 2.6.5, 2 anchors,
and 1 hidden reference) were scored for each task. We conducted the test using
the webMUSHRA API [130]. A total of 24 sets were scored for each task, where the
first 3 sets were used for training. A total of 12 people participated where 7 people
were audio engineers and the others were instrument players. We discarded 1
subject’s results since they scored the hidden reference lower than 90 for more

than 15% of the entire sets.
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Figure 2.9: Baseline methods for the experiments.

2.6.5 Baselines

We compared our framework with the following baselines. Refer to Appendix 2.B

for further details.

Parameter-matching Networks — Assuming that the DAR models are not avail-
able, similar to the previous non-end-to-end approach [77], we generated the
training data (reference-and-ARPs pair) with the DAR models and trained the
same networks with an ARP-matching loss (see Figure 2.9a). Note that we used
the DAR models simply for the convenience of on-the-fly data generation on the

GPU, but the same procedure can be performed with the AR models.

CNN Decoder — We trained the same estimation network but instead of the DAR
model we attached a decoder composed of one-dimensional transposed convolu-
tional layers and temporal convolutional networks (TCNs). With this decoder, the
entire network resembles an autoencoder (see Figure 2.9b). From now, we denote
this model as CNN. We trained two CNNs, one for each of the two tasks.

Note that we did not compare our methods with possible two-stage solutions
[103, 104, 105, 106, 107, 108, 109, 110] (see Section 2.2.2) since each DAR model’s

architecture became different from its original.
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2.7 Evaluation Results

2.7.1 Comparison with the Baseline Models

Advantage of the End-to-end Learning — Figure 2.10 compares the proposed
end-to-end approach with the baselines on objective metrics and subjective scores.
Here, AS and BE denote analysis-synthesis and blind estimation, respectively. Full
and Freqgdenote the full-band reverberation parameter difference and the average
of octave-band reverberation parameter differences, respectively. The joint-task
networks’ performance is denoted as small dots. By a large margin, the end-
to-end model outperformed the non-end-to-end ARP-matching baselines. The
baselines struggled to match the reverberation decay, reporting noticeably large
reverberation time differences ATs, > 20%. A two-sided t-test for each AR/DAR
model and task showed that the performance difference was statistically significant
(all p < 1077). Subjective listening test results also agreed with the objective
metrics; median scores of the end-to-end approaches were from 70 to 80, showing
close matches to the reference, while the parameter matching models scored less
than 60. Figure 2.11 further visualizes each estimation result with EDR and EDR-
error plots. This shows that the end-to-end learning enabled by the DAR models

improves ARP estimation relative to the parameter-matching scheme.

Advantage of the DSP Prior — The CNN baselines isolate the effect of removing
the structured AR prior. Since the CNN baselines have more trainable parame-
ters and complex architecture, they reach lower losses than the DAR-equipped
networks. However, they produce audible artifacts. The AR models avoid such
artifacts and achieve higher perceptual quality, reflected in higher subjective lis-
tening scores than the CNN baselines. Again, these subjective score differences

were statistically significant (all p < 107°).
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2.7.2 Reliability of the DAR Models
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Figure 2.14: Reliability of the DAR models. Diff, LTI, and LTV denote the
differentiable, original LTI, and the time-varying model, respectively. The hatched
results are the same values of Figure 2.10 (analysis-synthesis).

The previous sections argued that each DAR model remains close to its orig-
inal AR model, making it reliable as a training surrogate. Here, we empirically
validate this argument. Figure 2.14 summarizes the objective metrics calculated
with the DAR and AR models. We used the trained analysis-synthesis network for
this evaluation. First, metrics calculated between the AR model IR and the DAR

model IR were orders of magnitude smaller than the metrics calculated with the
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ground truth. DN was the only exception, showing more deviation than the other
AR models due to the time variance. Nevertheless, the reverberation parameter
differences between the DN IR and differentiable model IR were less than the just
noticeable difference values (for example, AT3, < 3%). Second, as expected with
equation (2.8), each metric difference was smaller than the corresponding AR-to-
DAR conversion error. As a result, overall evaluation results were very similar
regardless of the used model. In short, the DAR models are reliable for training in

practice.

2.7.3 Performance Difference Between Target Tasks

As expected, the analysis-synthesis networks performed better in most metrics
than the blind estimation networks since the reference reverberation is directly
given, i.e., the former have less inference burden than the latter. Likewise, the
joint-task networks (shown as dots in Figure 2.10) show slightly degraded results
than their single-task counterparts. Yet, the reverberation parameter difference
only slightly increased (less than the just noticeable differences), indicating that

the shared reference encoder can support both reference forms in this setting.

2.74 AR Model Efficiency and Estimation Performance

Each AR model approximates reference reverberation differently, and conse-
quently, its computational efficiency and its estimation networks’ performance

vary.

Filtered Velvet Noise — FVN filters each source segment independently (see
Figure 2.15). Such flexibility enables its parameter estimators to outperform those
of the more constrained AR models. However, at the same time, it also has the
largest number of ARPs (930), which makes it cumbersome to control manually.
It could also be computationally expensive to use multiple FVN instances in real-
time (2546 FLOPs for each).

Advanced Filtered Velvet Noise — AFVN instead optimizes each coloration filter
by decomposing it into the initial coloration and delta-coloration filters, making the
model more controllable and efficient (360 ARPs and 1511 FLOPs) than the FVN.
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Figure 2.15: Magnitude responses of the coloration filters of the AR models.
We used the proposed analysis-synthesis networks to obtain the filter parameters
for this plot. Each AR model has a different approach to model the frequency-
dependent characteristic of given reverberation.

Such simplification costs estimation performance since the underlying assumption
of the optimization that coloration of real-world RIRs changes gradually does not
necessarily hold. In addition, the AFVN networks could be more challenging to
optimize than the FVN’s since each segment’s coloration depends on the previous
ones’. Indeed, we empirically observed that their training losses decreased slower
than the FVN'’s.

Delay Network — In DN, we simplified the filter structure even further by using
a single absorption filter for each feedback loop. Similar to the AFVN case, DN
trades its estimators’ performance for controllability and efficiency (200 ARPs
and 1285 FLOPs). Again, the estimation performance degradation comes from the

DN'’s restricted expressivity (forced exponential decay) and training difficulty.
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2.8 Conclusion

We proposed DAR models, combining DSP-based AR with end-to-end ARP esti-
mation. Among numerous pre-existing AR models, we implemented FVN, AFVN,
and DN differentiably by replacing IIR or near-LTI recursive components with FIR
approximations via frequency-sampling; the same methodology applies broadly
to near-LTI recursive filters whose transfer functions can be frequency-sampled.
Using the DAR models, we trained ARP estimation networks end-to-end. The
evaluation results showed that our networks captured the target reverberation
accurately in both analysis-synthesis and blind estimation tasks. We showed, in
particular, that end-to-end training significantly improves the estimation perfor-
mance at the tolerable cost of the approximation errors caused by the frequency-
sampling. Additionally, the structural priors of the AR models avoid perceptual
artifacts that an unstructured RIR generator might produce, demonstrating the
value of incorporating domain knowledge into the learning pipeline.

Here, we outline the remaining challenges and future work. First, we used the
shoe-box simulation to obtain a large amount of training data, which is slightly
different from the real-world RIRs. Notably, EDR errors of the end-to-end mod-
els showed similar patterns regardless of the equipped AR/DAR model (see Fig-
ure 2.11). This suggests that the data characteristics discrepancy might be the cause
of the performance degradation. Therefore, collecting more real-world RIRs and
using powerful augmentation methods could replace the simulation-based data
and improve the performance. Second, we only used the RIRs and the reverberant
speech signals as references. However, other possible applications with different
reference types exist (for example, automatic mixing of musical signals). Finally,
the choice of AR structure itself remains open. Our comparison showed that a more
compact parameterization bounds the achievable estimation performance by its
limited expressive power, so other AR structures and estimator designs may yield
better performance-efficiency tradeoffs, especially when the AR parameterization

is compact, controllable, and suitable for differentiable training.
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Table 2.2: Ablation on the AR/DAR model configurations. Match losses are re-
ported as Lygaten (X1071).

ATz (%) ADRR(dB) ACs, (dB)

Model Lytaten Full  Freq Full Freq Full Freq
Filtered Velvet Noise
Full FVN 1.236 1.89 420 094 3.39 0.60 1.95
Fixed pulse distance 1.257 2.74 6.14 156 4.21 048 2.25
Uniform segmentation 1.255 2.56 543 148 3.68 0.89 2.29
Without bypass FIR 1.250 2.23 10.71 3.17 11.94 0.81 9.88
No fine gains 1.261 2.53 4.42 151 3.65 0.82 2.21
Advanced Filtered Velvet Noise
Full AFVN 1.277 4.77 996 159 3.64 0.61 2.06
No initial filters 1.446 6.75 12.60 1.46 843 1.76 3.64
No delta filters 1.324 7.12 32.16 299 5.01 0.92 2.62
No initial/delta filters 1.695 8.91 28.21 215 6.62 2.64 5.89
Delay Network
Full DN 1.334 8.47 11.59 1.71 3.83 1.08 2.30
No initial filters 1.446 10.47 20.75 3.69 4.55 2.31 3.03
No delta filters 1.351 7.83 31.22 222 4.71 094 2.38
No initial /delta filters 1.729 11.62 31.20 4.00 6.68 2.03 4.54
No time-varying mixing 1.307 5.93 12.48 1.81 3.93 1.08 2.39
No SAPs 1.535 21.10 10.76 1.03 3.44 0.88 2.28
No SAPs/time-varying 1.251 7.43 10.79 1.00 3.39 0.70 2.09

Appendix 2.A Ablations/Comparisons of the AR/-
DAR Models

2.A.1 AR/DAR Model Ablations

We conducted ablation studies to verify that the modifications to the original AR
models improve the estimation performance. We evaluated the modified models
with the analysis-synthesis task since their performance differences remained the
same regardless of the task in our initial experiments.

Table 2.2 summarizes the results. FVN, AFVN, and DN denote the proposed
models. For the FVN, the ablated rows remove the non-uniform pulse distances
(T; = 10), the non-uniform segmentation (Al; = L/S5), the bypass FIR (hq[n]),
and the finer segment gains (M = 1), respectively. Their results show that the

proposed modifications contribute to better performance. We omitted the same
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Table 2.3: Differentiable FVN with various coloration filters and parameteriza-
tion approaches. Match losses are reported as Lyjagen (X 1071).

ATs (%) ADRR(dB) ACs,(dB)
Filter Lytaten Full  Freq Full Freq Full Freq
Serial SVFs 1.236 1.89 420 0.94 3.39 0.60 1.95

Parallel SVFs 1.235 195 4.52 096 3.64 053 1.86
Parametric EQ 1.254 2.50 5.47 097 3.61 0.62 1.89
Serial Biquads 1.322 383 944 155 4.61 0.59 2.38
Parallel Biquads 1.337 4.88 11.77 1.57 4.01 0.62 2.19

FIR 1.370 272 10.10 1.80 3.73 0.51 2.16
Zero-Phase FIR  1.384 3.54 11.84 1.64 4.31 0.62 2.65

ablations for the AFVN. Instead, we discarded its initial filter C';, delta filter C,
or both. We also evaluated the DN without the post filter C; or the absorption
filter C . The results reveal the importance of modelling the frequency-dependent
nature of reverberation.

For the DN, the last three rows remove the time-varying mixing matrix Q,,,
the allpass filters U, and both, respectively. While removing both reports best
evaluation metrics, its low echo density produced unrealistic sound. Using both
U and Q,, improved plausibility of reverberation with an acceptable performance
degradation. This illustrates that the objective metrics do not fully capture the

perceptual plausibility of the reverberation.

2.A.2 Comparisons on Different Coloration Filters

We compared different IIR/FIR filters and parameterization approaches. We eval-
uated them with the analysis-synthesis task using FVN. Table 2.3 summarizes the
results. The zero-phase FIR follows [47]. The order of every filter was set to 40. The
activation functions and bias initialization for each filter’s decoder are as follows.
The parallel SVFs have the same setting as the serial ones. For the biquad decoders,
we used activations from [6], and their biases are initialized to match those of the
SVFs. For the parametric EQ, unlike DN, we used 10” for the activation of the gain
G. Both FIRs have no activation and custom bias initialization.

In spite of having identical expressive power, the SVFs performed better than

the biquads by large margins. The parametric EQ performed slightly worse than
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Table 2.4: Effects of frequency-sampling resolution and regularization on the
match loss. Values are reported as Lypaeen (X1071).

Frequency-Sampling Resolution
x1 (Full) x0.5 x0.25 x0.125
Model DAR AR DAR AR DAR AR DAR AR

FVNg_; 1.236 1.236 1.259 1.259 1.252 1.249 1.574 1.570
FVNg—, 1.231 1.237 1.283 1.282 1.264 1.263 1.280 1.773
DN 1.277 1307 — 13288 — 1361 — 1.393

the serial SVFs due to its restricted degree of freedom. Both FIRs also perform
worse than the SVFs and the parametric EQ because they cannot change their

frequency responses radically as other IIR filters could.

2.A.3 Effects of the Frequency-Sampling Resolution

Table 2.4 demonstrates the effects of the frequency-sampling resolution and the
regularization loss Lge,. From the table, xx denotes the relative sampling reso-
lution compared to the default configuration, e.g., x0.5 denotes N = 2k for the
FVN and N = 60k for the DN. For each resolution and regularization setup, we
report match loss with the DAR and AR models. Results of the differentiable DNs
with lower resolutions are omitted since they are calculated with shorter IRs.

As expected, higher sampling resolution led to smaller loss difference. Also,
introducing the regularization term (8 = 1) reduced the difference further. As a
result, the final differentiable FVN model (with full resolution and regularization)
showed little loss difference. Moreover, higher resolution led to better performance,
which might be because increased resolution helped each network to find better
ARPs.

Appendix 2.B Details on the Baseline Methods

2.B.1 ARP Match Models

Training — We trained the ARP match baseline models as follows. First, we

randomized ARPs P, - -- , P, and generated an IR using the DAR model. Then,
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each baseline network estimated ARPs P Lo, f’n from the given IR. We evaluated
the estimation and trained the baseline using an ARP-match loss £Larp defined as
follows,

Larp(Pi, Pz) = Zai fi(Py) — fz(f)z)

i

E (2.30)
Here, the index ¢ denotes a different ARP tensor, e.g., Py = g and P; = hy. fi(+)
and o; are an elementwise function and a constant, respectively. We set o;; = 10
for all DAR models’ bypass FIRs and the DN’s absorption filter parameters. We
used f;(x) = log,,(x) for the FVN and AFVN segment gains. We chose f;(z) = =

and «; = 1 otherwise.

Network Architecture — We trained an almost identical network to the proposed
network for each model/task. The only difference is that we added an activation
107¢(®)/20 to the g decoders of FVN and AFVN to improve their performance.

Data Generation — We tuned each DAR model’s ARP randomization scheme to
match the synthesized IRs’ reverberation parameter statistics to the validation set.
For the FVN baselines, we first sampled a reverberation time T3q ~ Uj,g [50ms, 8s)
then generated the segment gains g that match the T3,. Here, U/, -) denotes
a uniform distribution in log scale. In this procedure, we also compensated the
average pulse distance by dividing each gain g; by v/7;. For the initial coloration
filter C;, we first generated PEQ parameters as w; ~ U,z[40Hz, 16kHz), R; ~
Ug]0.2,5), and G; ~ U[—-18dB, 18dB) (we sorted the cutoff frequencies after
the sampling) and derived their SVF parameters. After that, we perturbed each
parameter’s value slightly. This ARP generation method was motivated by the
observation that the differentiable SVFs act like a relaxed PEQ (see Figure 2.15).
We gradually changed the parameters of C'; to obtain C, - - - , Cx, modeling the
frequency-dependent decay. Finally, we set ho[n| as uniform noise with a gain
sampled from U[—24dB,0dB). We followed similar procedures for the AFVN
baselines. One difference is that the first delta filter C'a5 is randomized and the
delta filters afterward are slight deviations of the first one. For the DN baselines,
we sampled each absorption PEQ’s gain with G; ~ U[—2.8dB, 0dB).
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2.B.2 CNN Decoder Models

Regarding the first and second axis of the shared latent z as a time and channel axis,
respectively, our decoder upsamples z with seven one-dimensional transposed
convolution layers. Configurations of these layers are as follows. Channels: 128,
128, 64, 64, 64, 64, then 64. Kernel sizes: 5, 5, 5, 5, 5, 5, then 3. Strides: 3, 3, 3, 3,
3, 3, then 2. Furthermore, after each upsampling, we inserted a small temporal
convolutional network with configurations as follows. Channels: 128, 128, 64, 64,
64, 64, and 64. The number of layers: 3, 3, 2, 2, 2, 2, and 2. Kernel sizes: all 7. Finally,
we added 1 x 1 convolution as the last layer to mix all channels. We used the ReLU

activation between the layers. This decoder has about 2.5M parameters.

Appendix 2.C Details on the Frequency-Sampling
Method

2.C.1 Proof of Equation (2.6)

With equation (2.5), the time aliasing error can be written as

o0 2 o0
> hmN +n]| + > |hn]. (2.31)
= n=N

N-1
IH — Hyll3 =
n=0

With the triangle inequality and || X ||3 < || X||3, we can upper-bound ||H — Hx /|3
with 25% where Sy = Y7 |h[n]| is an absolute sum of the tail of the original IR
hin] (n > N). Next, we expand h[n] with partial fraction expansion [131, 3]. For
H(z) with M distinct poles where each of them v; € C has multiplicity r; € N,
we can express h[n] as a sum of an FIR A"™[n] and IIRs h}';}[n] where following
holds,

H(z) = H™(2) + ZZ T Gk €C) (2.32)

i=1 k= 1\ ,
HI (2)

73



Then, applying the triangle inequality to the summation gives an upper bound
Uy, an absolute sum of the IIRs’ tails.
M r; e}
Sv <3303 R ]| = U (2.33)

i=1 k=1 n=N

From above equation, each IIR, first sum, and second sum show O(n*~!|v;|"),
O(N*=1|;|V), and O(N"71|1;|V) asymptotic behavior, respectively [3]. We con-
clude the proof:

M
|H — Hylls <vV28y <V2Uy =Y O u| V). (2.34)
i=1
2.C.2 Proof of Equation (2.9)
We denote H(e’*) and 0X/9p with H and X'. X}, denotes (Xy) = (X')y. We

upper-bound the gradient difference AG using integral inequalities as

2m d 27 d
AG < / !HRef(H’—H;V)y7“’+ / \HH’—HNHJ’V]% (2.35)
0 0

<2||Hretll2||H' —Hy |2 <2||HH'-HnyHjy|2

where the under-braced ones are the Cauchy-Schwarz inequalities. Considering
the first integral’s upper bound, ||Hget|2 is a finite constant. In ||H' — HYy |2,
H’ is another stable LTI filter if p is well-defined. If v; is a function of p, its
multiplicity r; is doubled in H'. In the worst case, p controls every pole of H
and || H' — Hyy|ls = 21, O(N?"~*14]") holds. Similarly, the upper bound of the
second integral consists of an [, distance between H H' and H y H},. Since H H' has
2r; or 3r; multiplicity for each pole v;, ||[HH' — HyHy |l = 31 O(N3 =i, |V)

holds at the worst case, which concludes the proof.
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Chapter 3

Differentiable Acoustic Radiance Transfer

3.1 Introduction

Acoustic field learning [27] asks how to predict acoustic measurements at novel
source-receiver configurations from sparse observations and a possibly approxi-
mate room geometry. In the trajectory of this thesis, this moves from estimating
a reverberation model for an individual response (Chapter 2) to modeling the
response field of a space. The estimated system description is therefore no longer
a single response or a compact reverberator, but a room-dependent acoustic field
constrained by geometry, source and receiver configurations, and material-related
properties. Unlike sound field estimation [132, 133, 134, 135, 136, 137, 138], which
typically reconstructs a pressure field within a local receiver region, acoustic field
learning asks the model to generalize over source-receiver configurations, though
recent sound field work has begun to relax this distinction [139].

Acoustic field learning has been explored using deep neural networks, consid-
ering different estimation targets: most commonly room impulse responses (RIRs)
[27, 80, 140, 141, 142], but also propagated speech [143, 144, 145] or acoustic pa-
rameters (e.g., reverberation time) [146]. These methods have reported promising
results on both synthetic [147] and real-world benchmarks [148]. However, they
are typically trained on large-scale measurements from a single environment. For
example, the RIR predictors [27, 80, 140, 141, 142] have primarily been demon-

strated as efficient codecs, compressing dense collections of RIRs to reduce storage
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usage. Yet acoustic measurements are costly and time-consuming to acquire, and
improving model performance under data-scarce conditions is desirable for prac-
tical deployment.

Several directions have been pursued to improve such data efficiency. One
approach is to formulate the task as few-shot learning: instead of training an
independent neural network for each scene, a single model can be trained on
multiple scenes to maximize data utilization and promote generalization [140, 146,
149]. A different approach is to leverage auxiliary geometry-related information;
extra visual input can be utilized to estimate room geometry [144, 145,150, 151, 152,
149] or the room surface mesh can be directly used [153]. Finally, some incorporate
inductive biases by designing (or training) models to encode properties of sound
propagation, such as the inverse square law [142], acoustic reciprocity [27, 141,
154], and propagation time delay [142]. This brings the models closer to acoustic
simulators. However, it remains unclear whether these models combine such laws
with room geometry information in a physically consistent manner.

Following the differentiable signal processing perspective of Section 1.5, this
chapter instead keeps an explicit acoustic forward model and optimizes its physi-
cally meaningful variables. Differentiable room acoustics models range from wave-
based methods [155], which are accurate but expensive, to geometric acoustics
methods [28, 156, 157, 158, 159], which solve the acoustic rendering equation
(ARE) [25] by treating sound propagation as rays. However, most prior differ-
entiable geometric acoustics models fix the material behavior and optimize only
reflection or absorption coefficients. Several recent hybrid approaches add neural
components to compensate for simulator inaccuracies [160, 161]; here, the comple-
mentary goal is to make the geometric acoustics model itself more expressive and
learnable.

In this context, Acoustic Radiance Transfer (ART) [25, 162, 163, 164, 165, 166, 167]
appears to be a particularly attractive geometric acoustics model. ART computes
time- and direction-dependent energy exchange between surface patches through
discretization, transforming the ARE into a finite linear system. This formulation
enables the use of arbitrary material properties while retaining high runtime

efficiency. Nevertheless, ART has not yet been considered within a differentiable
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signal processing framework.

To fill this gap, we introduce differentiable acoustic radiance transfer (DART),
a differentiable implementation of ART. The primary challenge of realizing DART
is the high computational cost; ART achieves its noted efficiency only at runtime
when its materials remain fixed, a condition that does not hold during optimiza-
tion. We overcome this challenge by introducing multiple techniques, including
kernel decomposition, frequency-domain computation, and sparse storage/oper-
ations. As a result, we significantly reduce memory and computational cost while
retaining flexible material parameterization.

We evaluate DART on acoustic field learning with sparse observations. In this
chapter, the predicted acoustic measurement is the acoustic energy response, or
echogram, of a novel source-receiver pair, rather than the full RIR waveform. While
this task might appear simpler, our investigation reveals that it is still highly chal-
lenging in many practical scenarios, such as sparse measurements (from 4 to 48),
multi-room scenes with diverse acoustic characteristics, and evaluation on un-
seen source/receiver regions. Existing baselines, such as the differentiable image
source method [28] and neural network-based approaches [80, 142], struggle in
these settings, often failing to beat simple nearest-neighbor or linear interpolation.
On the other hand, due to its grounded physical formulation, DART consistently
shows strong performance.

The subsequent analyses compare material parameterizations, test robustness
to geometric distortion, validate design choices through ablation studies, and
measure computational and memory cost. An open-source implementation of
DART accompanies this chapter; to our knowledge, it is among the first open-

source ART implementations beyond simplified versions [168, 169].

3.2 Background

3.2.1 Acoustic Rendering Equation

Definition — Accounting for the non-negligible speed of sound, Siltanen et al. [25]
extended the rendering equation for light transport [78] to the acoustic rendering

equation. Sound is regarded as a collection of “rays,” each carrying an acoustic
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Figure 3.1: The acoustic rendering equation (ARE) and acoustic radiance transfer
(ART). For a room boundary A, ARE states that a radiance from a surface point
x' € A with outgoing direction 2 equals all other radiances heading to the point
x' properly attenuated and delayed with a reflection kernel R. ART discretizes the
ARE into surface patches (two of which, A;, and A;, are depicted) and direction
bins (S, and S;;, visualized as cones). Arrows depict the direction vectors used
in the equations. Patches are shown as rectangles for clarity; in practice, triangle
meshes are used.

radiance L(z',Q,t) € RY, defined as the time-varying energy flux per unit pro-
jected area per unit solid angle. It is a function of surface point 2’ € 4, emitting
direction 2 € S, and continuous time ¢ € R, where A4 and S denote a room
surface geometry and the set of all unit-length direction vectors, respectively. See

Figure 3.1 for an illustration. The ARE reads
L@, 0, 1) = LO (2!, 0, 1) + / / Rz, 2, 0,1)  L(z, vy o0, dA(Z).  (31)
A

That is, the radiance is the sum of an initial term L(®) and the aggregation of other
radiances convolved (x) with a reflection kernel R. Here, v, ., = (z' —z)/||z' — z||
denotes a unit-length direction vector from a surface point x toward z’. Formal
definitions of L(®) and R will be introduced later. The use of radiance for room

acoustics is valid when the characteristic dimensions of the room geometry are
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orders of magnitude larger than the longest wavelength of interest [26].

Neumann Series — The ARE has a so-called Neumann series solution [78], where

the radiance L can be obtained as an infinite sum of k-th order terms,
L(z',Q.t) = L2, Q,t) + Y LW(2', Q,1), (32)
k=1

where each k-th order term L) (for k > 1) is obtained by recursive reflections of

the initial radiance L(©).
LD (2 0, 4) = / / Rz, 2/, 0,8) « L (x, 0, 0 DdA).  (33)
A

In practice, the series is truncated at a finite order, chosen large enough that the
remaining energy is perceptually negligible.

The reflection kernel is typically decomposed into four factors as
R(w, 2/, 2,1) = V(2,2)G(z,2') D(w, 2/, ) p(vyras % 7). (3.4)

The first term, V' (x, 2’), is a visibility function that equals 1 if 2 and 2’ are in an
unobstructed line of sight, 0 otherwise. The second term is known as a patch-to-
patch geometry, given as

|Uw’ﬁw ’ V(x/)||v$ﬁfv’ i V(.’L‘)|
G(z,z') = o 2|2

(3.5)

where v(z) denotes the unit-length normal vector of the surface A at z € A and
each dot product computes the cosine of the angle between the two vectors. Its
numerator is the product of two absolute cosines, corresponding to Lambert’s
cosine law for the source and reflecting patches. Its denominator corresponds to

the inverse square law. The third term models propagation delay, given as

D(z,2',t) = 5<t - M) (3.6)

C

where §(-) and ¢ denote the Dirac delta and the speed of sound, respectively.

We omit the attenuation due to air absorption for simplicity. These three terms,
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visibility, patch-to-patch geometry, and delay, depend only on the room geometry
A.

The last term p(v,/_,,,); 2') is the bidirectional reflectance distribution func-
tion (BRDF) [170], which describes how incident energy arriving from direction
Vs, 15 reflected into an outgoing direction (2 at the surface point z’. In this
chapter, we generalize this to the bidirectional scattering distribution function
(BSDF) [171], which, to our knowledge, has not previously been explored in ART.
While the BRDF is defined over a single hemisphere, modeling either exterior or
interior reflection, the BSDF extends both input and output domains to the full
sphere S. This enables the modeling of transmission, which is common in com-
plex multi-room geometries. We nonetheless retain the term “reflection kernel”

for consistency with the existing literature.

Injection — The injection process computes the initial radiance L(*), which rep-
resents the result of the emitted sound undergoing its first reflection (or transmis-
sion) at the room surface. For a source s emitting a unit impulse 6(¢), the initial

radiance is given by

I (chs—ma ) ‘/UJ,—%LS : I/(SIJ)‘
47 |z — ]| (3.7)

X V(ﬂjS) ﬂf)D(ﬂjS, Z, t)p(vaj%msu Vp—a’s LE)

L(O) (x7 Vg—a’y t) =

where z,, o,, and I'y denote source position, orientation, and directivity, respec-

tively.

Detection — A receiver r with position z,, orientation o,, and directivity I',

receives the power from the radiances as

’UI—)I,« . V( )‘
// T, Vg, )*F (Utr—m"vor) H.CC—l’ ”2 (3.8)

x V(z,x,.)D(z,z,,t) dA(z).
Finally, with the direct arrival from the source to the receiver,

Ly (Ve a5 05) 0 (Va5 Or)
A7 ||z, — 4|

ED(t) = V(wsyl'r)D(xsaxmt)v (39)
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we obtain a time-varying response called the echogram
E(t) = Ep(t) + B (1), (3.10)

which describes energy transfer from the source s to the receiver r under the room
geometry A. Each echogram can be used to synthesize an RIR with the so-called

auralization process, e.g., noise shaping [172].

3.2.2 Acoustic Radiance Transfer

Discretization — We first discretize the geometry into IV,,,; patches. The set of all
incoming and outgoing directions (the unit sphere S) is also partitioned into Ng;,
bins independently for each patch A,.

A == Al U---u AN

pat )

Then, in ART [25], a discrete radiance is defined as an average of the continuous
radiance over the discretized patch .4; and direction bin S;;. The continuous time

t is also discretized with sampling period At, yielding a discrete index n.

Liln] ://S //iL(x’,Q,nAt)dﬁjl) éf:’. (3.12)

Here, |A;| and |S;;| denote the area of the surface patch .A4; and the solid angle of

the direction bin S;;, respectively.
Assume that the continuous radiance is approximately constant within each

discretized patch and direction bin:
L($/7 Q, TLAt) ~ f/ik[n], z S Ai, Qe Sik~ (313)

Then, for a discretized reflection kernel defined as

Ryjln] = // // // / R(w,@,x',Q,nAt)dA(x)d@dA(x) d
Sik i Shj An ‘Al‘ ’SL/?|

(3.14)
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where we used the auxiliary reflection kernel given as
R(z,0,2',Q,t) = R(z,2',Q,t) - 6(Vyser — O), (3.15)

we obtain the discrete version of the ARE.

Npat Nair

Lig[n] n) + Z > Ryjarln] ® Li(n). (3.16)

=1 j=1
Here, ® denotes the discrete-time convolution. Throughout this chapter, hatted
symbols denote discretized quantities. Injection and detection can also be dis-
cretized accordingly, as we show later. The discrete ARE, injection, and detection
constitute the ART system, which converges to its continuous counterpart as the

discretization becomes finer.

Delay Network Interpretation — ART can be interpreted as belonging to the
family of delay networks, filter structures that recursively interconnect multiple
parallel delay lines. We derive the explicit relationship in Appendix 3.A. Also
belonging to this family are widely used artificial reverberation algorithms, such
as the feedback delay network (FDN) [101, 102] and scattering delay network
(SDN) [99]. However, ART differs in several aspects, including that it models
energy rather than pressure and operates at a much larger scale. As an example,
consider a room geometry mesh with N, = 400 surface patches and Ny;, = 256
direction bins. The total number of parallel delay lines is given by the number of
radiances, reaching roughly V,,q ~ 100k, orders of magnitude more than the tens
of delay lines typical of FDNs and SDNs.

Frequency-domain ART — Rather than solving the time-domain ARE (3.16) di-
rectly, one can solve its frequency-domain counterpart to accelerate the radiance
computation on a GPU. Consider a stack of all discrete radiances in the z-domain;

we denote such a collection with a boldface letter:

A~ A A A

L(2) = [L11(2), L1a(2), -+ 5 Lvyva, (2)]7 (3.17)

Similarly, let R(z) denote the matrix collecting all discretized reflection kernel
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elements. In this notation, the frequency-domain counterpart of the discrete ARE
(3.16) reads
L(2) ~ LO(2) + R(2)L(2), (3.18)

and the corresponding Neumann series (3.2 and 3.3) can also be written as [25]

i}( ~ L 0(2) + Z L(k) (3.19a)

LW (2) = R(z) L% Y (z). (3.19b)

Now, to obtain a length-7" echogram, we first solve the above z-domain ARE

(3.18) at the uniform samples on the upper half of the unit circle, i.e.,

2wy f
T )

Z = 2r = exp

where j = \/—1. Each solution can be obtained either by (i) direct inversion, i.e.,
explicitly forming the inverse matrix as in most prior differentiable delay networks
[83, 173, 174], (ii) direct solve, i.e., solving the linear system using factorization
methods [167], or (iii) computing the Neumann series (3.19) truncated to a finite
order No,ger- All three benefit from GPU parallelism, since each frequency bin has
an independent linear system.

For DART, we choose the truncated Neumann series, since direct inversion is
too costly at this scale. The series approach also allows us to leverage the sparsity
of the reflection kernel, significantly reducing the computation and memory costs
(see the following section). Note that explicit time-domain recursion [175, 176] is
also possible, but requires 7' > N4, steps, each involving convolutions rather
than elementwise multiplications.

After solving the frequency-domain systems, we apply the inverse Fast Fourier
Transform (IFFT) to obtain time-domain signals that approximate the first 7" sam-
ples of the discrete radiances L[n). The source of error is time aliasing, where the
tails n > T of the original signals are folded back into the range 0 < n < T
[177]. Therefore, unless additional techniques are applied, a sufficient number of

samples 7' is required to compute the echogram E [n] accurately.
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3.3 Methods

We aim to optimize the material properties of the surface patches. However, un-
der the current ART formulation, every optimization step updates the material
properties, requiring the discrete reflection kernel (3.14) to be recomputed, which
is prohibitively expensive. Also, convolution with the kernel (3.16 or 3.18) is costly
and memory-intensive. With the example from Section 3.2 (/V,,q ~ 100k), storing
the dense reflection kernel alone would require roughly N2, ~ 40GB of GPU
memory per discrete-time index n in single floating point precision. To address
this challenge, we introduce several techniques that together minimize the opti-

mization cost and make DART feasible. See Figure 3.2 for an overview.

3.3.1 Kernel Decomposition

Our first key ingredient is a kernel decomposition that decouples the effects of
the fixed room geometry from the learnable material properties, allowing us to

precompute the former before optimization.
Delay Decomposition — First, following prior ART methods [25, 163, 164], we
separate the propagation delay as

th,ik [n] ~ bhj [n] - ghj,ik- (3.21)

ZA?M [n] denotes a discrete delay signal for the radiance lAth [n] and S’hj,ik is a time-
independent, purely scalar-valued matrix. Factoring out the time-dependent prop-
agation delay significantly lowers the computational cost, reducing the number of
convolutions from N2, to N,.q.

Each discrete delay is realized with a linear fractional delay [178] to ensure

nonnegativity of energy quantities, given as
Dys[n] = ans8[n — [dn;]] + (1 = any)d[n — [d; 1], (3.22)

where |-] and [-] denote floor and ceil operations, respectively. Its linear weight
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and delay length are given as

an; = [dn;] = du;, (3.23a)

CZ o ffshj ffAh VA(x7 @)H.T - a:’(x, @)Hd.A(l’)d@
e At [[5, []4, Vale, ©)dA(x)d®

(3.23b)

Here, V4(z, ©) is an indicator function that equals 1 if the ray emitted from z in
direction © hits any point on the geometry A. z'(z, ©) € A denotes a surface point
where the ray first hits. Hence, the delay length dy, ; is the average travel delay of
the valid rays emitted from patch .4;, within direction bin S,; that hit any point
on the geometry A.

Visibility-Material Decomposition — After the above decomposition, the re-

maining scalar-valued matrix is given as

Shj,ik = //Sk // //Shj /Ah V(z,2")G(x,z")

dA(z') d
|Ail 1Sl

(3.24)
P(Vz 0, O 2)8 (0 — O)dA(2)dO

which still requires the nested integration of multiple terms, including the BSDF.
To reduce complexity further, we introduce an additional decomposition step (see

Figure 3.3 for illustration):
R Nair A
Snjir = Y VM. (3.25)
=1

The first term is the mean visibility matrix, which quantifies the fraction of the
propagated source radiance ﬁhj [n] * ﬁhj [n] visible from the receiving patch A;

with direction bin S;;. It is defined as

- dA(z") do
Vit = V(2 ® , 3.26
///A w( )T IS (326)

where V},;(2/, @) is another indicator function that equals 1 if the ray emitted from

z’ in direction ® will hit patch A, with an incident direction falling within S;,;. By

aggregating all delayed source radiances attenuated by the mean visibility matrix,
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Figure 3.3: Decomposition of the reflection kernel. The tree shows the two-level
factorization into the propagation delay Dy,;[n], mean visibility matrix V,,.;;, and
material matrix le,m The first step (3.21) separates the propagation delay from
the reflection kernel, so that it is applied to each source radiance Ly [n]. The second
step (3.25) factorizes the remaining matrix Sy, ;; into two matrices; each delayed
radiance is first attenuated by the mean visibility matrix to yield the incident
radiance L( ") [n], and then multiplied by the material matrix to yield the outgoing
radiance le[ ]. The direction bins of source, incident, and outgoing radiance are
visualized in shades of orange, green, and blue, respectively, and arrows © € Sy,
® € §;, Q € S, mark the corresponding directions as used in the text.

we obtain an incident radiance ﬁf.}“) [n] for each reflecting or transmitting patch A;
and incident direction S;;.

The second term, the material matrix, models the effect of the BSDF and con-
verts the incident radiance I:SH) [n] into contributions to the outgoing radiance
Lig[n]. It is defined as

Mil,z’k = // // pi(®,Q)[® - v;|dP a . (3.27)
su s, |Si|

As in the ARE discretization (3.13), both terms rely on a locally constant assump-

tion: the BSDF p; is uniform within each patch A;, and the mean visibility is
constant within each directional bin. The same assumptions underlie the injection

approximation introduced later (3.40); all such errors vanish as the discretization
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becomes finer. Refer to Appendix 3.B.1 for the derivation.
The discrete delays D[n] and the mean visibility matrix V can be computed
once and stored prior to optimization, as they only depend on the fixed room

geometry.

3.3.2 Material Parameterization

The material matrix M still requires numerically integrating the BSDFs during
optimization. We explore two strategies that sidestep this cost, corresponding to

two variants of DART.

Unconstrained (UC) Variant — We can bypass the integration and directly learn
the matrix entries, factorized into a reflection coefficient cv; € [0, 1) per patch A;
and a lossless (energy-preserving) [165] matrix M.
Nair
Mfzgf) = a; My i1, z My = 1. (3.28)
=1
The unconstrained approach is particularly useful when only approximate meshes
are available, as is common in practice. Geometric errors in such meshes, whether
missing or misplaced fine details, produce rich diffraction and scattering patterns
that can be approximated with complex BSDFs on the simplified geometry [179,
180]. The maximal flexibility of the material matrix allows the unconstrained DART

to learn such details.

Parametric (P) Variant — Alternatively, we can model each patch’s BSDF p; as a

convex combination of predefined Ngspr BSDFs, each denoted as p; ,,,, as follows,

NBspr

pi(®,Q) = ;> Bimpim(®,Q), D Bim =1, (329)

m=1

where f;,, € [0,1) denotes the combination weights. Then, the corresponding

material matrix also becomes a convex combination of the BSDF matrices.

~ P Nespr R
Mi(l,i,)k = Z Bi.m Mt ik, m.- (3.30)
m=1
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Each BSDF matrix follows the definition of the material matrix (3.27) and is given

. ds
Mit o = / / / / P (B, )] - 1] dD- (3.31)
: Sik Si : |’Slk‘

and it can be precomputed since each component BSDF p; ,, is fixed. We let both

as

reflection coefficients a; and combination weights f3; ,,, be learnable. As component
BSDFs, we use the ideal specular and diffuse reflections [25]. For multi-room

scenes, we also include specular and diffuse transmissions. Their definitions are

given as
iffuseReflection 1
PZ(D ffuseReflect )(q), Q) = ;ﬂsgn(i’»w):sgn(ﬂ-w)a (3.32a)
iffuseTransmission 1
pyreet '(@,0) = —Lsgn(@v)2sgn(@na) (3.32b)
- 5(® +Q — 20,)
(SpecularReﬂectlon) d.0) = % 3132
% ( ) ) ’(I) ] Vi‘ 9 ( C)
ecularTransmission 6 (b Q
pgSp larTransmiss )(q)’ Q) = W (3.32d)

sgn(-) denotes the sign function and 1 is an indicator function, which equals 1
when the condition holds, 0 otherwise. This parametric DART is consistent with
standard material choices in room acoustics modeling, providing more compact
and interpretable parameters (Npspr + 1 parameters per patch, versus N3, + 1
for unconstrained DART).

3.3.3 Radiance Computation

Aliasing Suppression — For optimization, it is unnecessary to compute the full-
length echogram because, after sufficient reflections, the sound field becomes
diffuse, and the remaining response can be well approximated by an exponential
decay. However, using a short echogram length 7" in the frequency domain leads
to coarse sampling and introduces the aforementioned time aliasing. To mitigate
this, we employ the recently proposed technique [181], sampling outside the unit
circle:

e po0 (12, (339)

Z=Z2Tq~,f =7
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Here, v € (0, 1) denotes a constant circle radius that controls the amount of aliasing
suppression. By applying this sampling scheme to the truncated series (3.19) with

the decomposed kernel (3.21 and 3.25), we can in practice compute the radiance

by

Norder
Lin] ~ /" -IFFT| > L™ (21, f)l , (3.34)
k=0
where the k-th term is given as
L) (7. ) = MV | D(21,,0) © L% (27, )] (3:35)

where © denotes elementwise multiplication. The frequency-domain initial radi-

ances and delays can be obtained by

A~

L (zr, ) = FET |5/ "L, (3.36a)

D(zr., ;) = FFT [yn/Tﬁ[n]] . (3.36b)

Sampling outside the unit circle damps the problematic tails n > 7" with an
exponentially decreasing window /7, thereby reducing the aliasing by more

than a factor of . We leave the derivation of this error bound in Appendix 3.C.

Leveraging Sparsity — We implement the core computations using sparse tensors
and operations. For instance, prior to optimization, we identify discrete radiances
that never send or receive energy and therefore never contribute to the echogram.
We can remove corresponding columns and rows from the tensors, which reduces
the number of discrete radiances to N,.q < N,.q and yields more compact tensors
(denoted with a subscript r). Furthermore, even after the reduction, the mean
visibility and material matrices are highly sparse; their numbers of nonzeros are

denoted as Nyis, Npat < Nf

a

4 respectively. Hence, we compute the Neumann

series terms (3.35) with sparse matrix multiplications spmm as

£ = spmm (M, spmmn (V.. B, © L), 637)
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where the tensor shapes are given as
ﬁgk)’ i/gk—l)’ f)r c CNradXLT/2+1J’ Mr, Vr € RMraaxNraq (3.38)

We use two consecutive sparse matrix multiplications because their product would

be substantially denser than either factor.

Complexity Analysis — We applied factorization and sparse operations to the sin-
gle dense reflection kernel. As a result, the computational and memory complexi-
ties of a single reflection step in the frequency domain are improved, respectively,

to:

O<Nr2ad ) O(NradT) + O(wa ) + O( matT) (339&)
O(NuT) = O(NradT) + O(Nyis) + O(Ninar), (3.39b)

where the three terms correspond to the complexities of applying delays, mean
visibility, and material matrices, respectively. The actual sparsity ratios depend on
the room geometry and discretization resolution; however, in practice, a significant
fraction of discrete radiances can be pruned, and both matrices are highly sparse
relative to V2 ,, with densities on the order of 10~ to 10~2. The visibility matrix
is typically the sparser of the two by roughly an order of magnitude, since most

patch-direction pairs lack line-of-sight connectivity.

3.3.4 Injection and Detection

Injection — We obtain the discrete initial radiance f)gg) [n] by discretizing its con-
tinuous counterpart (3.7). Using analogous locally constant approximations (refer

to Appendix 3.B.2 for the derivation), we can decompose it as

(0) Pz(lm)[ }
L E le ik (3.40)
l
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where P{™[n] is the incident power from the source arriving at patch A; from

direction bin S;;, defined as

de

o (3.41)

P[] = Dyaln] / /S T.(0, 0,)Va(zs, ©)

Here, D, ;[n] is a discrete delay signal encoding the average propagation delay
from the source s to patch A; in direction bin §;;, and the integral accumulates
the directivity-weighted visibility over all ray directions. In practice, the incident
power is computed via Monte Carlo, by shooting rays from the source and ag-
gregating their contributions into the corresponding patch-direction bins. The
dividing term G, is a precomputable constant, called the integrated geometry,

which converts the incident power into incident radiance.
Ga=1Al [[ |®-vd0. 6.42)
Sit

The material matrix Mmk then scatters the incident radiance into the initial (out-
going) radiance.

We apply the material matrix rather than an explicit BSDF evaluation for the
first reflection, departing from prior ART methods. In those methods, the BSDF is
sampled directly via ray tracing during injection; during optimization, this would
require maintaining the BSDF explicitly and recomputing the material matrix
(3.27) from it at every step to keep the system consistent. By using the material
matrix directly for injection, we avoid this recomputation. This introduces a minor
approximation but also reduces variance from ray tracing stochasticity, making

DART less sensitive to the number of injection rays.

Detection — Similarly, discretizing the continuous detection (3.8) yields

Npat Nair
Ep[n] ~ Z Z Wiik[n] ® Lix[n] (3.43)
i=1 k=1

where W, ;[n] is the detection weight for patch A, and direction bin S;y, defined

as

Woaln] = Dyl / /S T8, 0,)Vik (s, ©)dO. (3.44)
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As in the injection, IA)m-k [n] encodes the propagation delay from patch A; to the
receiver r, and the integral accumulates the directivity-weighted visibility. The
detection weight is convolved with the radiance L;[n] and summed over all patch-
direction pairs to yield the detected power E[n]. In practice, we use the sparse
radiance discussed in Section 3.3.3 for both injection and detection, which we
omit for brevity. Finally, after computing the direct arrival Ep[n], we obtain the
echogram E[n], which is multiplied by an auxiliary learnable gain g € R* to match

the scale of the target echograms.

3.3.5 Learnable Directivity

In practical scenarios, the source directivity I'; (or receiver directivity I',) may be
unknown. We employ a learnable, axially symmetric directivity module inspired
by DiffRIR [28]. We introduce K learnable parameters k1, - - - , Kk at equispaced
angles ¢, from 0 to 7. For a ray with outgoing direction ©, let 6 be its angle from
the principal axis o. The directivity is a softmax-weighted sum of x;, with weights

determined by the angular distance |# — ¢| and a temperature A > 0:

K
exp(~A0 — éu])
I'(e, = . 3.45
(©:0) ;zilexm—w—m“k (349

3.4 Experimental Setup

3.4.1 Benchmarks

We evaluate DART with two real-world datasets. First, we use the Hearing Any-
thing Anywhere (HAA) dataset [28]. The HAA dataset comprises four scenes:
Classroom, Hallway, Dampened, and Complex. Each scene features several
hundred RIR measurements with varying receiver positions, all from a single
fixed source. We follow the same split as initially proposed: 12 RIRs for training,
half of the remaining RIRs for validation, and the remaining ones for testing. The
HAA dataset also provides rough room geometry meshes, which are used for
DART and other baselines; Figure 3.4 shows them.

While the HAA dataset serves as an excellent benchmark, it also has some
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(a) Classroom

2.5
2.0
15 ?
1.0
0.5
0.0

(c) Dampened (d) complex

Figure 3.4: Room geometries of the Hearing Anything Anywhere (HAA) dataset.
Triangles indicate source positions and small dots indicate receiver positions.
Black, blue, and red colors denote train, validation, and test data, respectively.

weaknesses: each scene consists of only one room, and is measured only with
a single fixed source position and orientation. This motivates us to comple-
ment it with a more challenging Coupled Room (CR) dataset [182]. The CR
dataset also comprises four scenes: Of fice — Anechoic,Office — Stairwell,
MeetingRoom—Hallway, and Of fice —Kitchen. Each scene, denoted in the
form RoomA — RoomB, has two rooms, RoomA and RoomB. 101 receivers are po-
sitioned around the transition area from RoomA to RoomB, and four sources are
considered with different positions and orientations, two in each room. See Fig-
ure 3.5 for an example, and Figure 3.6 for qualitative results on this split. Since
the CR dataset provides a floor plan and the ceiling height for each scene, we
construct each room geometry mesh ourselves. Similar to the HAA dataset, these

meshes are coarser than the actual room geometries, omitting interior objects and
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(b) Office — Stairwell

(c) MeetingRoom — Hallway (d) Office — Kitchen

Figure 3.5: Room geometries of the Coupled Room (CR) dataset. The coupled
room split is visualized, with RoomA shaded in green and RoomB shaded in red.
Triangles indicate source positions and small dots indicate receiver positions.
Black, blue, and red colors denote train, validation, and test data, respectively.

fine architectural detail.

For the CR dataset, we consider two data splits to analyze the models’” behav-
ior under different scenarios. In the first one, called random split, we sample three
receiver positions for each source (hence, a total of 12 samples) and use them for
training. We sample another 12 non-overlapping source-receiver pairs for vali-
dation in the same way, and the remaining samples form a test set. The other
one, called unseen split, tests the models under completely unseen source/receiver
pairs. As shown in Figure 3.5, the training uses two sources, each with six re-
ceiver positions (again, a total of 12 samples). The validation uses one remaining
source in RoomA with six different receivers. For the testing, we use the remaining

source in RoomB with 32 different receivers. Hence, this split tests whether the
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models can generalize and accurately estimate sound propagation, beyond merely
interpolating the observations.

All RIRs are resampled to a 16kHz sampling rate. The sampling rate of the
discrete radiance is set to 1kHz, as it has been shown to be sufficiently close
to the continuous-time ART [165]. We obtain each echogram by squaring the
corresponding RIR and summing blocks of 16 consecutive samples. We consider
RIRs or echograms of 0.32s length, i.e., T = 320.

3.4.2 Metrics

We compare the predicted echograms and their corresponding ground truths with
the sample-level /; distance (L1). We also consider three reverberation parameter
distances: reverberation time (T60, in %), early decay time (EDT, in seconds), and
clarity (C50, in dB). Each model is validated at 25 regular intervals during its

optimization, and then the best checkpoint is selected for the final test.

3.4.3 Implementation Details

Discretization — For surface discretization, we subdivide the room geometry
into small triangle patches. Specifically, we subdivide the raw parallelogram
mesh into approximately equal-area parallelograms, ensuring no edge exceeds
a specified maximum length, and then split each into four triangles along its
diagonals. The resulting patch count ranges from 120 (Hallway, HAA) to 260
(0ffice — Anechoic, CR). We let each subpatch have its own independent ma-
terial parameters. Each patch’s direction sphere S is partitioned into a grid of
N,,; = 12 azimuths and N, = 12 elevations, i.e., Ng, = 144, with equal solid
angles. For further analysis of how these surface and directional resolutions affect

optimization, see Appendix 3.E.

Radiance Computation — We set the truncated Neumann series order N4, for
each scene based on its geometric scale. We divide the total propagation length
(= 110m for a 0.32s echogram) by the shortest room dimension to upper-bound
the number of repeated reflections, which sets the truncation order. The resulting

values range from 25 for the Complex scene to 72 for the Hallway scene. We
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empirically observed that this choice was sufficient to model the dominant energy
contributions within the echogram duration; increasing the order beyond these
values produced only negligible changes in the predicted echograms. For the time
aliasing suppression, we use v = 1072, which reduces the aliasing error by more
than 20dB. We found this value to be sufficient, and using a smaller v amplified
numerical noise due to the exponentially increasing window (3.34), consistent

with prior observations [181].

Ray Tracing Monte Carlo — Several ART components are computed via Monte
Carlo ray tracing. For the mean visibility matrix, we sample 10 x 10 points on each
patch and shoot 4096 rays from each point, totaling Np,ecompute = 100 X 4096 X Nyt
rays; the propagation delays are obtained from the same traces. For injection and
detection, we shoot 10k rays each, using stratified sampling on the patch and

direction grid.

Directivity — As both datasets employ directional speakers and omnidirectional
microphones, we learn only the source directivity I'y, with scale A = 8and K =

128 directions, and omit the receiver directivity I',.

Core Libraries — We use PyTorch [183] for the implementation. For efficient
sparse computation and backpropagation, we rely on pytorch_sparse! and

pytorch_scatter? NVIDIA Warp [184]is used for efficient ray tracing.

3.4.4 Optimization

Learning Objective — As a main optimization objective, we use an echogram loss
defined as
Lichogram = Lamvse + Lepc- (3.46)

lgithub.com/rustyls/pytorch_sparse
2github.com/rustyls/pytorch_scatter
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Lxuse is a normalized mean square error (NMSE) between the predicted

echogram EP™[n] and its ground truth E™[n],

Epred[n] - Etrue [n] 2
H |

Lxmse = (3.47)

HEtrue [n] H2

Lgpc is a normalized mean absolute error of the energy decay curve (EDC), an

inverse cumulative sum of an echogram [74].

HEDC(EPred)[n] — EDC(E"™)[n]

Lrpo = L (3.48)

HEDC(E“ue)[n] H

1

The NMSE loss Lnxusk focuses on the high-energy region, i.e., direct arrival and

early reflections, while the EDC loss Lgpc focuses on the reverberation decay.

Parameterization and Initialization — All learnable parameters are stored as
unconstrained tensors and mapped to valid ranges via nonlinear activations (e.g.,
sigmoid for the reflection coefficients o). We initialize the reflection coefficients
a to 0.5, source directivity I'y as omnidirectional, and the global gain g to 1. The
combination coefficients 3 of parametric DART are initialized to have a 0.95 :
0.05 reflection-to-transmission ratio and 0.8:0.2 diffuse-to-specular ratio, and the
lossless matrix M of unconstrained DART is initialized to what the parametric
model’s initial combination coefficients 3 would yield. With these settings, both

variants initially predict identical echograms for the same source—receiver pair.

Optimization Setup — We use the AdamW optimizer [185] with a batch size of
1. We employ a base learning rate of 1072 for the reflection coefficients ¢, source
directivity I';, and global gain g, and one fourth of the base learning rate for the
lossless matrix M and combination coefficients (3, so that fine scattering patterns
are learned after coarser parameters. The parameter learning rates are annealed
to zero using a cosine scheduler. We optimize DART for 25k steps, which takes no
more than 2.5 hours with a single NVIDIA RTx4090 GPU.
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3.4.5 Baselines

Low Anchors — Following prior works [80, 142, 28], we use nearest neighbor and

linear interpolation as the simplest baselines.

DiffRIR — DiffRIR is a differentiable image source method (ISM) introduced with
the HAA dataset [28]. It models each RIR as an early specular component and a
late reverberation residual. The early component is computed via the ISM, where
the energy of each image source path is determined by surface reflection coeffi-
cients, source directivity, and air absorption. The late reverberation is a learnable
residual signal shared across the scene. We adopt the official code with minor

hyperparameter adjustments, e.g., sampling rate, to match our benchmark setup.

INRAS — Inspired by ART, INRAS [80] employs three neural network encoders
corresponding to injection, reflections, and detection. These encoders take “bounce
points” sampled from the room geometry, or their relative positions with respect
to the source and receiver, as input. Then, a neural decoder aggregates the latent
features from the encoders and predicts the RIR. Starting from the official imple-
mentation, we adapt it to our benchmark setup: bounce points are taken from the
(subdivided) mesh patch centers, source orientation is provided to the injection
encoder, and the stereo “listener module” is removed for mono output. We train
INRAS with a batch size of 4, a learning rate of 5 x 10~°, and 125k optimization
steps.

AVR — Acoustic volume rendering (AVR) [142] extends differentiable volume
rendering in vision [186] to acoustics by accounting for the nonnegligible speed
of sound. An RIR is modeled as the aggregation of contributions from all incom-
ing directions at the receiver. For each direction, a ray is cast into the scene and
contributions are accumulated along the ray based on a neural-network-predicted
volumetric density and source signal, accounting for propagation delay, distance-
based attenuation, and transmittance. Unlike the other baselines, AVR does not
take explicit room geometry as input. Since AVR tends to overfit on sparse mea-

surements, we train it for 2.5k steps with a 2 x 1074 learning rate.

Echogram Variants — The neural baselines, INRAS and AVR, were originally pro-
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posed for RIR prediction, which could be more challenging than echogram predic-
tion. Therefore, for a fair comparison, we also train echogram variants, modified
to predict energy quantities, e.g., using softplus activation for non-negativity, and
trained with the same echogram loss Lgchogram as DART. We denote these variants
with “w/ echogram” or “(E).” We do not include an echogram variant of DiffRIR,
as it did not yield improved results in preliminary experiments. We keep the same
hyperparameters for the echogram variants, except for AVR (E), which is trained

for 50k steps, longer than the RIR-predicting AVR, as it exhibits less overfitting.

3.5 Results

3.5.1 Main Results

Table 3.1 summarizes the average evaluation results for each benchmark.

Both DART variants perform well across all three benchmarks, with a wider
margin over the baselines on the more challenging CR benchmarks. The uncon-
strained (UC) variant generally achieves the strongest results, while the parametric
(P) variant remains competitive despite its constrained material model. For rever-
beration time, the results are more mixed: the unconstrained variant does not
always lead but remains close, while the parametric variant occasionally strug-
gles. DART’s advantage is largest in the remaining metrics, which reflect acoustic
characteristics that vary considerably with source and receiver position and ori-
entation.

The neural baselines, INRAS and AVR, struggle to surpass even simple nearest-
neighbor and linear interpolation. While this contrasts with prior results on larger-
scalebenchmarks [147, 148] where orders of magnitude more data were available, it
is consistent with more recent findings under sparse conditions [28, 149], suggest-
ing that these models lack sufficient inductive bias to produce physically plausible
predictions from limited data. The echogram variants generally show slightly bet-
ter results than their RIR counterparts on the HAA and CR (unseen) benchmarks,

while the comparison is mixed on CR (random).
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3.5.2 Qualitative Analysis

The CR (unseen) setup is the most challenging among the three benchmarks, as
it requires models to generalize to entirely new source and receiver regions. We
examine its test results in detail. In Figure 3.6, for each scene, the test echograms (in
decibels) are vertically stacked and visualized as a matrix, where each echogram
corresponds to a row. Then, signed residuals of the model predictions are shown,
each defined as

£ = 10log,, EP*4[n] — 101og,, E[n]. (3.49)

It reveals that the neural baselines, regardless of the optimization target (RIR or
echogram), fail to accurately reconstruct both early and late parts of the echogram.
For example, INRAS, despite its architecture being inspired by ART and hav-
ing access to geometry and source/receiver positions, was unable to estimate
direct arrivals, possibly because the corresponding delay lengths were unseen
during training. Among the baselines, DiffRIR performs best, owing to the phys-
ical grounding of its ISM backbone. However, its early reflection model captures
only specular paths, missing scattered energy, while its single shared residual for
late reverberation cannot adapt to the varying reverberation decays across differ-
ent source—receiver pairs. In contrast, DART, regardless of the parameterization
method, consistently achieves lower errors than any baseline.

We observe that the baselines especially struggle at the Office — Anechoic
and Office — Stairwell scene. These scenes comprise two coupled rooms
with drastically different acoustic properties, e.g., Anechoic having much lower
reverberation time than Of fi ce. The baselines, trained on measurements from re-
ceivers only in Office, did not capture this and overestimated the decay. DART,
by contrast, recovered markedly different reflection coefficients for the two rooms
and, as a result, retained its accuracy for those challenging scenes. The optimized
per-patch reflection coefficients a, - - - , ay,,, of the parametric variant are visu-
alized in Figure 3.7, where the two rooms of these scenes take on clearly different
values. For the other two scenes where all the baselines performed relatively well,
DART predicted nearly homogeneous reflection coefficients across the two rooms.
Notably, DART recovered this difference without any receiver inside RoomB, e.g.,

Anechoicin Office — Anechoic, during optimization.
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— 0.8
(a) MeetingRoom — Hallway (b) Office — Anechoic - 06
— 0.4

—0.2

(c) 0Office — Kitchen (d)Office — Stairwell

Figure 3.7: Optimized reflection coefficients of parametric DART, CR un-
seen split. Each mesh shows the optimized per-patch reflection coefficients
ag, -+ ,ay,,, for one Coupled Room (CR) scene. Higher reflection coefficients

(more reverberant) are shown in red and lower reflection coefficients (more ab-
sorptive, anechoic) in blue.
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3.5.3 Material Parameterization Comparison

The evaluation results indicate that the unconstrained DART generally outper-
forms the parametric DART. To further investigate the effects of different material
parameterizations, we visualize the spatial energy distributions predicted by these
two variants. We choose the 0Of fice — Anechoic scene from the CR dataset (ran-
dom split), and the full energy is computed as a sum of the predicted echogram
E[n] over time n. We also visualize the sum of direct arrival Ep[n] and detected
energy components F [n] separately. Two source configurations are evaluated:
one seen source in Of fice and one unseen source in Anechoic. Receivers are
positioned on a regular grid with 0.1m spacing at 1.5m height.

Figure 3.8 shows the results. Regardless of the parameterization, both DART
variants respect the surrounding room geometry and predict valid energy distri-
bution fields. However, we observe several differences. First, the source directivity
of the parametric DART deviates slightly from typical radiation patterns. Second,
in the unseen configuration, parametric DART exhibits irregular patterns in the
scattered field produced by the radiances. We suspect that this is caused by the
model trying to match the small number of measurements in the local receiver
region (the small transition area between Of f i ce and Anechoic) with limited de-
grees of freedom. In contrast, the unconstrained DART produces smoother source
radiation and energy fields. It also has fewer visible discontinuities caused by the
patch and direction discretizations.

We also visualize the learned scattering patterns of representative surface
patches of the MeetingRoom — Hallway scene. Because each lossless mate-
rial matrix encodes scattering responses for all incident directions, we sample a
single row, corresponding to a single incident direction, from the matrix for each
patch. Figure 3.9 shows the results. The unconstrained DART converges to a wide
range of scattering patterns, such as broadened or anisotropic lobes, whereas the
parametric DART is limited to combinations of predefined BSDFs. It produces no-
ticeably different, possibly less realistic, reflection-to-transmission ratios in some
patches, likely a consequence of fitting the observations under its constrained

parameterization.
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3.6 Further Analysis

We conduct additional experiments to further analyze DART. All eight scenes from
the HAA and CR datasets (random split) were used for evaluation, and we report
the average results. We retain all baselines except the RIR-predicting versions of
the neural models, as they did not improve over their echogram counterparts in

the main benchmarks.

3.6.1 Effect of Measurement Quantity

We assess the effect of measurement quantity by optimizing the models with
extremely sparse to moderate numbers of measurements, ranging from 4 to 48.
The top row of Figure 3.10 shows the results. Most models exhibit an expected
trend: more data yields improvement across all metrics. The unconstrained DART
shows consistently strong performance across the entire range. The parametric
DART, by contrast, shows mixed results: while competitive in some metrics under
data-scarce conditions, it underperforms in others, e.g., reverberation time and

clarity, with this gap widening as more measurements become available.

3.6.2 Sensitivity to Geometry Distortion

DART depends on the room geometry, which in practice is known only approx-
imately. The benchmarks above already use coarse meshes that omit fine archi-
tectural detail, yet DART, especially the unconstrained variant, achieved strong
results. This result is consistent with the prior work that showed geometry can be
substantially simplified while preserving key acoustic parameters [187]. To further
stress-test this robustness, following prior works [28, 145], we optimized DART
and other baselines on synthetically distorted meshes, created by perturbing each
vertex by uniform noise u ~ U[—s, s), varying the scale s from 0.125m to 1m. The
echogram measurements are kept unchanged.

The bottom row of Figure 3.10 shows the results. The unconstrained DART re-
tains its performance well up to 0.25m distortion, likely because the low radiance
sampling rate (1kHz ~ 0.34m spatial resolution) makes sub-resolution perturba-

tions negligible and the flexible material matrix can adapt to modest geometric
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RoomB Ceiling Separating Wall Door

DART (UC)
3D View

DART (UC)
Side View

DART (P)
Side View

-36 —24 -12 0 -36 —-24 -12 O
Reflection (dB) Transmission (dB)

Figure 3.9: Example learned scattering patterns of DART. Three representative
surface patches from the Meet ingRoom — Hallway scene are shown, each corre-
sponding to one column. Each black dotted line indicates the incident direction.
The colors and lengths of the arrows in the reflected and transmitted patterns are
shown on a decibel scale. Surface patches are visualized as rectangles for clarity,
although they are triangular and vary in shape and size in the actual geometry.
The materials of the unconstrained DART are shown in a three-dimensional view
(top row) and a side view (middle row), while the materials of the parametric
DART are shown only in a side view (bottom row) for brevity.
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changes. At the largest distortion (s = 1m), however, the gap to even the simplest
baselines shrinks, as such perturbations effectively erase critical geometric features
(e.g., room dimensions, aperture sizes). The parametric DART is more sensitive
to severe distortion due to its limited flexibility. DiffRIR exhibits a similar trend
but with less degradation, potentially due to its learnable residual signal. INRAS
(E), despite taking geometry as input, does not show a clear trend, suggesting that
its ART-inspired architecture might not utilize the geometry in the same way as
ART itself. The remaining baselines do not rely on geometry and are therefore

unaffected.

3.6.3 Ablation Study

We evaluate the various design choices and hyperparameters of DART; Table 3.3
reports the results, along with the parameter count, memory usage (in GB), and
iteration time (in ms) for each variant during training and inference (measured
with a single RTx4090 GPU). In addition to the base 12-measurement setup, we
include a 48-measurement setup to investigate the effects of data availability on
each configuration.

First, we verify that allowing each subpatch to have its own independent ma-
terial parameters is advantageous, as the shared variant gave degraded results in
most metrics, especially in T60 and C50. This gap was particularly pronounced for
the parametric DART, which has orders of magnitude fewer parameters than the
unconstrained one, so further restriction was especially detrimental.

Next, we varied the discretization resolution for the unconstrained variant.
For the patch resolution, we roughly halved or doubled the number of patches
by adjusting the mesh subdivision parameters. For the directional resolution,
we explored 8 x 8 and 16 x 16 grids, compared to the base 12 x 12. With 12
measurements, resolution has no clear effect on performance. However, with 48
measurements, finer patch and directional resolutions consistently improve the
results, suggesting that the optimal discretization depends on data availability.
That said, increasing the resolution also comes with increased computational
cost, and the gains from finer discretization may not always justify this cost; the

most lightweight variant, with both coarser patch and directional resolutions,
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still achieves competitive results with significantly fewer parameters and faster
runtime. The base setting offers a good balance between computational cost and
performance.

We also examined special cases of the parametric DART: optimizing the reflec-
tion coefficients under fixed scattering properties (only specular or only diffuse
reflection), as in prior works [149, 156, 159, 158, 157]. Both restrictions degraded
the results, confirming the importance of flexible material properties.

Finally, we validated the two nontrivial approximations that we introduced for
DART: the visibility-material decomposition (3.25) and the use of the material ma-
trix for injection (3.40). For the parametric variant, whose predefined component
BSDFs are known, each can be disabled: the decomposition by precomputing the
full matrix (3.24) per component, and the material matrix injection by reverting to
explicit single-bounce ray tracing. For the unconstrained variant, disabling either
would require explicit BSDF parameterization and numerical integration, signifi-
cantly increasing computational cost and system complexity. We therefore test on
the parametric variant only.

The last two rows of Table 3.3 report the results. Removing the decomposition
shows no clear performance difference but incurs a significant slowdown, as the
full matrix is much denser than its decomposed factors. Using explicit injection
slightly degrades most metrics, likely due to increased stochasticity from ray trac-
ing. Overall, these results confirm that both approximations are reasonable, while

the decomposition additionally provides a clear computational advantage.

3.6.4 Computational Cost

Table 3.2 lists the asymptotic work complexity and measured execution time of
each operation in the unconstrained DART. Operations marked with the approx-
imation symbol ~ involve ray tracing, whose exact complexity depends on the
scene geometry and the implementation; the log N, factor reflects acceleration-
structure traversal for ray-triangle intersection.

The precomputation of fixed components such as the mean visibility matrix and
propagation delays is performed once per scene before optimization. The visibility-

material decomposition (3.25) reduces the four nested integrals (or three, if we
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Table 3.2: Asymptotic work complexity and execution speed (in ms) of each
operation in DART.

Operation Work Complexity Speed
Precomputation ~ O(Nprecompute Npat 108 Npat) 406.8
Injection ~ O(Nyay 10og Npag + NiatT) 5.2
Delay O(Norderz\zde) 2.6
Visibility O(Noraer Nois T) 12.4
Material O(Norder NmatT) 33.4
Accumulation O(Norder NyadT) 2.6
FFT & IFFT O(N;agTlogT) 0.2
Detection ~ O(Nray log Npat + NyaaT logT) 5.8
Total (sync) — 62.2
Total (wall clock) — 56.6

collapse the Dirac delta) of the full scalar-valued matrix (3.24) to at most two surface
integrals for the mean visibility matrix (3.26). Precomputing these decomposed
factors is therefore substantially cheaper than precomputing the full matrix, but
would still dominate the overall training time unless performed beforehand.

The main iterative radiance calculation is the most costly part. Each of the N, ge;
reflection steps is sequential, as it depends on the previous step’s output. Within
each step, the batched sparse matrix multiplications are performed in parallel. The

sparsity ratios, averaged across all tested scenes, are

Niad ~ 5.8 x 107 Ny, (3.50a)
Ny ~ 89 x 107*N2, = 3.0 x 107 N2, (3.50b)
Niat & 5.6 x 107°N2 ;= 1.9 x 107°N2,. (3.50c)

Applying the material matrix is the most costly step, as this matrix is roughly six
times denser than the mean visibility matrix. The delay and accumulation steps
are relatively lightweight, as they involve only elementwise multiplications and
additions on the frequency-domain radiances, respectively.

Injection and detection each involve one set of ray-triangle intersection tests,
parallelized over V., rays. The detection and direct-arrival tests are fused into a
single pass. Finally, the T'log T" terms correspond to the FFT and IFFT required for

the frequency-domain radiance computation and the frequency-domain convolu-

112



tion for detection, respectively.

The per-operation times reported in Table 3.2 are measured with GPU syn-
chronization barriers. The actual wall-clock time is 56.6ms, slightly shorter than
the sum of the per-operation times, as the GPU pipelines consecutive operations.

Inference time is scene-dependent, mainly driven by the truncation order and
number of radiances: 87ms for Complex, 34ms for Dampened. Overall, the in-
ference time of DART is higher than that of the other baselines, approximately
5ms except for AVR at 11.5ms. Still, this gap can be narrowed by reducing the
discretization resolution, which drops inference time to 13.4ms with only a mod-
est performance tradeoff (see Table 3.3). We can further apply ART acceleration
techniques after optimization, e.g., precomputing and compressing the transport
matrix [188, 165]. When evaluating multiple receivers for the same source, DART
can reuse the computed radiances and perform only separate detections, reducing

per-query cost.

3.7 Conclusion

This chapter introduced DART. By decomposing the reflection kernel into mean
visibility and material matrices, computing radiance via a frequency-domain trun-
cated Neumann series, and exploiting sparsity, we achieved tractable end-to-end
optimization on a single GPU. Experiments on real measurements showed that
DART performs favorably against existing baselines, especially in various chal-
lenging yet practical scenarios.

We presented two variants: unconstrained DART, which learns free-form ma-
terial matrices, and parametric DART, which constrains them to convex combina-
tions of predefined BSDFs. The unconstrained variant generally achieved stronger
results than the parametric variant owing to its greater flexibility and ability to ab-
sorb geometric distortions, yet this gap may narrow with richer component BSDFs
[189].

DART can be extended in multiple ways. Examples include adding diffraction
modeling to ART [190]. We can also combine other geometric acoustics models,

e.g., the image source method, to mitigate blurred specular components caused
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by the spatial discretization. Incorporating learnable delay lines [175] could help
compensate for inaccurate propagation delays caused by geometric distortion,
beyond what the unconstrained material matrices can absorb. Furthermore, while
we introduced various techniques to improve efficiency, they do not fundamentally
change the quadratic complexity in the number of radiances, which currently limits
DART to geometries with up to around one thousand patches. Reducing this cost
would allow handling finer or more complex geometries.

This chapter focused on echogram prediction, and obtaining RIRs with DART
requires an additional auralization step. Appendix 3.D reports a preliminary inves-
tigation with a simple auralization pipeline, which shows promising results using
the current full-band echogram predictions. Extending to frequency-dependent
modeling is a natural next step that could further improve the auralization qual-
ity.

Beyond measurement-conditioned field estimation, DART could support goal-
based acoustic design by optimizing its material parameters against prescribed
acoustic measures [191].

Although DART is a pure signal processing model, it can be combined with
neural networks. For instance, a neural network could predict material parameters
from geometry and sparse measurements, enabling cross-scene generalization
without per-scene optimization [140, 149]. Alternatively, the radiances could be
parameterized by a neural network trained to satisfy the ARE [192, 193], or a neural
network could model the residual of DART’s predictions [160, 161]. Ultimately, the
challenge is to develop a model that leverages physical priors when data is scarce,

yet scales flexibly to rich, data-driven scenarios.

Appendix 3.A Delay Network Interpretation of ART

ART is described with the discrete ARE (3.16), along with discretizations of the

continuous injection (3.7) and detection (3.8). It can be viewed as a specific instance

115



of a delay network. In a general form, a delay network can be written as

p[n] = A[n] ® p[n] + b[n] ® u[n], (3.51a)
y[n] = ¢"[n] ® p[n] + d[n] ® u[n], (3.51b)

where u[n] and y[n| are scalar input and output signals, and p[n]isan N x 1 vector
of internal states. A[n], b[n], c[n], and d[n] correspond toan N x N feedback mixing
filter matrix, IV x 1 input filters, N x 1 output filters, and a 1 x 1 bypass filter. The
term “delay network” refers to the fact that parallel delay lines are embedded in
the feedback recursion A [n].

ART and DART can be written in this form by identifying the filter components

as

A[n] = R[n] ~ MV diag D[n], (3.52a)
b[n] = L©[n] ~ M (diag G)~' P [n], (3.52b)
c[n] = W(n), (3.52¢)
d[n] = Epln], (3.52d)

where the two approximations are those introduced for DART, e.g., the kernel
decomposition (3.21 and 3.25) and injection approximation (3.40). When the input
is a unit impulse emission, u[n] = d[n], (3.51a) is exactly the same as the discrete
ARE (3.16), and the internal state corresponds to the discrete radiance: p[n] = L[n).
Applying the output (detection) filter then yields the detected power, ¢'[n] ®
p[n] = EL[n], same as the discretized detection (3.43). Finally, (3.51b) computes
the echogram y[n] = F[n]. The number of parallel delay lines is givenby N = N;,q

or N = N,,q when exploiting the radiance sparsity, as discussed in Section 3.3.3.
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Appendix 3.B Derivations

3.B.1 Visibility-Material Decomposition (3.25)

First, we rewrite the scalar-valued matrix (3.24) by reparameterizing the source

patch integral into a solid angle integral.

o= I LS

Vi(@', @) pi(®,Q)|P - v|0(P + ©)dPdO

dA(') dQ (3.58)

|Ail Skl

Note that we also replaced the visibility term V' (z,z’) with a patch-dependent
one V,(z’, @), which denotes “a ray emitted from 2’ in direction ® hits patch A;,.”
Next, by collapsing the integration over outgoing directions © € S,; using the
Dirac delta and decomposing the solid integral with the entire sphere into multiple

incident directions, i.e., S = U;S;;, we can write

Now, assume that the average visibility (the square-bracketed term) for the incident

Q
pi(®, Q)| - v;|dP d

. (3.54
S (3.54)

direction ® is approximately constant within each discretized bin S;;:

, o dA( .
/ Vi (2!, @) ].,i | ) ~ Vi, @€ Sy, (3.55)
A; i

Then, we can replace the visibility integral in (3.54) with the mean visibility matrix
th’il and take it out from the integrals. Under this approximation, the remaining
integral reduces to the definition of the material matrix Mil,ik/ thereby yielding

the visibility-material decomposition equation (3.25).
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3.B.2 Material Matrix-Based Injection (3.40)

We can rewrite the discrete initial radiance as

£ L
" — Al s ) s

[(0,04)D(xs, 2, nAt)V;y(xs,0)p:(—0,Q)

(3.56)
do d9

47 Sy

where we used the solid angle reparameterization and split the input directions
into S;; by changing the visibility term to V;.

Now, we introduce three approximations. First, analogous to the simplification
step in the reflection kernel (3.21), we separate the delay term from the integral.
Second, we assume that the BSDF p; is approximately constant for incident direc-
tion bin §;; and outgoing direction bin S;;. Then, we can separate the material

term from the integral.

N .

R dir R d@ ~

LY~y Dyaln] l / / Fs(@,os)vﬂ(l‘s,@)%] My, (3.57)
1=1 S

~ 1 dd d)
My = —— (2, 0) 0 2 3.58
L = 1] // //s“”( SN (358)

Finally, we can insert the factor |®- ;| /|®- ;| = 1 into the integrand of the material

where

equation (3.58) and split its denominator out of the integral using the following

approximation: -
= do
]@wﬂz//\@mﬁ, b€ Sy (3.59)
Sl ‘Sil|
We then obtain
Mil,ik R Mil7ik/éil' (3.60)

Combining it with (3.57) gives the discretized injection equation with the material
matrix (3.40).
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Appendix 3.C Aliasing Suppression

Frequency-sampling the z-domain ARE (3.18) at z = 27 ¢, i.e., T" uniformly spaced
points on the unit circle, and applying the IFFT yields length-7" signals that suffer
from time-aliasing [177]. For the exact radiance i}[n], its frequency-sampled, hence

aliased, signal is given as

:i Lin+mT], 0<n<T. (3.61)

The total aliasing error is
&r = | L] - Linl|| = |37 Lin+mT]), (3.62)
where || - || denotes any p-norm (p > 1) over the first 7' samples. Because the

radiance signals are nonnegative, aliasing always causes overestimation, with pro-
nounced errors at the beginning of the signal where the true energy is zero.

To suppress the aliasing, we frequency-sample on a circle of radius y~*/7 > 1.

1T

Since 27,5 = zr,¢, frequency-sampling at zr , ¢ is equivalent to sampling

the original signal damped with an exponentially decreasing window /7 in the

time domain. Therefore, applying the IFFT and compensating the damping with

—n/T

an exponentially increasing window -y yields the aliasing-suppressed signal

Lyon) =~ 3" 4T Lin + mT) (3.63a)
m=0
= > 4" Lin+mT). (3.63b)

The time-aliasing error therefore satisfies

= Hzm Y n+ mT)] H <~v&r, (3.64)
where the inequality uses nonnegativity of the radiance and each aliased tail

(m > 1) being scaled by v < 1.

We assumed the exact radiance for the above derivation, but a similar bound
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holds for the truncated Neumann series. Furthermore, since high-order terms pre-
dominantly contribute to the tail n > T, the error of the truncated series £r n,,.,
or its antialiased version £r x.,,., - is no larger than the original counterpart (Er
and &r ., respectively). In other words, increasing the truncation order beyond
what is needed to capture the dominant energy within the echogram duration 7'

yields no benefit, as the additional terms only add to the aliased tail.

Appendix 3.D RIR Estimation with DART Echograms

DART predicts echograms, i.e., time-energy responses, rather than waveform RIRs
directly. For applications that require an RIR, the echogram must therefore be
paired with an auralization stage. This appendix evaluates a simple retrieval-based
auralization pipeline to verify that this does not prevent DART from supporting
acoustic field rendering.

Given a target source-receiver pair, the pipeline retrieves a measured RIR h*[n]
with the nearest source and receiver positions x; and z}. It then aligns the direct-
path delay and shapes the retrieved RIR by the ratio between DART’s predicted

echogram and the retrieved echogram:

hn] = \/Gn]h*[n — Ad,

Eln]
G|n] = upsample | — , .
[n] = upsamp [E*[n]] (3.65)
_ Nzs — ]| — |27 — 7|
Ad= cAt

Table 3.4 reports the resulting RIR-prediction metrics on the HAA and CR bench-
marks. Even with this simple auralization stage, DART remains competitive with
RIR-domain baselines, supporting the use of DART’s per-position echogram pre-

dictions as the acoustic component of an RIR-rendering pipeline.
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Appendix 3.E Geometric Resolution

Since DART discretizes both room geometry A and radiance directions S, this ap-
pendix further evaluates how these resolutions affect optimization when accurate
geometry is available. This experiment is distinct from the geometry-distortion
study in Section 3.6.2: instead of perturbing coarse HAA /CR meshes, it uses the
Apartments_idx_24 scene from AcousticRooms, where the reference geom-
etry is known. Meshes with N,,, € {125,250, 500, 1000} patches are produced
by quadric edge-collapse decimation, and three direction grids are tested: (8, 8),
(12,12), and (16, 16). The split is 2000/250/250 for training, validation, and test-
ing, respectively.

Table 3.5 reports the unconstrained DART results. Performance generally im-
proves as the geometry and directional resolutions become finer, but the gain is
moderate: the best improvements are about 1.25% in reverberation time and 0.3dB
in clarity. This suggests that the unconstrained material matrix can absorb some
missing geometric detail even when the mesh is rough, while finer discretization

still helps when enough measurements are available.
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Chapter 4

Autoregressive Modeling of Neural Discrete Repre-

sentations for Room Impulse Response Estimation

4.1 Introduction

We consider the problem of estimating a room impulse response (RIR) from
indirect reference signals, such as reverberant speech or a source/target audio
pair, rather than from a direct impulse response measurement. Note that RIR
estimation can be seen as an extension of room acoustics parameter estima-
tion [104, 105, 106, 107] as the RIR estimation can derive all these parameters
afterwards [103, 123]. Several neural networks for RIR estimation have been pro-
posed [82, 83, 84]. These models typically consist of two components: (i) an encoder
that extracts RIR-relevant features from a reference and (ii) a generator that syn-
thesizes the RIR from the extracted features. Their main architectural differences
lie in the generator. For example, Filtered Noise Shaping (FiNS) [82] outputs at-
tenuation envelopes for filtered noise together with an additional early reflection
signal. This design choice stems from the observation that late reverberation ex-
hibits perceptual similarities to time-varying filtered noise. While FiNS offers a
balanced approach, further inductive bias can be introduced by using an artificial
reverberation algorithm as a parameterized RIR generator [83], as in the differen-
tiable artificial reverberation studied in Chapter 2. This approach offers benefits

such as training data efficiency and computational efficiency during auralization.
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However, as more RIR data [34, 194, 35, 182] and computation budget become
available, more expressive neural architectures may be desirable despite higher
data and computation demands. One direction is to remove the filtered-noise com-
ponent from FiNS and develop a more general generator, as in the speech-to-IR
generative adversarial network (S2IR-GAN) [84], which uses stacked convolutional
layers for RIR synthesis. More broadly, neural networks developed for audio syn-
thesis could be adapted. However, RIRs (and IRs in general) exhibit unique signal
characteristics, such as sparsity and sharp transients; hence, architectures suitable
for RIR generation may differ from generic audio generators and remain to be
explored.

This chapter proposes a new RIR generator based on discrete representation
learning and autoregressive token generation (Figure 4.1). A variational autoen-
coder with residual quantization (RQ-VAE) [85] learns a discrete time-frequency
representation of measured RIRs, converting each RIR into an index tensor. Trans-
former models [195] then decode this tensor autoregressively. These choices are tai-
lored to the structure of RIRs: the RQ-VAE represents them as local time-frequency
patches, while the axial transformers exploit the resulting frequency-time-depth
tensor rather than treating an RIR as a generic one-dimensional audio sequence.
Each RIR index tensor is three-dimensional with frequency, time, and quantiza-
tion depth axes; following [86, 89, 87], we explore various strategies to decode
this tensor in a hierarchical and factorized manner. By encoding the references
and providing the features as prompt tokens to the transformers, the same gen-
erator becomes a conditional model for RIR estimation. Along with the standard
blind estimation (reverberant-speech-to-RIR), we also address the acoustic match-
ing scenario, whose goal is to find an RIR that matches the source signal to the
target signal’s reverberation characteristics. We evaluate the generator in analysis-
synthesis, blind estimation, and acoustic matching settings, comparing it with
filtered-noise, differentiable artificial reverberation, non-autoregressive, and alter-
native autoregressive baselines through both objective reverberation metrics and
MUSHRA-like listening tests. The ablations isolate the contribution of the discrete
representation and autoregressive decoding, showing that both components are

important under the proposed framework.
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Figure 4.1: The proposed method. Left: codebook learning with the RQ-VAE.
Right: RIR estimation via conditional token generation.

The final part of the chapter then develops a hybrid extension that combines
this learned generator with differentiable signal processing structure. This exten-
sion instantiates the differentiable-processing—generative hybrid viewpoint of the
thesis: the learned discrete generator provides a data-driven prior for complex
measured RIR structure, while the differentiable filtered-noise decoder provides
a domain prior for the statistically regular late reverberation tail. By assigning dif-
ferent temporal regions of the RIR to the prior that matches them better, the hybrid
design improves modeling efficiency, reducing the token budget and CPU infer-
ence cost while keeping the late reverberation component tied to an interpretable

signal processing model.

4.2 Discrete Representation Learning with RQ-VAE

4.2.1 Input Representation

We first convert a single-channel RIR h € R*'%2 (1.1 second, 44.1kHz sampling
rate) into a time-frequency representation with a short-time Fourier transform
(STFT) using an FFT size of 512 and a hop size of 64. Compared with common
audio STFT settings at this sampling rate, the FFT size is short and the hop size is

only 1/8 of the analysis window. This intentionally prioritizes time-axis resolution
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so that the representation can capture the sparse and sharp transient structure of
RIRs, especially early reflections. We apply power compression [196] and stack the
magnitude, real, and imaginary spectrograms to obtain a three-channel feature
H € R?*256x768 (256 frequency bins and 768 time frames).

4.2.2 Autoencoding

We compress and expand the feature H using an autoencoder [197, 198] that
stacks residual blocks and downsampling layers (Figure 4.2). For the frequency
axis, we replace strided convolutions with nonlinear filterbank matrices to avoid
over-compressing the low-frequency region; each matrix halves the frequency di-
mension, and the cascade of 3 filterbanks gives a frequency mapping that approx-
imates the Mel scale. We downsample the time axis with strided convolutions.
We reduce the frequency and time dimensions by 8 and 4 times and increase
the channels to 192, resulting in a latent S € R!92*32x192 whose axes denote
channel, frequency, and time. The decoder mirrors the encoder with transposed

filterbanks/convolutions.

4.2.3 Residual Quantization

We discretize the latent S with residual quantization (RQ) [197, 199, 85], training
the RQ-VAE with up to 8 residual codebooks of 256 codes each with standard
training practices (EMA updates, k-means initialization, stale code re-initialization,
quantization dropout). For token generation, we retain only the first 3 residual
depths because deeper codebooks provide diminishing reconstruction gains, as

illustrated in Figure 4.3. The retained representation converts each RIR A into a

192x32x192 32x192x3
R N ,

quantized feature S9 € or its corresponding indices Q €
whose axes denote frequency, time, and quantizer depth. We denote a single index
with frequency f, time ¢, and quantizer depth d as Q4. A colon denotes a full
axis, e.g., Q;.. € N*92%3 denotes the codes of the f™ frequency bin. Q. ;. denotes

codes with a time index less than ¢.
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(a) RQ-VAE encoder. (b) Resampling filter banks.

Figure 4.2: RQ-VAE encoder and resampling filter banks. (a) Encoder architec-
ture, stacking residual blocks with downsampling along time and filter bank re-
sampling along frequency. (b) Cascade of three filter banks producing a frequency
mapping that approximates the Mel scale.

4.2.4 Differences to Existing Neural Audio Codecs

Unlike general audio codecs, our RQ-VAE encodes each frequency band sepa-
rately, respecting the LTI property that each band responds independently. Each
latent vector S. ;; € R'? (or its discrete tokens Q. € N?) represents an over-
lapping time-frequency patch. Figure 4.3 illustrates the resulting coarse-to-fine

reconstruction behavior across residual quantization depths.

4.3 Autoregressive Token Generation with Axial

Transformers

Building on autoregressive transformer models, we explore three factorization
strategies for decoding the discrete RIR tokens. The common design principle is
to keep the frequency axis explicit rather than flattening the entire tensor into

scalar tokens. Under the LTI approximation, convolution with an RIR corresponds
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Figure 4.3: Coarse-to-fine modeling of IRs with RQ-VAE.

to frequency-domain multiplication, so each frequency band of the IR primarily
shapes the corresponding band of the signal. We therefore generate a full fre-
quency column at each autoregressive step, while allowing the axial transformer
layers to exchange information across frequency bands internally. This reduces the
autoregressive sequence length without discarding the band-aligned structure of

the RIR representation.

4.3.1 Factorization Strategies

Since each RIR h is discretized, the generation objective is to model the index
tensor Q, whose axes correspond to frequency, time, and quantization depth.
Applying autoregressive generation after flattening all three axes would yield a
prohibitively long sequence (length 18432). We therefore factorize the decoding
process. First, each frequency column Q. ; ; € N*? is treated as a single decoding
unit. The remaining time and depth axes are then decoded using the following

three strategies.

AudioLM-Like Approach — We flatten the remaining axes, then decode each
column autoregressively across the flattened axis (Figure 4.4). In this way, we

model the probability distribution of the indices as follows:

p(Q) = H P(Qra |l Qi <t Quti<a)- (4.1)

t,d,f

In the implementation, we initialize generation with a start column xg € R384*32x1,

We pass it to a Time-Frequency Transformer (TF-Transformer) to obtain a feature

with the same shape as the input. With a linear projection, we predict the first
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Figure 4.4: AudioLM-like token generation strategy.

column Q.o € N32 of the index tensor. The predicted indices are converted
back to the latent with the codebook lookup and preprocessed with a linear layer,
resulting in a transformer input x o € R¥***32%1. We concatenate it with the start
column xg|Xg o, pass it to the TE-Transformer, and predict the next column Q. g ;.
We repeat this autoregressively, decoding Q. o2, Q. 1.0, Q.1,1, and so on, until
the model predicts an end-of-sequence. This approach follows AudioLM [86],

extended to generate a frequency column at each step.

RQ-Transformer-Like Approach — Keeping the previous decoding order, sepa-

rate models can be used to decode across time and depth (Figure 4.5).

HP Q0 | Qu<tr) HP Q| Qrt<ds Qu<tr)- (4.2)

t,f

Specifically, the partially decoded latent S¢, _, is linearly projected to R384*32x(t=1)

and processed by a TF-Transformer. Each output feature oy, € R*** is then passed
to another transformer, called the Depth Transformer, to independently and au-
toregressively estimate the indices Q;.0, Qf+,1, and Q. ». This setup reduces the
maximum input sequence length of the TF-Transformer from 576 to 192. Instead,
the more lightweight Depth Transformer is evaluated 576 times, reducing the total

memory and computation.
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Figure 4.5: RQ-Transformer-like token generation strategy.

Except for the frequency axis, this approach follows RQ-Transformer [89].

VALL-E-Like Approach — The number of forward passes can be further reduced
following VALL-E [87]. Instead of interleaving the time and depth axes, we first
predict the depth-0 indices Q. ., then predict the remaining depths, Q..; and
Q... 2, in two passes (Figure 4.6).

= Hp(Qfﬂ‘uO | Q:,<t,0) Hp(Q:,:,d | Q:,:,<d)' (43)
t,f d

The depth-0 decoding is identical to the first AudioLM-like approach. The decoded
depth-0 tokens are converted back to a latent, linearly projected to R384x32x192
and passed to another TF-Transformer without the causal mask to estimate the
following Q..; and Q.... We additionally append a depth embedding to the

input of the second transformer.
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Figure 4.6: VALL-E-like token generation strategy.

4.3.2 Transformer Architecture

Figure 4.7 shows the axial transformer architecture used for token generation. The
left part is the TF-Transformer, a stack of four blocks composed of a frequency-
axis encoder layer and a time-axis decoder-only layer, which treat the time and
frequency axes as batch axes, respectively. In this setup, the former exchanges infor-
mation between different frequency bands, while the latter autoregressively pro-
cesses the feature across time (and optional flattened depth). The right part is the
Depth Transformer, which decodes the residual-quantizer depth axis conditioned
on the TF-Transformer output. The Depth Transformer is a two-layer decoder-
only model. All layers have pre-layer normalization [200], 384/1536 input/feed-

forward dimension, 4 heads, and dropout of 0.1.
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Figure 4.7: Axial transformer architecture.

4.3.3 Inference

At inference time, we employ top-k and top-p sampling, where the hyperparam-
eters are set to £ = 10 and p = 0.995. The decoded indices are converted back to
the features, then fed into the frozen RQ-VAE decoder to obtain the spectrogram
H. We convert the spectrogram back to the time-domain RIR h with Griffin-Lim

[201], initialized from the predicted real/imaginary components.

4.4 Conditional Generation with Reference Encoder

44.1 Reference Encoder

Providing conditioning information to the transformers casts various RIR esti-
mation problems as conditional generative modeling. If we provide an RIR + as
a reference, the task becomes analysis-synthesis. If reverberant speech y = h * x
is given, we tackle blind estimation. To condition the reference, we first encode it
with a reference encoder. The blind estimation and acoustic matching tasks re-
quire extracting reverberation cues from speech, so we adapt the encoder part
of MFTAA-Net [202], a speech enhancement architecture with time-frequency

dilated convolutional layers and time-frequency axial self-attention layers. We re-
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Figure 4.8: Reference encoder architecture.

place its frequency-axis strided downsampling with nonlinear filter bank matrices
that follow the same Mel-like frequency mapping as the RQ-VAE, move the con-
volutional stride to the time axis, and double the number of channels. To the
output of the modified MFTAA encoder, we apply attentive pooling across the
time axis with 4 learnable queries, resulting in a latent tensor z € R3¥¥4X32x4 je
4 latent vectors z; € R**** for each frequency bin. The conditioning operation
is a frequency-axis concatenation with the TF-Transformer input. As the reference
encoder’s frequency mapping matches the RQ-VAE’s, the f band latent z; is
used to estimate the corresponding band’s indices Q;.. € N'92*3. This band-
aligned conditioning follows the LTI view of RIRs: by the convolution theorem,
reverberation applies a band-wise spectral transformation to speech, so the con-
ditioning features extracted from each frequency band are paired with the same
band of the RIR token sequence. Figure 4.8 shows the resulting architecture. Its
AxialSelfAttention consists of frequency-axis and time-axis self-attention, and its
MultiDilatedConv2d is a 4-group two-dimensional convolutional layer, with a ker-
nel size of (3,7), a stride of (1,2), and dilation factors [1, 2,4, 8] assigned to the

groups.
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4.4.2 Acoustic Matching

We further tackle an acoustic matching problem: we predict the RIR % from a dry
source z° and wet target y* = h * x*, where the source and target dry signals are
not necessarily the same. We encode both signals with the reference encoder and
subtract the two embeddings to obtain the latent z = z' — z°, which conditions
the transformers. This trains the model to infer the relative acoustic transform
from source to target. We find this setup more practical than blind estimation for

applications where the estimated RIR is applied to another dry signal.

4.5 Experiments

4.5.1 Data

Room Impulse Responses — The RIR corpus combines the public datasets that
form the RIR entries in Figure 4.9: ACE [35], the Aachen Impulse Response
(AIR) database [203], BUT ReverbDB [204], the C4DM RIR database [205], the
coupled-room dataset [182], the Detmold spatial RIR database [206], Echoth-
ief!, the FOA-MEIR dataset [207], Fokke?, the BBC Maida Vale Recording Studios
dataset [208], the MIT Reverb Survey dataset [194], MYRIiAD v2 [209], OpenAIR
[34], the Palimpsest RIR database®, and the RWCP sound scene database [210]. All
of the RIRs are from real spaces, ranging from domestic environments, e.g., living
rooms, to musical ones, e.g., concert halls. We collected 15k RIRs from 559 rooms

and split them into 496/16/47 for the training/validation/test.

Microphone Impulse Responses — We used additional microphone IRs (MicIRs)
[211], also including Vintage MicIRs#, to mimic the colored magnitude responses
of real-world recordings. These two MicIR sources appear as the modern and
vintage microphone entries in Figure 4.9. We collected a total of 8.4k MicIRs
from 82 microphones and split them into 72/3/7. Figure 4.9 reports reverberation

parameter statistics of the collected RIR/MicIR data. The green curve shows the

Thttp://www.echothief.com

2https://fokkie.home.xs4all.nl/IR.htm
Shttps://research.kent.ac.uk/sonic-palimpsest/impulse—-responses
4‘https://micirp.blogspot.com
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Figure 4.9: Reverberation parameter statistics of the IR datasets.

DRR expected under a single-slope exponential decay for a given T%,, which can be
read as a lower-bound-like reference when multi-slope decay is absent. The black
rectangle marks the 73,-DRR augmentation range used in the RIR augmentation

study of Bryan [121].

Data Augmentation — Although the datasets above cover many real spaces, their
combined coverage is still sparse relative to the diversity of room sizes, decay
shapes, microphone responses, and recording conditions encountered in practice.
Data augmentation is therefore a central part of the training pipeline rather than a
minor regularization step. We modified the 75, and DRR by windowing/scaling
[121], shifted pitch by resampling, applied a parametric equalizer to transform
the overall magnitude response, and mixed ambisonic IR channels to mono. We
applied the same augmentation procedure to both RIRs and MicIRs, but with
different hyperparameters. Furthermore, we convolved an augmented RIR A" with
a MicIR A™ to obtain another IR A" x h™ and used it for target reverberant speech
y = h' x h™ * x. For acoustic matching, we optionally applied the MicIR A™ to the
source speech to diversify the dry-signal distribution. In this case, we trained the
models to estimate only the RIR h". All augmentations were performed on the fly,

and we randomly chose whether to apply each of them.

Dry Speech — The usable speech or singing datasets depend on whether their

recording conditions are consistent across utterances and speakers, as summa-
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Table 4.1: IR estimation tasks and usable speech/singing dataset categories.

Task\Category o @ 6 ®
Blind estimation v
Acoustic matching;:

— Different speaker, different utterance v v

— Same speaker, different utterance o/ 7

— Same speaker, same utterance v v /7

@ anchor, @ consistent, @ in-speaker consistent, ® inconsistent.

rized in Table 4.1. The anchor category consists of DAPS [212], whose speakers
were recorded in a common semi-anechoic condition; this makes it usable for
blind estimation, where no separate dry source is provided. Among the consistent
datasets, we chose DAPS as the anchor because it offered the best balance of di-
versity, recording quality, and quantity for this purpose. Consistent datasets share
a fixed recording environment across speakers, so they can provide source/target
pairs with different speakers for acoustic matching; this group includes VCTK
[122], NUS [213], PTDB-TUG [214], JSUT [215], OpenSinger [216], NHSS [217], and
Kiritan [218]. In-speaker consistent datasets are recorded consistently within each
speaker but not necessarily across speakers, so they support same-speaker acous-
tic matching but not different-speaker matching; this group includes Att-HACK
[219], TSP [220], HUI-German [221], SLR30, 37, 41-44 [222], SLR63-66, 78, 79 [223],
and SLR70 [224]. We did not use datasets in the inconsistent category. We split
DAPS speakers into 16/2/2 for training /evaluation/test, split the acoustic match-
ing speakers into 3972/51 for training/validation, and used NUS solely for test.

We used 3 and 12 seconds of dry signals for training and evaluations, respectively.

4.5.2 Metrics

Objective Metrics — We report log spectral distance (LSD), mean absolute error
(MAE) of the energy decay relief (EDR) [74], and multi-scale spectral (MSS) loss
[83, 82]. We also evaluate octave-band differences in T3y, DRR, and Cj, (center

frequencies 125Hz-8kHz), reporting median values.
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Subjective Listening Test — We measured subjective reverberation similarity
scores (SUB]J) with a standard MUSHRA-like listening test [129]. Eight subjects
with critical listening experience rated the similarity between the reference rever-
berant speech and the dry speech convolved with estimated IRs, using an average

of test RIRs as a low anchor (10 sets, 2 training sessions).

4.5.3 Training

We trained the RQ-VAE with mean square error, with the magnitude and complex
STFT terms weighted 3 : 1. We trained the token generation stage with cross-
entropy loss and label smoothing of 0.001. We used the AdamW optimizer [185],
5k linear warm-up steps with a 1e—4 peak learning rate, and halved the learning
rate every 50k steps. We set the batch sizes to 16 and 6 for the first and second stages,
respectively. We stopped training when the validation metric did not improve over

several epochs.

4.6 Evaluation Results

4.6.1 Autoencoding

Table 4.2 reports the evaluation results. We first assessed the autoencoder model’s
performance with and without the quantization layer. Without quantization, the
reconstruction is nearly perfect, showing 0.54dB LSD and 2.2% T3 error. Adding
the vector quantization layer increases these errors to 1.85dB and 9.6%, indicat-
ing non-negligible quantization error. However, residual quantization consistently
improves all metrics and achieves a SUBJ score of 87.644 3, close to the hidden ref-
erence’s 90.5. 3 1. These reconstruction results provide approximate upper bounds
for the transformer models, which must predict the RQ-VAE indices before decod-

ing.

4.6.2 Analysis-Synthesis

We first trained the proposed transformer models to perform analysis-synthesis,

where the reference itself is the target RIR. This setting evaluates whether the ref-
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Objective metrics ({)

Methods LSD MSS EDR T3, DRR Csg SUBJ (1)
Hidden reference — = 90543,
Average test RIR 11. 3 206 19. 4 4. 94 9.21 13.4 14.9449
Autoencoding results
No quantization 0.54 .010 0.61 .022 0.39 0.35 -

Vector quantization 1.85 .050 1.48 .096 1.63 1.37 —
Residual quantization 1.13 .025 0.76 .034 0.66 0.59 87.6143

Analysis-synthesis results

AudioLM-like 2.15 .080 1.75 .063 1.45 0.97 84.0140
RQ-Transformer-like 2.31 .078 1.82 .061 1.51 1.05 -
VALL-E-like 2.28 .083 1.84 .074 1.58 1.23 —

Differentiable FVN 5.95 .098 1.88 .124 6.53 1.27 —
Blind estimation results

AudioLM-like 2.67 .122 3.48 .121 3.25 1.69 74.9.5,
RQ-Transformer-like 2.84 .120 3.55 .123 3.78 1.63 —
VALL-E-like 2.83 .117 3.77 .149 2.82 1.60 —

Differentiable FVN 6.49 .112 3.20 .196 7.85 2.35 -
Acoustic matching results

AudioLM-like 2.81 .124 3.65 .157 3.47 1.85 —

— Same speaker 2.76 .124 3.60 .157 3.03 1.75 70.946.0

— Different speaker 2.85 .125 3.70 .158 3.74 1.87 66.2463
RQ-Transformer-like  3.05 .120 4.23 .168 2.96 1.79 70.415,
VALL-E-like 3.06 .123 4.57 .173 3.39 1.86 66.1440
Differentiable FVN 8.02 .115 3.69 .241 8.16 2.79 57.3453
Non-AR, discrete 3.69 .133 5.08 .202 5.45 4.53 45.34656
Non-AR, continuous 4.24 .132 5.33 .275 10.1 9.73 —

*LSD, EDR, DRR and Cjy are mean absolute error (MAE) in dB.
* We report 15, error in terms of ratio.
* The subjective scores are mean values with 95% confidence intervals.

Table 4.2: Evaluation results of the proposed methods and baselines.
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Figure 4.10: Energy decay relief waterfalls of ground-truth RIRs, RQ-VAE re-
constructions, and RQ-Transformer estimations.

erence encoder and token generator can reconstruct an RIR when the conditioning
signal directly contains the target acoustic response, before introducing the ad-
ditional ambiguity of extracting the RIR from speech. As expected, these models
report slightly worse results than the RQ-VAE, which has access to the ground-
truth tokens. Nevertheless, the reconstruction remains perceptually similar to the
reference; the AudioLM-like model achieved a SUBJ score of 84.0. 4 . Figure 4.10
qualitatively compares the EDR waterfalls of ground-truth RIRs, RQ-VAE recon-
structions, and RQ-Transformer estimations, complementing the aggregate metrics
in Table 4.2.

4.6.3 Blind Estimation

Estimating RIRs from reverberant speech is more challenging than analysis-
synthesis, and the evaluation results indicate that the estimation error can be

perceptually noticeable in terms of reverberation parameters. For example, all
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three transformer models report T3, error greater than 12%. The DRR errors also
increase significantly from the previous analysis-synthesis results (maximum
2.27dB increase). However, the LSD increases by only about 0.5dB, indicating that
our models can still accurately capture the overall time-averaged characteristics.
Figures 4.11 and 4.12 provide a more granular view of these errors through
per-RIR scatter plots of estimated versus ground-truth reverberation parameters
and per-octave-band comparisons of ground-truth and predicted magnitude

responses across the same test set.

4.6.4 Acoustic Matching

Acoustic matching provides more information than blind estimation because the
dry source is available; at the same time, it is also more general because the source
can have arbitrary acoustic conditions, e.g., microphone coloration, which makes
the task challenging. Indeed, the acoustic matching models report slightly worse
results than the blind estimation counterparts, although the differences are not
large, e.g., at most 0.8dB increase in EDR error. Furthermore, we analyzed whether
providing different speakers for the source/target affects the performance. As
shown in the AudioLM-like model’s results, the different-speaker scenario reports
slightly higher errors. For the other models, we report the aggregated objective
metrics of the same-speaker and different-speaker results, while the SUBJ scores

are different-speaker results.

4.6.5 Decoding Strategy Comparison

In general, the more computationally expensive methods performed better, e.g.,
the AudioLM-like model outperformed the VALL-E-like model in most objective
metrics, but the differences were relatively small, especially in the acoustic match-
ing scenario. The SUBJ scores also indicate that such differences might not be
perceptually significant (66.2.¢ 3, 70.445 1, and 66.1 ¢ ). This may be because the
reference encoder is the dominant bottleneck once all transformer variants receive
similarly noisy conditioning estimates. Moreover, the AudioLM-like model took

approximately 3.5 and 6.2 times more inference time than the RQ-Transformer-like
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and VALL-E-like models, respectively. Therefore, the optimal model choice may

depend on the available computation budget.

4.6.6 Ablation Study and Baselines

To evaluate whether autoregressive modeling and discretization contribute to es-
timation performance, we trained an RQ-Transformer-like backbone to predict all
indices simultaneously by removing the causal attention mask (Non-AR, discrete).
This setup reports clearly degraded performance. We also trained a non-causal
TF-Transformer to estimate the continuous latent from the autoencoder (Non-AR,
continuous); the results are even worse, especially in terms of DRR and C5, er-
ror. We also attempted the autoregressive model with continuous features, but the
training was unstable. Therefore, discretization and autoregressive modeling were
essential for performance under the current framework. We compared against the
filtered velvet noise (FVN) baseline from Chapter 2 [83, 73]. Because the FVN base-
line was optimized with MSS loss, it performs competitively on MSS, but poorly on
LSD due to the limited expressive power of the generator. It also showed high DRR
and Cjq errors, similar to the other baselines. In terms of the SUB]J scores, the dif-
ferences between the autoregressive models and the non-autoregressive baselines
were statistically significant (all p < 1.67 x 10~% under the pairwise paired t-tests
with Bonferroni correction). The feedforward estimation and regression objective
likely degrade transient and onset modeling; verifying this is left for future work.
Figure 4.13 compares the MUSHRA-like subjective similarity scores with objective

losses and reverberation parameter errors.

4.7 Hybrid Extension: Efficient Acoustic Scene Trans-

fer with Differentiable Decoding

The framework above estimates impulse responses by decoding discrete RQ-VAE
tokens with conditional autoregressive transformers and reconstructing a time-
domain IR from the decoded representation. This formulation is expressive, but
its token budget grows with the modeled IR length, and CPU inference is domi-

nated by transformer decoding. We therefore developed an acoustic scene transfer
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Figure 4.13: Scatter plots between MUSHRA-like subjective similarity scores
and objective losses or reverberation parameter errors.

extension that pairs the generative pipeline of this chapter with differentiable sig-
nal processing structure (Chapter 2). The extension is motivated by a structural
asymmetry within the impulse response: the early reflection portion is compara-
tively deterministic and benefits from a richer autoregressive description, whereas
the late reverberation tail is quasi-stationary and stochastic and can be represented
more compactly with a filtered-noise decoder. In this sense, the extension uses the
learned generator as a data-driven prior for measured RIR structure and the dif-
ferentiable decoder as a domain prior for late reverberation, improving modeling

efficiency by assigning each temporal region to a better-matched representation.

4.7.1 Factorized Codec with a Filtered-Noise Late Reverberation

Decoder

Exploiting this asymmetry, we factorize the codec along the time axis (Figure 4.14).

The first ~150ms of the IR, the early reflection (ER) part where deterministic
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Figure 4.14: Hybrid codec architecture.

structure dominates, is encoded with one autoencoder, while the remaining ~3.4s
of late reverberation (LR) is encoded with a separate, more compressed branch
whose decoder implements a differentiable filtered-noise model related to the

artificial reverberation models of Chapter 2.

Early reflection branch — Departing from the residual quantization used else-
where in this chapter, the ER branch uses a single-codebook vector-quantized
VAE (VQ-VAE) with 4096 codes, versus 3 codebooks of 256 entries in the RQ-VAE,
trading a small expressivity reduction for a substantially simpler autoregressive
decoder with no depth axis, and hence no depth transformer. The encoder pro-

duces a 32 x 40 token tensor.

Late reverberation branch —The LR encoder produces a raw latent of size 32x 144,
which is then reduced to 32 x 25 by non-uniform mean pooling along the time
axis: pooling kernels grow toward the tail, exploiting the increasing temporal
stationarity of the LR. The pooled latent is quantized with the same 4,096-entry

codebook used by the ER branch. To decode, we revert the non-uniform pool-

145



ing by tiling, multiply the tiled latent elementwise with a learnable embedding
tensor, which acts as a stationary band-energy template, and apply a stack of con-
volutional upsampling layers to obtain a magnitude mask in the STFT domain.
This mask is multiplied with the magnitude STFT of white noise, yielding a time-
varying filtered-noise signal in the spirit of classical late reverberation models.
STFI-domain magnitude multiplication implies an underlying circular convolu-

tion, which we find acceptable given the LR’s quasi-stationary character.

Training and integration — The factorized VQ-VAE is trained with a power-
compressed STFT-domain MSE term for the ER branch and MSS losses for both the
ER and LR branches. At inference, the ER and LR token tensors are concatenated
into a single 32 x 65 tensor that the autoregressive transformer decodes, versus
32 x 192 in the baseline of this chapter, and the modeled IR length grows from
1.1s to 3.55s. After separate spectrogram-to-time-domain conversion of the two

branches, a 5ms crossfade joins them at the 150ms boundary.

Reference encoder — The extension also changes the conditioning encoder used
for acoustic scene transfer. Instead of subtracting source and target embeddings
from a shared encoder, it uses separate source and target encoders and condi-
tions the target encoder on the source latent through gated linear units. The
encoder backbone is changed from the previous MFTAA-Net-style model to an
ECAPA2-like [225] model operating on Mel-domain features derived from power-
compressed STFT real, imaginary, and magnitude channels. This update targets
more expressive extraction of the target acoustic environment from reference

speech, rather than adding a separate acoustic field model.

4.7.2 Time-Frequency Delay Pattern

The factorized parallel generation of all tokens at the same time step ¢ is efficient,
but it assumes that neighboring frequency bands can be sampled independently at
that step. This is a reasonable approximation from the band-wise LTI perspective,
yetitis not fully consistent with the codec: the encoder observes neighboring bands
when constructing each token, and the decoder reconstructs adjacent bands jointly.

Sampling the bands independently at each step can therefore produce inconsis-
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tencies between adjacent bands, degrading the decoded output. To mitigate this
without giving up the parallel-decoding speedup, we introduce a time-frequency
delay pattern, which reintroduces a limited dependency between adjacent bands:

the token at frequency f is delayed by A time steps before generation, so that
Q) =][]p(Qre [ {Qsi: fHI<f+1}). (4.4)
2

We pre-shift the entire index tensor, filling new positions with a null token, perform
the same factorized autoregression, and revert the shift after generation; the end-
of-sequence token is also delayed, and generation halts once EOS appears in every
band. The delay adds F' — 1 steps to the autoregression, but combined with the
factorized VQ-VAE the net effective number of steps drops from 192 to 96.

4.7.3 Efficient CPU Inference

The hybrid formulation already yields cheaper inference: a smaller token bud-
get, a lighter LR generator, and the elimination of the depth transformer. On top
of this we apply standard inference engineering techniques. KV-caching in the
time-axis decoder removes redundant computation across autoregressive steps
and incidentally eliminates the costly 7' <+ I’ permutation that previously oc-
curred between time- and frequency-axis transformer layers. Batch-norm folding
into preceding convolutions reduces operation count throughout the encoder and
decoder. Partial-inference paths skip the source encoder when the dry source sig-
nal is unavailable, degrading gracefully to blind estimation, or skip the LR decoder
when the autoregressive transformer early-stops before reaching the LR portion
of the token tensor; the model is exported to ONNX as separate components for
these conditional paths. Together with the hybrid codec changes, these techniques
reduce average CPU inference time from up to approximately one minute in the
previous model to about 1.9s for the evaluation setup with source and target
references both provided.

This trajectory exemplifies the hybrid combinations discussed in Section 1.5:
differentiable processing supplies the structural prior that compresses the late

reverberation description and yields an interpretable DSP component, while the
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generative pipeline supplies the expressive autoregressive coverage needed for
early reflections and heterogeneous measured IRs. The current result does not
by itself establish real-time operation, but it substantially reduces the practical

inference cost for post-production use.

4.8 Conclusion

We explored a two-stage framework for RIR generation and tackled several RIR
estimation tasks via conditioned autoregressive decoding. We first obtained a dis-
crete time-frequency token space of RIRs with RQ-VAE, then decoded the token in-
dices with transformer variants. The evaluation results on analysis-synthesis, blind
estimation, and acoustic matching show that the proposed generator performs fa-
vorably against structured and non-autoregressive baselines under objective met-
rics and listening tests. Consistent with broader findings in neural audio gener-
ation, both quantization and autoregressive modeling proved beneficial for per-
formance; yet, how much autoregression yields the optimal performance-efficiency
tradeoff remains an open question. Further work should include improving this
tradeoff with lightweight models and optimized autoregressive modeling strate-
gies, as well as evaluating acoustic scene transfer [226, 227] under more realistic

source and target conditions.
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Chapter 5

Differentiable and Efficient Computation of Audio

Processing Graphs

5.1 Introduction

So far, this thesis has considered acoustic systems whose structure was fixed:
compact reverberators, geometric acoustics models, or single RIR generators. We
now turn to compositional audio processing, where the signal flow itself is part
of the system description. Under the umbrella of differentiable signal processing
[47, 49], numerous attempts have imported existing audio processors to automatic
differentiation frameworks, e.g., PyTorch [183]. Differentiable processors, as
standalone modules, allow gradient-based optimization of their parameters.
Alternatively, they can be used to train a neural network as a parameter estimator
[83, 57]. In either case, as the processors are identical to or approximate the real-
world ones, the obtained parameters are easy to interpret and control. To further
leverage this advantage of differentiable signal processing, it would be desirable to
consider the composition of processors since it is a standard real-world practice. In a
more general setting, this composition can be represented in a graph format [228].
Existing differentiable audio libraries [47, 90] are designed primarily around
differentiable processors or specialized processing structures. Their scope is
therefore complementary to the one considered here: they do not aim to cover the
combination of mutable heterogeneous graphs, tensorized graph representations,

graph-changing optimization loops, and batching over graph structure.
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With this different target, this chapter formulates differentiable audio pro-
cessing graphs as a practical framework for graph-structured audio systems. The
framework is consolidated in GRAFX, an open-source PyTorch library. Its graph
abstraction is fully multi-input multi-output (MIMO): each processor may expose
multiple graph inlets and outlets, and each edge specifies which outlet is routed
to which inlet. This graph representation and its differentiable computation are
used by the following two chapters: Chapter 6 specializes the framework to single-
input single-output (SISO) mixing graphs with explicit dry/wet controls, while
Chapter 7 returns to the MIMO graph abstraction for blind graph estimation. For
the inverse problems considered in the following chapters, the framework must
provide two capabilities. First, it provides custom data structures for creating
and modifying graphs, computing output signals, and converting graphs into
tensors that can also be used as inputs to graph neural networks (GNNs) [228].
Second, it provides an optimized graph-computation algorithm that computes the
output audio from graphs, source audio, and processor parameters. The resulting
framework allows the graph to change at every optimization step. This is useful
in multiple scenarios, e.g., training a GNN that predicts the parameters of given
graphs [228] or pruning a graph with gradient descent (Chapter 6). Its batching
is not merely source-level batching through a fixed graph: it groups same-type
processors within a graph and can also batch different graphs by treating them as
a single disconnected graph, instead of rendering every processor one by one. The
remainder of the chapter specifies the graph representation and the computation

strategy that makes the subsequent graph-optimization experiments practical.

5.2 Graph Definition and Representation

Recall from Section 1.2.4 that an audio processing graph is written as G = (V, E)
where V' and E are thenode and edge set, respectively. This chapter operationalizes
that definition for differentiable computation. Each node v; € V represents a
processor f; with a type t;, e.g., reverb r. It takes M signal(s) u;[n] and a collection

of parameter tensors p; as input and produces N output(s) y;[n| (n denotes a time
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il o] = Al ). 12
wil= >y ml (5-1b)
(J,k)ENT(4,1)

Here, N'*(i,1) denotes a collection of nodes and channel indices that send their

output signals to [*"

input of node 7. With this setup, each edge ¢;; € E becomes
a “cable” connecting two nodes. Note that each edge also requires a type attribute
ti; = (k,1), a tuple of output and input port indices, unless every processor in
a graph is SISO, i.e.,, M = N = 1. Here, SISO and MIMO refer to the number
of graph inlets and outlets, not to the number of audio channels carried by each
signal. In short, each node’s outputs can be computed by finding its inputs,
aggregating those, and processing the sums with the parameters. The graph
output can be obtained by repeating this procedure over all nodes in topological
order, starting from input nodes i until we reach the output nodes o. We allow

any graph except those with cycles, as feedback loops are hard to resolve and

bottleneck the processing speed due to the forced sample-level recursion.

5.2.1 Mutable and Tensor Representations

There are two main use scenarios when handling the audio processing graphs.
First, users may create and modify a graph. For this case, we provide a mutable
data structure GRAFX (same as the library name). It inherits MultiDiGraph
class from networkx [229] and provides additional functionalities, e.g., adding
a serial chain of processors. Second, each graph can be used to compute output
audio or fed into a GNN. In such cases, representing each graph as a collection of
tensors is more convenient and efficient. Therefore, we provide a GRAFXTensor
class, which is compatible with Data class from torch_geometric [230]. The
following are the tensors we use to describe each graph. First, we have a node
type vector Ty € NIV, an edge index tensor E € N**I| and an (optional) edge
type tensor T € N>*IZ! where | - | denotes the size of a given set. All parameters
are collected in a dictionary P whose key is a node type t and value P|t] contains

the parameters of that type. In this chapter, we assume that the value is a single
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tensor in a form P[t] € RIV{*Ne where |V;| and N, are the number of nodes
and parameters. In fact, we allow PJt] to be a tensor with more dimensions or
even a dictionary of tensors; we omit such cases for simplicity. All sources are
stacked to a single tensor S € R¥**L where K, C, and L are the number of
sources, channels, and length, respectively. We ensure that all the tensors, Ty,
Ty, E, P, and S, share the same node order. For example, a k" source s [n] must
correspond to the first £ input i in the node type list Ty . Likewise, an " type-t
parameter P[t]; € R"* must correspond to the [*™ type ¢ in the type list Ty .

5.3 Batched Graph Rendering

For faster computation on the GPU, maximizing the parallelism is desirable,
and batched processing is the most standard approach. There are three levels of
batching in this setting, but only the latter two depend on the graph structure.
Source-level batching processes multiple input sources with a single fixed graph
and can be handled whenever every processor supports ordinary batched pro-
cessing. Node-level batching is the graph-specific case: it processes multiple nodes
with the same processor type simultaneously, even when those nodes appear at
different positions in a heterogeneous graph.

Specifically, consider a sequence of Ni., + 1 node subsets V;, -+, Vy,., CV

satisfying the following conditions.

(i) It forms a partition: U,V,, =V and V,, N V,, = D if n # m.
(ii) Itis causal: no path fromu € V,, tov € V,, exists if n > m.

(iii) Each subset V,, is homogeneous: it has only a single type ¢,,.

Then, we can compute a batch of output signals Y,, of each subset V,, sequentially,
from n = 0 to Nj,. Consequently, we reduce the number of the gather-aggregate-
process iterations from |V'| to N, (there is no processing for n = 0, as V;, contains
the input modules). Figure 5.1 shows an example. For a graph with |[V| = 21
nodes (Figure 5.1a), we can obtain a sequence with N, = 9 (Figure 5.1b). Finally,
equipped with this batched node processing, we can also achieve graph-level par-

allelism over different graphs; we can simply treat a batch of multiple graphs as
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(c) Greedy schedule (d) One-by-one processing

i:input, o: output, m: mix, e: equalizer, c: compressor, g: gain/panning, r: reverb.

Figure 5.1: Various schedules for batched node processing. For each schedule,
the processing orders are shown inside the nodes.

a single large disconnected graph. Therefore, we will focus on the batched node

processing for the remainder of this section.

5.3.1 Type scheduling

For a maximized node-level parallelism, we want to find the shortest node subset
sequence. This is a variant of the scheduling problem. First, we always choose
a maximal subset V; when the type ¢; is fixed. This makes the subset sequence
equivalent to a type string, e.g., iecgrmegro for Figure 5.1b. We also choose

the first and the last subset, V, and Vy,, ., to have all of the input and output

nodes, respectively. Since the search tree for the shortest sequence exponentially
grows, the brute-force search is too expensive for most graphs. Instead, we may
try the greedy method that chooses a type with the largest number of computable
nodes (Figure 5.1c). However, this usually results in a longer sequence, thus
slower processing. We can alleviate this issue with the beam search, i.e., keeping

multiple best schedules as candidates instead of one. Intuitively, the batched node
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Algorithm 1 Batch computation of audio processing graphs.

Input: Types T and T, edges E, parameters P, and inputs S
Output: Output signals Y and (optional) intermediate signals U

: T, N + ScheduleBatchedProcessing (Ty, E)

o + OptimizeNodeOrder (T, Ty, E)

Ty, E,P < Reorder(o, Ty, E, P)

16,17, 1 I8 + GetReadWriteIndex (T, Ty, E, Tg, P)

U < Initialize(S, Ty)

forn <+ 1to N do
U,, + Gather(U,I%) > index_select
U, « Aggregate(U,,I%) > scatter
P, < Gather(P[t,],IV) >slice
Y, < Process(t,, U,,P,)
U « Store(U,Y,,I9) >slice

: end for

Y «— YN

: return Y, U

S Ty
AW N PO

processing is effective for graphs with fewer types and a certain structure, e.g.,

ones that apply processors in the same order for every input (Figure 5.1a).

5.3.2 Implementation details

Algorithm 1 obtains the output Y from the prescribed inputs; the numbers in
parentheses below refer to the algorithm’s line numbers. First, we schedule the
batched node processing and obtain a node type list T € N¥er*1 (1). Next, as the
main batched processing loop (6-12) contains multiple memory reads/writes, we
calculate the node reordering o that achieves contiguous memory accesses and
improves the computation speed (2). This procedure allows memory accesses via
slice, as shown in the comments of Algorithm 1. After reordering the graph
tensors with o (3), we retrieve lists of indices, I¢, I¥, I*, and I, used for the tensor
read/writes in the main loop (4). Note that all these steps (1-4) are done on the CPU
and, in most cases, in multiple separate threads. Therefore, they do not bottleneck
the GPU and optimization. After the preprocessing, we create an intermediate
output tensor U, which will have a shape of |V'| x C' x L if all processors are SISO
systems or Ny, X C' x L where N, denotes the total number of outputs in the

graph (5). As we put all the inputs to be the first partition V}, it can be initialized
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with simple concatenation: U = S @ 0. The remaining repeats batched processing
and necessary reads/writes (6-12). For each n™ iteration, we collect the previous
outputs U,, thatare routed to the current partition nodes. We achieve this by access-
ing the intermediate tensor U with the index IS with index_select (7). Then,
we aggregate them using scatter if multiple edges are connected to some nodes
(8). We can similarly obtain a parameter tensor P,, with its corresponding index I,.
Especially, our node reordering (3) makes this a simple s 11ice, faster than the usual
index_select. With the obtained input signals U,, € RI"»I*¢*L and parameters
P, € RV»I*Nt webatch-compute the node outputs Y, (10). Then, we save them to
the intermediate output tensor U with the s1ice index I? (11) so that the remain-
ing steps can access them as inputs. After the iteration, we have all node outputs
saved in U. The final graph outputs are given as the output of the last step Y =

Yy € RIV¥IXEXL gince we set the last node partition Vyy to collect all output nodes.

5.4 Music Mixing Applications

5.4.1 Mixing Graph Construction

Figure 5.2 shows a simplified GRAFX construction of the music mixing console
used in Chapter 6. The example illustrates the two representations described
above. The graph is first built as a mutable object by adding input, processor, and
mix nodes and connecting them with edge operations (lines 3-9); the displayed
serial chain corresponds to the first upper-left row of the full mixing console
in Figure 6.2a. The graph is then converted to tensors (line 10), scheduled for
batched node processing with compute_render_data (line 11), and com-
puted from source signals, differentiable processors, and parameter tensors with
render_grafx (lines 12-21). The resulting output can be used directly in an

audio-domain loss for gradient-based matching to a target mix.

5.4.2 Speed benchmark

We evaluated the efficiency of batched node processing with various scheduling

methods. We benchmarked with a single RTX3090 GPU and the pruned graphs
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1 import torch
from grafx import =*

N

3 G = GRAFX ()

4 in_id = G.add("in")

5 chain = ["eq", ..., "reverb"]

6 start_id, end_id = G.add_serial_chain(chain)
7 mix_id = G.add("mix")

8 G.connect (in_id, start_id)

9 G.connect (end_id, mix_id)

10 G_t = convert_to_tensor (G)

11 render_data = compute_render_data (G_t)

12 source = torch.rand(l, 5, 2, 2x%17)

13 processors = {

14 "eq": ZerophaseFIREqualizer(),

15 "reverb": MidSideFilteredNoiseReverb(),
16 }

17 parameters = {

18 "eq": torch.zeros (7, 1024),

19 "reverb": torch.zeros (7, 768),

20 }

21 output = render_grafx(source, processors, parameters, render_data)

Figure 5.2: Music mixing graph construction with GRAFX.

where negligible processors are removed from the mixing consoles (Chapter 6).
Figure 5.3 reports the results. The optimal schedule achieves 11.8 processor calls
on average. The beam (32 candidates), greedy, and one-by-one schedules report
12.6, 16.4, and 77.6 calls, respectively. The one-by-one especially increases the
processor calls linearly to the graph size. Consequently, the batched node process-
ing improves the speed across all graph sizes, especially for large ones. While the
greedy method performs slightly worse than the optimal, the beam search method
closes this gap.

5.5 Conclusion

This chapter formulated differentiable audio processing graphs as a computa-
tional framework for graph-structured audio systems. The framework connects
the graph definition introduced in Section 1.2.4 to tensorized graph repre-

sentations, mutable graph construction, and efficient batched computation. Its
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# Processor calls / graph # Graphs / second
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250-300 B Optimal
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350-400 = 1-by-1
0 100 200 0 25 50 75 100

Figure 5.3: Speed benchmark results of various scheduling methods.

implementation in GRAFX consolidates these components into the forward model
used in the following chapters: Chapter 6 uses it for differentiable optimization
and pruning of mixing graphs, while Chapter 7 uses the same graph abstraction
for blind graph estimation and later revisits differentiable graph computation as
an extension. In this way, the chapter serves as the computational bridge from
fixed-structure differentiable processors to the compositional graph problems

considered in the remainder of the thesis.
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Chapter 6

Reverse Engineering of Music Mixing Graphs with

Differentiable Processors and Iterative Pruning

6.1 Introduction

Production of modern music recordings involves a mixing process, balancing
source tracks in various aspects such as loudness, frequency content, and spa-
tialization. Mixing engineers achieve this by combining and controlling audio
processors, such as equalizers and artificial reverberation. Numerous attempts
have been made to uncover this complex process. One way is by directly collecting
expert knowledge [231, 232, 233]. Alternatively, one can develop a computational
method that estimates the mixing process from input source tracks and output
mix. This reverse engineering strategy has several advantages. First, it is useful on
its own as it allows one to analyze and understand the individual mixes. Further-
more, we can collect large-scale mixing data from various public music datasets
[234, 235, 236] that provide mixes along with their source tracks. This enables more
scalable, data-driven downstream applications. For example, we can conduct sta-
tistical analysis of the mixing practices [32, 33, 237]. The data can also be used
to develop automatic mixing systems [15, 238, 239, 14, 228], which could include
neural network components.

Reverse engineering of music mixing was initially tackled by Barchiesi and

Reiss [29]. By assuming the mixing as a linear process, least squares solutions,
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i.e., an impulse response and a gain envelope per track, were derived and fur-
ther converted to the processor parameters. More recently, Colonel and Reiss
[30, 93] employed differentiable signal processing [47, 49] and directly optimized
the processor parameters with gradient descent. This approach allows more flex-
ible choices of processors and optimization objectives, which could lead to better
perceptual matches.

Ideally, the reverse engineering method should be able to comprehensively
recover the real-world practice of music mixing. However, these prior works as-
sumed a fixed chain of processors per source track and estimated only their pa-
rameters. Therefore, it is desirable to extend these methods to also estimate the
compositional aspect of mixing, which can be represented with a graph of audio

processors.

6.1.1 Problem Formulation

Following the audio processing graph framework presented in this thesis, we
describe the mixing process with a directed acyclic graph (DAG) G = (V, E)
whose nodes v; are processors or auxiliary modules with a type attribute ¢;, and
whose edges e¢;; are “cables” routing one node’s output signal to another node’s
input. All processors considered in this chapter are single-input and single-output
(SISO): each processor has one graph inlet and one graph outlet, each carrying a
stereo audio stream. Thus, unlike the MIMO graph definition in Chapter 5, explicit
inlet/outlet edge types are unnecessary.

We consider 7 processor types: equalizer e, compressor c, noisegate n, stereo
imager s, gain/panning g, multitap delay d, and reverb r. Each processor takes
an input audio u; and a parameter vector p; and computes an output y;; their
differentiable implementations are detailed in Section 6.3. The auxiliary modules
include an input i that outputs a dry source s;, a mix m that sums the incoming
signals, and an output o whose sum of the inputs is the final output 3. We denote
a series of nodes with a string, e.g., ecns.

The reverse engineering task is defined as follows: Given the dry sources
S = [s1,- -+, Sk] and the ground-truth mix y, our objective is to identify a graph G

along with all processor parameters P such that processing the sources produces
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a mix § = G(S;P) that closely approximates the original mix y. To measure the
similarity, we employ an audio-domain loss function L,. In addition, we need
some regularization L, to restrict the graph and parameters to be in a reasonable
range (e.g., being not too large). Therefore, the full optimization objective is given
as

G*,P* = argmin [L.(4,y) + L.(G, P)]. (6.1)

G,P

6.1.2 Proposed Strategy

Exploring candidate graphs without restrictions might seem appealing. However,
the combinatorial nature of graphs results in an extremely large search space, and
the need to simultaneously optimize processor parameters further complicates the
task. Also, many graph-parameter pairs can achieve similar match quality, mak-
ing the task ill-posed and underdetermined. Therefore, it is beneficial to impose
restrictions, e.g., favoring commonly used structures, to narrow the search space
and improve practicality.

To this end, we propose a search method based on pruning (see Figure 6.1).
Following Colonel and Reiss [30, 93], we first create a “mixing console” G.. To
each input source, the mixing console applies a processor chain, which consists
of all the 7 processors in the fixed order. It subgroups the processed sources
with mix m, applies the chain again, and sums the processed subgroups to obtain
a final mix . We assume that the subgrouping information is known a priori.
Note that this structure resembles the traditional hybrid mixing console.! Using
differentiable processors, we implement the mixing console in PyTorch [183].
This allows us to optimize all console parameters P, with given objectives via
gradient descent. After this, we proceed to the pruning stage, where we reduce
the number of processors as much as possible while the match quality remains
within a predefined tolerance 7. The pruning of a node is defined as its removal and
the rerouting of its edges in a way that is equivalent to setting them to “bypass.” We
adopt a standard iterative pruning approach [94, 240]: we optimize the remaining

parameters after each pruning step and repeat this process multiple times.

Thttps://steemit.com/sound/@jamesub/the-mixing—console-split—-inline-
and-hybrids
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—> Parameter optimization ~~>  Pruning
Console parameters [[] Induced audio space
[l Pruning search [[] Tolerance range

Figure 6.1: The proposed mixing graph search method. Gradient descent first
optimizes a full mixing console, and iterative pruning then removes processors
while keeping the target-matching loss within a tolerance of the optimized console
loss.

Figure 6.2 gives a concrete example: the full console applies the same ordered
processor chain to each source and subgroup, whereas the pruned graph removes
processors that are unnecessary under the tolerance criterion.

Casting the graph search into pruning reduces the search space, which has
several tradeoffs. First, the pruning only removes the processors from the pre-
defined processor chains, i.e., it does not consider all other possibilities. As a result,
the pruned graph G|, does not surpass the original mixing console G in match
quality. Nevertheless, it aligns with real-world practices by selectively applying
appropriate processors, promoting sparsity, and enhancing the interpretability of
the estimated mixing process. Also, it significantly reduces the search cost and
allows us to obtain a practical algorithm, which might be challenging with other
alternatives [241, 242]. Our evaluation results show that about 60-70% of the
processors can be removed while having little perceptual degradation.

Making the search algorithm fast and efficient is crucial to applying it to large-
scale mixing data. To achieve this, we employ two strategies. First, our search
repeatedly computes the mix, which is a major source of bottleneck. This repeated

rendering is made practical by the batched graph-rendering algorithm of Chap-
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(a) Full mixing console before pruning. (b) Pruned graph.

Figure 6.2: Example full and pruned mixing graphs. Initial letters in the nodes
denote processor or auxiliary-module types: i: input, o: output, m: mix, e: equal-
izer, c: compressor, n: noisegate, s: stereo imager, g: gain/panning, r: reverb, and
d: multitap delay.

ter 5, which computes multiple processors within a graph in parallel. This is
especially effective here, as our mixing graphs are much larger and more paral-
lelizable than those in prior works [242, 228]. Second, pruning is another source
of bottleneck because it includes many trials, each involving audio processing and
loss evaluations. Thus, we focus on developing efficient pruning methods. In this
process, we aim to identify a subset of nodes that minimally impact match quality.
To this end, we interpret each processor’s “dry /wet” parameter as an approximate
importance score and leverage it to select pruning candidates. We combine this
method with a brute-force node-by-node check, deriving a hybrid method that
has a reasonable tradeoff between the computational cost and resulting sparsity.
This chapter is based on our earlier publication [54], with extended evaluation
metrics, experiments, and subjective listening tests. The batched graph-rendering

algorithm it builds on is presented separately in Chapter 5 [91].

6.1.3 Open-Source Implementation

The batched graph-rendering algorithm used here is provided by the GRAFX
library (Chapter 5). The graph-pruning examples, audio samples, and implemen-

tation corresponding to Sections 6.4, 6.5, and 6.6 are available on the project page.2

2https://sh-lee97.github.io/grafx—-prune
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6.2 Related Works

6.2.1 Composition of Audio Processors

While our work focuses on music mixing, it is valuable to review representative
works that incorporate the compositional aspects of musical signal processing in a
broader scope, such as sound matching [90, 243, 242], effect chain estimation [244,
245, 246, 56, 228], and music mixing estimation [14, 228, 93]. Table 6.1 highlights
the key differences among these approaches. These works vary in their tasks,
domains, processors, graph structures, and estimation methods. We denote each
task with [A] — [B] where A and B denote given references and estimation targets,
respectively. For example, if the references are dry sources and a wet mixture, this
task becomes reverse engineering [228, 244, 245, 93]. Some fixed the graph and
estimated only the parameters [14, 90, 93, 47, 56]. Others tried to predict the graph
[245] or both [228, 244, 242, 243]. Also, with several exceptions [228, 242], most
works consider simple compositions, e.g., serial chains, that do not require graph
terminology. Yet, we treat those cases as simple graphs. This chapter presents a
graph reverse engineering method based on end-to-end parameter optimization

with gradient descent.

6.2.2 Graph Search

Various research domains search for graphs with desired properties, including
neural network pruning [94, 240] (conceptually identical to our approach), neural
architecture search (NAS) [247], and reinforcement learning-based graph genera-
tion [248, 249]. One particularly relevant work is differentiable architecture search
(DARTS) [241], which relaxes the choice of each layer to a categorical distribution
and optimizes it via gradient descent. Theoretically, our method can be naturally
extended to this approach; we only need to change our 2-way choice (prune or
not) to (N + 1)-way (bypass or one of N processors). DARTS is clearly more
flexible and general. However, it also greatly increases the computational cost, as
we must compute all IV processors to compute their weight sum for every node.
We note that another possible strategy for graph estimation is simply to train a

neural network as a graph estimator in a supervised manner [228]. However, in our
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case, the ground-truth graphs for training are not available. Hence, they should be
synthetically generated with a predefined set of rules. This risks training the model
with a data distribution that is different from the real world. Moreover, unlike the
prior work [228] that only considered small graph sizes, real-world multitrack
mixes typically involve significantly more source tracks and processors, making

the synthesis of realistic data even more challenging.

6.3 Differentiable Processors

Each processor v; € V takes an input u;[n] and computes an output audio y;[n]

(both are stereo; n denotes a discrete-time index) as follows:

viln] = fi(us[n], ps), (6.2a)
yiln] = wigiln] + (1 — w;)u,[n]. (6.2b)

That is, after the main processing f; with parameters p;, we mix the input and the
result y; with a “dry/wet” weight w; € [0, 1]. Separating the dry/wet mix from the
other processing is helpful for the latter discussion on pruning. We denote the full
parameter as p; = (p;, w;) and use it when the distinction of the two is unnecessary.
In the graph search, this dry/wet weight also serves as an approximate importance
score for pruning candidates. Note that, as the processor v; is used inside the graph

G = (V, E), its input will be given as a sum of other nodes’ outputs.

wiln] = Y y;n] (6.3)
JEN (@)
Here, V(i) denotes a set of node indices that is connected to processor v;; in other

words, e¢;; € F.

Gain/panning — We multiply a learnable gain for each input channel. The pa-
rameter p, € R? is the concatenation of the log gains, and the output is given

as

yln] = exp(py) - uln]. (6:4)

Stereo Imager — We adjust the stereo width by altering the loudness of the side
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channel (left minus right) using a single logarithmic gain parameter. The mid and

side signals are calculated as

Ym[n] = wn] + w[n], (6.52)

Then, these are converted back to the stereo output with

9iln] = (ym[n] + ys[n])/2, (6.6a)
(6.6b)

<
£
=)
[
@
e
<
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Yr [n -

Equalizer — We use a zero-phase FIR filter with log-magnitudes used as a param-
eter p.. We can obtain the time-domain response with exponentiation followed by
inverse FFT (IFFT) and Hann-windowing v"#"*[n]. As a result, the length-N FIR

is
N—

,_.

he[n] = v [n exp p. [k (6.7)

.1
NS
where —(N —1)/2 <n < (N —1)/2and wy = exp(j - 2w /N ). We convolve the

same FIR to the left and right input channels to compute the output.

Ux[n] = uxn] * he[n]  (x € {1,r}). (6.8)

The FIR length is set to N = 2047, i.e., the parameter p. is a 1024-dimensional
vector. For all causal convolutions, FlashFFTConv [250] is used to speed up the

processing and save memory:.

Reverb — We employ a stereo FIR filter where each FIR is a variant of the
time-varying filtered noise [47]. We start from uniform noise, u.,[n] and us[n] ~
U(—1,1), one for the mid channel and the other one for the side channel, respec-
tively (both are 2 seconds long). Then, each noise is converted to its STFT U, [k, m]

and multiplied with an independently parameterized magnitude mask M, [k, m].

H,[k,m| = Uk,m] ® M [k,m] (x € {m,s}). (6.9)
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Here, k and m denote frequency and time frame index, respectively. We create each
mask M, with two parameters: a log-magnitude vector H?[k] that corresponds to
the initial coloration and another log-magnitude vector H2[k] that models the

frequency-dependent decay of the reverb.
M [, m] = exp(HO[k] + (m — 1) H[K]). (6.10)

The masked STFTs, H,, and H, are converted back to the time-domain responses
with the inverse STFT and further converted to the stereo FIR h, [n]. Channel-wise
convolution between the input u[n] and the FIR yields the desired output y[n]. We
set the FFT and hop lengths to 384 and 192, respectively. Each reverb processor

has 768 parameters (2 channels, each with 2 log-magnitude vectors of size 192).

Compressor — We follow the canonical implementation of the digital feed-forward
compressor [10]. We first calculate a mid-channel signal u,, [n] by summing the left
and right channels. Then, we square the signal and smooth it with the following

recursive filter called “ballistics.”
gu[n] = a[n]gu[n — 1] + (1 — an])uZ,[n]. (6.11)

In standard compressors, values of the smoothing coefficient a[n] are set differ-
ently for an “attack” and “release” phase (where g,[n] increases and decreases,
respectively). However, this part bottlenecks the computation speed in GPU. To
mitigate this, following [57], we set the coefficients to a single parameter «. This
simplification makes the process a one-pole IIR filter whose impulse response is
simply given as

h™[n] = (1 — a)a™. (6.12)

Then, we can compute the energy envelope g, [n] by a simple convolution of the
energy signal u2 [n] with the above IIR h°"¥[n] truncated to length N. Next, we
calculate the compressed energy envelope G;[n] from the log of the input envelope

G.[n| = log g.[n]. We use a quadratic knee that interpolates the compression and
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the bypass region. For a given threshold 7" and half of the knee width W,

G>¥[n] Gy[n] > T +W,
Gylnl =S Grdln] T —-W < G,[n]<T+W, (6.13)
Gy¥'oV[n] Gun]<T-W

where, for a given compression ratio R, each term is

Gl =T+ ——F—, (6.14a)
G2 [n] = G, [n] + (% - 1) (Guln)] ;I; W) (6.14b)

and G} [n] = G, [n]. Finally, the output is given as
Ux[n] = exp(Gyln] — Guln]) - ux[n] ~ (x € {l,x}). (6.15)

The scalar parameters, o, T, W, and R, form the compressor’s parameter vector
Pe € RL
Noisegate — Its implementation is identical to the compressor except for the

output gain computation: G2***°[n] = G,[n] and the remaining is given as

(Guln] =T — W
AW ’

G [n] = G,[n] + (1 R)

(6.16a)

Multitap Delay — We observed some mixes in our dataset use heavy delay (or
“echo”) effects; hence, we introduce an FIR filter that can mimic this. The left
and right channels use independent FIRs, and they are convolved with the input
channel-wise. For simplicity, we omit this in the following text and equation. Under
this setup, the multitap delay’s FIR is given as
M
haln] = ¢uln] * 6[n — d,,] (6.17)

m=1

where 0[n] is a unit impulse signal and ¢,, is a 39-tap FIR implemented the same as
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the zero-phase equalizer. We use M = 20 delays, with each delay d,,, constrained to
its own 100ms range. We want to optimize each discrete delay length d,,, € N with
gradient descent. To achieve this, we utilize the property that each delayed impulse
corresponds to a complex sinusoid in the frequency domain. Following [58], the
complex angular frequency z,, € C of such a sinusoid can be optimized using
gradient descent if we allow it to be in the unit disk, i.e., |z,,| < 1. We leverage this
finding; from the angular frequency z,,, we compute a damped sinusoid. Then, its

inverse FFT can be used as a surrogate of the delayed unit impulse.

whr, (6.18)

Note that this surrogate is not identical to the original delay unless the angu-
lar frequency is on the discrete bins of the unit disk. Therefore, we use it only
for calculating the gradients with straight-through estimation [39]. Moreover, we
apply normalization to the gradient and add a regularization that guides the pa-
rameters to increase their radius. We empirically observed that this improves the

performance. To summarize, each gradient is updated as follows:

m

oL g( OL  Ohyln]

5 < sen ' ] o, > +7(|2m| — 1) sgn(z;,) (6.19)

where h4[n] is the surrogate FIR obtained with the continuous delay, sgn(z) =
z/|z| and 7 is a regularization strength set to 0.01. This multitap delay has a
parameter vector p, of size 880 (20 delays for each channel; each delay with a real
and imaginary part of the sinusoid’s angular frequency and 20 log-magnitude
bins of the FIR filter).

6.4 Music Mixing Consoles

Before exploring the pruning, we first evaluate the match quality of the mixing
consoles, which will serve as a performance upper bound. In addition to evaluating
the full console, we analyze the contribution of each processor type to the overall

performance. To achieve this, we begin with a base graph that simply sums all
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the inputs. Then, we sequentially add each processor type to every processor
chain (refer to Tables 6.2 and 6.3). Each preliminary graph is then optimized and
evaluated for every song in the validation set. This experiment is similar to the

evaluation in [93], albeit the structure of mixing consoles and the processors differ.

6.4.1 Optimization

The graph parameters and dry/wet weights are optimized with the following
audio-domain loss,
L, =ao,L, +a,Ly, + agL, (6.20)

where each term L, (x € {Ir,m, s}, lr: left/right, m: mid, s: side) is a multi-
resolution STFT (MRSTFT) loss [251]

I , N , o
loe YO — 100 Y. () Y@ _yQ©)
£y = 3" [ 1eg X —log X0l | KO — VO 62)
=1

N g

Here, Y, and Y,(") represent the i** Mel spectrograms of the target and predicted
mix, respectively. The terms N, || - ||;, and || - || r refer to the number of frames, the
l; norm, and the Frobenius norm, respectively. FFT sizes of 512, 1024, and 4096
are used, with hop sizes set to 1/4 of their respective FFT sizes. The number of Mel
filterbanks is 96 for all scales. Before each STFT, A-weighting is applied [252]. The
loss weights are o), = 0.5, o, = 0.25, and oy = 0.25. We use auraloss [253] for
the implementation. Additionally, we include the following regularization term to
encourage gain staging, a common practice to ensure the total energy of the input

and output remains approximately equal:

Ly= Zvievg 10g [[(i)mll2 — 1og [ (ti)um -] (6.22)

where (-),, and || - |2 denote mid channel and /; norm, respectively. This regular-
ization is applied to all equalizers, reverbs, and multitap delays (denoted as V}).
This approach enables us to remove redundant gains introduced by these LTI pro-

cessors and constrain the parameters to be within a reasonable range. Therefore,

171



the full optimization loss is
L(P,w) = L,(P,w) + a,L.(P) (6.23)

where the weight of the gain staging regularization is set to ooy, = 107 (a different
notation was used from Equation (6.1) to emphasize the optimized parameters).
Parameters are initialized with a Gaussian distribution A(0,1072). For dry/wet
weights, a logistic sigmoid is further applied to center the initial values to 0.5
and restrict their range to (0,1). We optimize each console for 12k steps using
AdamW optimizer [185] with a 0.01 learning rate. Each step randomly samples a
3.8s segment, computes the mix ¢, and compares it with the corresponding ground
truth y (hence, the batch size is 1). The first second of each mix is omitted when
calculating the loss; it is used only to “warm up” the processors with long states,

e.g., compressors and reverbs.

6.4.2 Evaluation Metrics

We follow [254] and compare the optimized mix and the ground truth with the
following metrics. First, we measure Fréchet Audio Distance (FAD) [255], which
calculates the distance between the feature distributions obtained with a pre-
trained audio encoder. We also report the scale-invariant signal-to-distortion ratio
(SI-SDR), widely used in source separation literature, which involves sample-wise
comparison [256]. Furthermore, we measure the mean square errors (MSEs) of
simple analysis features used in music information retrieval (MIR). These are
referred to as “MIR feature distances.” We split the mix and its match into disjoint
8-second segments, yV), -+ y*) and g, ...  §M) Then, we calculate the MSEs
of features extracted from those segments. We further apply logarithm to compress
the values, as we empirically found it to correlate better to the subjective similarity.
We consider the same set of features in [254]: root mean square (RMS), crest factor
(CF), stereo width (SW), stereo imbalance (SI), and bark spectrum (BS) [257].

1 M
d. = logg [MK > ||E) - Fx@(m))Hj . (624)
X m=1
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where x € {RMS, CF,SW, SI, BS}, || - || denotes I, norm, and K, denotes the
size of the feature x. Each feature reflects certain aspects of the mix. For example,
the CF is defined as a ratio between the peak absolute value and the RMS of the
waveform. Therefore, it could be used to compare the mixes and matches in terms

of loudness dynamics.

6.4.3 Data

For each song, we need dry sources S and a mixture y to run the optimization. Also,
we need additional subgroup information to construct the initial mixing console.
Thus, we utilize the MedleyDB dataset [234, 235], as it provides all the necessary
components. The MixingSecrets library [236] only provides the audio; there-
fore, we manually create the subgroup information. For evaluation purposes, we
use a random 24-song subset for each dataset, and the results are reported sepa-
rately. Finally, to collect the graph data, we use the full data and also include our
private Internal dataset crowdsourced from multiple engineers, which com-
prises Western music recordings. A total of 1239 songs were collected (188, 472,
and 579 songs for MedleyDB, MixingSecrets, and Internal, respectively).

Every dry source track and mix is stereo and resampled to 30kHz sampling rate.

6.4.4 Results

Table 6.2 and 6.3 report the results for the MedleyDB and MixingSecrets eval-
uation subsets, respectively. We first report the MedleyDB results. First, the base
graph reports an MRSTFT loss L, of 50.7. The side-channel term L, is especially
large, reporting 198, as most source tracks are mono (hence, so is the naive sum)
while the target mixes have wide stereo images. With the gain/pannings and
stereo imagers, we achieve “rough mixes” with a loss of 0.541. Then, we fill in
the missing details by adding the remaining processor types. Each type reduces
the audio loss, with the full mixing console achieving a value of 0.296. The same
trend can be observed in the MixingSecrets results, albeit the audio loss is
higher (0.545 for the full console), indicating that mixes from this dataset are more

challenging than MedleyDB’s.
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In terms of other metrics, FAD is the only one that shows the same consistent
improvement for each processor type. The SI-SDR is slightly inconsistent, and
the values are very low even with the full console (—2.66 and —6.85dB on the
two subsets). We suspect two causes: the MRSTFT loss does not model phases,
and the dry tracks and target mix are not precisely aligned for some songs. The
MIR feature distances are also inconsistent, but each processor tends to improve
its relevant metrics. While the compressor and noisegate reduce the CF distance
dcr (—0.183 and —0.108, respectively), they rather increase the BS distance dgg
(+0.14 and +0.01, respectively, on MedleyDB), possibly due to the properties of
these processors that can modify the loudness dynamics, not the overall spectral
balance. Similarly, as multitap delay has two FIRs independently parameterized
for the left and right channels, they are effective for matching the stereo image,
which is shown by the decreased SW distance dgsw and SI distance dg; (—0.12
and —0.23, respectively). However, it has a risk of “smearing” the transient and
harming the loudness dynamics (an increase of +0.028 in the CF distance dcg).
Nevertheless, we note that the average of all MIR feature distances on the two
subsets consistently decreases, from —1.22 to —2.63.

We can conduct further qualitative analysis by comparing representative log-
magnitude spectrograms of the targets, selected mixing console matches, and their
errors (Figures 6.10 and 6.11). Again, we observe that adding each processor type
improves the match. Furthermore, each song has different types that are more
crucial; for the song NewSkin (Figure 6.10), there is significant error reduction
when reverbs are introduced. However, this is not the case for RockSteady (Fig-
ure 6.11). Instead, for the latter, different from the average trend, the multitap
delays improve the match more than the reverbs. This is not so surprising as the

original mix introduces heavy delay effects.

6.5 Music Mixing Graph Search

The previous full mixing console G serves as an upper bound for matching
performance. Now, our goal is to identify a sparser graph that maintains a similar

match quality. This is achieved by pruning the console as much as possible while
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Algorithm 2 Mixing graph search with iterative pruning.

Input: A mixing console G, dry tracks S, and mixture y
Output: Pruned graph G, and parameters P = (P, w)
1: P, w < Initialize(G,)
2: P,w < Train(G.,P,w,S,y)
3: L™" « Evaluate(G., P,w,S,y)
4: G, + G,
5: for n < 1 to Ny, do

6: Vool m <— GetAllProcessors(V), 1
7: while TryPrune (V,o01, w, m) do
8: Veand, Meand < SampleCandidate (Voo1, W)
9: L, < Evaluate(G,,P,w ® m ® Mo, S, y)
10: if L, < L™" + 7 then
11: L™ ¢ min(L™, L,)
12: m<mQ® Mc,,q
13: end if
14: Vool = UpdatePool(Voo1, Veana)

15: end while

16: G,, P, w «+ Prune(G,,P,w, m)
17: P,w < Train(G,,P,w,S,y)
18: end for

19: return G, P, w

ensuring that the loss increase remains within a pre-defined tolerance threshold
7. This requirement is illustrated as a circle in Figure 6.1. We write this objective
as

minimize |V,| s.t. minL,(G,) < minL,(G.) + 7 (6.25)

where V, represents the pruned graph’s node set and | - | denotes its cardinality.
The term min(-) emphasizes that our focus is on the optimized audio loss after
pruning. Note that only processors are subject to pruning, while auxiliary nodes
remain unchanged. Instead of the number of remaining nodes |V}, |, we will report
a pruning ratio defined as the number of pruned processors over the number of

the initial console’s processors.

6.5.1 Iterative Pruning

Finding the optimal solution V, a set with the smallest number of nodes, is

computationally prohibitive due to the combinatorial nature of the problem, i.e.,
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the number of the candidate graphs is a power of the initial mixing console.

To mitigate this, we assume that the processors independently contribute to the
match and adopt a greedy pruning strategy. We incrementally remove processors
whenever the tolerance condition is met, fine-tuning between rounds [94, 240].
Ideally, intermediate pruned graphs should be fine-tuned before assessing the
tolerance condition. However, for a reasonable computational complexity, we omit
this step, paying the cost of potentially missing some removable processors.

Our method is described in Algorithm 2, with specific steps referenced in
the following parentheses. We start from the previously described optimization
of the mixing console G. = (V, E) and evaluate the final loss (1-3). The loss
L™ acts as a threshold, with the tolerance 7 defining acceptable degradation.
Next, we alternate between pruning and optimizing the remaining parameters
and weights, i.e., fine-tuning (5-18). Each pruning stage involves multiple trials,
where subsets of candidate processors V..,q are sampled from the remaining
pool V01 (8) and tested for removability (10). If the result satisfies the constraint,
pruning is applied; otherwise, it is reverted (10-13). This process is repeated until
the terminal condition (7) is met.

In implementation, pruning trials are simulated by multiplying the weight
vector w with binary masks m and m.,,q (9). After the trials, we perform the
actual pruning of nodes so that we can discard the unnecessary processing and
accelerate further optimization (16). Note that pruning occasionally improves the

match quality. In such cases, the pruning threshold is updated accordingly (11).

6.5.2 Candidate Sampling

Implementation-wise, we have to decide how to sample a candidate set V,,,q (8,
14), decide when to terminate the trials (7), and do some preprocessing (6; see
colored lines in Algorithm 2). We explore the following 3 approaches.

First, we can use a simple brute-force method; we can try every processor one
by one: Veana = {v} where v ~ V,,,,1. We repeat this until we try every processor in
the pool V,,,.1. This granularity likely achieves high sparsity but demands a high
computational cost; we should run |V,,,.1 trials for each pruning stage.

Second, to improve efficiency from the above method, we need an informed
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Algorithm 3 Mixing graph search using dry/wet method.

Input: A mixing console G, dry tracks S, and mixture y
Output: Pruned graph G, and parameters P = (P, w)
1: P, w < Initialize(G.)
2: P,w < Train(G.,P,w,S,y)
3: L™" ¢+ Evaluate(G., P,w,S,y)
4: Gp — G,
5. for n < 1 to Ny, do
Thoo1, m <— GetProcessorTypeSet(V), 1
fortin T}, do
Vi, w; < Filter(V,t), Filter(w, t)
AR AN
10: end for
11: while T,,,,; # () do

R A

12: t <— SampleType(Tpo01)

13: V;,m < GetLeastWeightNodes (V;, wy, | N7 ])
14: L, < Evaluate(G,,P,w ®m G m,S,y)
15: if L, < L™" + 7 then

16: L™ e min(L™n L)

17: m—mom

18: V, « Vi\V,

19: else

20: if | Nyr;| > 1 then

21: Ty 1/2

22: else

2 Tyoor < Ty \ 1)

24: end if

25: end if

26: end while

27: G,,P,w + Prune(G,,P,w, m)
28: P,w < Train(G,,P,w,S,y)
29: end for

30: return G, P, w
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guess of each node’s importance. Recall that each processor mixes its input and
output with a dry/wet weight, y; = w;7; + (1 — w;)u; (Section 6.3). Intuitively, we
can use each dry/wet weight w, for approximate importance as w; = 0 is equiv-
alent to pruning v;. This observation leads to the following variant, the dry/wet
method, described in Algorithm 3 (the colored lines highlight the correspondence
with Algorithm 2). For each pruning iteration, we create a set of remaining types
Thoo1 and count the processors of each type N, (6-10). Then, for each trial, we
sample a remaining type ¢ (12) and choose the smallest-weight type-t processors
as candidates V; (13). The proportion of chosen candidates is controlled with a
per-type ratio r; initialized to 0.1. Then, we perform an iterative search to find
the maximum proportion for each type. When the trial succeeds, we prune those
candidates and continue the search for that type ¢ (18). If the trial fails, we perform
the following: if the number of candidates is larger than 1, we halve the ratio for
the next search of the type t. Otherwise, we terminate the search of the type t
by removing it from the pool 7},,.1. This method resembles the binary search but
uses a more conservative initial proportion r, = 0.1 other than 0.5. This avoids
excessive pruning of early-sampled types. Also, treating each type separately is
motivated by the observation that the range of dry/wet values could be different
for different types.

Finally, solely relying on the weight values could neglect some large-weight
processors that can be pruned. We mitigate this by combining the above two
methods, running the brute-force method for every 4" iteration and the dry/wet
method for the remaining. We call this a hybrid method, which is, along with the

tolerance of 7 = 0.01, our default choice throughout the experiments.

6.5.3 Optimization

We keep the same objectives used in the mixing console training and add sparsity

regularization Ly, a [; norm of the weight w, to promote the pruning.

L(P,w) = L,(P,w) + agLg(P) + a, L,(W). (6.26)
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We begin by training the console for 6k steps. Following this, we perform N, = 12
rounds of pruning, with each round including 0.5k steps of fine-tuning. This re-
sults in the same total optimization steps as in the previous experiments. Although
the full console optimization steps are halved, potentially leading to an increase in
loss, this approach is justified due to strict resource constraints. During the initial
4k steps of the pruning phase, we increase the sparsity coefficient o, linearly from
0to 107

6.6 Results

6.6.1 Sparsity and Quality Degradation

Same as the mixing console experiments, we report results for MedleyDB and
MixingSecrets datasets separately (Table 6.4 and 6.5, respectively). In the de-
fault setting, the average audio loss L, is 0.301 for the MedleyDB subset, which
is a 0.005 increase compared to the full consoles within the range of the tolerance
threshold of 7 = 0.01. However, for the MixingSecrets subset, the audio loss
increase is 0.018, higher than the tolerance. This outcome is expected due to the
shorter training time for the full console. The average pruning ratio, denoted as ,
is 0.606 and 0.622, respectively, with the equalizer e and stereo imager s being the
most and least retained types, respectively (e.g., 0.483 and 0.805 for MedleyDB,
respectively). Similar to the mixing console experiments, metrics other than FAD
have noisy results, although the changes in values are very small (e.g., at most
0.5dB for SI-SDR).

6.6.2 Choice of Tolerance

Even with a very low tolerance of 7 = 0.001, we can nearly halve the number
of processors (average pruning ratio of ;1 = 0.442 and 0.433 for the respective
subsets). However, setting 7 too high, such as 7 = 0.1, results in highly sparse
graphs but significantly degrades the match quality. The default 7 = 0.01 has a
good balance, maintaining the match while achieving reasonable sparsity. This

can be verified qualitatively with the pruning-tolerance rows in the representative
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spectrogram examples (Figures 6.10 and 6.11) and the latter subjective listening test
results. There is no noticeable degradation in performance from the full consoles
to the pruned graphs with 7 = 0.001 and 7 = 0.01. Also, refer to the captions
in Figure 6.4, which provide the pruning ratios and audio losses for the pruned
graphs of the song RockSteady (note that the full console has an audio loss of
0.523).

6.6.3 Pruning Process

Figure 6.3 shows how the pruning progresses. During the first 6k steps of initial
console optimization, the dry/wet weights adapt freely to optimize the audio loss
L, since there is no sparsity regularization L. Then, as the pruning phase begins,
the weight values start to decrease. Each graph’s sparsity increases gradually while
its weights adapt over time. Note that this trend is different for different processor
types, supporting the per-type candidate selection of the dry/wet and hybrid

methods.

6.6.4 Sampling Method Comparison

We compare the three proposed candidate sampling variants under the same tol-
erance value 7 = 0.01. The brute-force method, having the highest granularity,
also achieves the highest sparsity by removing 62.6% and 65.4% of the processors
on the MedleyDB and MixingSecrets datasets, respectively. As fewer proces-
sors remain, it also has the worst match quality: the MRSTFT loss L, increases by
0.009 and 0.021 from the mixing console, respectively. The opposite results are
obtained with the dry/wet method. It prunes less and degrades the quality less.
Similar results can be observed with most other validation metrics, while results
with MIR feature distances are more mixed.

To investigate the differences in sparsity, we examine the relationship between
each dry/wet weight w; and the loss increase caused by pruning the corresponding

processor v; defined as follows,

Ai = La(G \ {Uz}) - La(G) (627)
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Figure 6.5: Each node’s weight and loss increase when pruned.

Figure 6.5 shows scatterplots for 2 random-sampled songs. Each point (w;, A;)
represents a processor after initial console training. Ideally, maximizing sparsity
with the dry/wet method would require a monotonic relationship between w;
and A;. However, this is not observed, and only a weak positive correlation exists.
Also, different types are clustered in different regions, again justifying the per-
type candidate selection. Still, we cannot completely remove the weakness of the
dry/wet method, leading us to the hybrid strategy as a compromise.

The three methods differ not only in sparsity but also in the tradeoffs between
sparsity and match performance. We can observe this by running the methods
with more fine-grained tolerance values, from 0.001 to 0.2, and analyzing the loss-
sparsity relationship. Figure 6.6 shows the result. The brute-force method tends to
find graphs with better matches even with the same graph size (lower right region
in each subplot). However, in terms of the search time, the brute-force, dry/wet,
and hybrid methods took an average of 56, 29, and 36 minutes for each song,
respectively, using a single RTX 3090 GPU. Note that this difference comes from
the different number of candidate trials. Furthermore, it remains unclear whether
this difference in the tradeoff is perceptually significant, raising the question of

whether the finer search is worth the cost.
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Figure 6.6: Loss increases from the mixing console and pruning ratios for differ-
ent pruning methods and tolerances.

6.6.5 Subjective Listening Test

To further investigate the performance of our methods, we conducted a MUIti-
ple Stimuli with Hidden Reference and Anchor (MUSHRA) test [129]. We asked
participants to compare the original mix (reference) and the others with scores
ranging from 0 to 100. A total of 8 stimuli were evaluated, including (i) the hidden
reference, (ii) naive summation as a low anchor, and the mixing consoles with (iii)
2 and (iv) 4 processor types (as in Table 6.2) as mid anchors. The remaining four
are the (v) full mixing console and its pruned versions with the hybrid method and
the tolerance 7 of (vi) 0.1, (vii) 0.01, and (viii) 0.001. 18 subjects participated in the
test: 9 were professional mixing engineers and 6 were amateurs (4.5 years of expe-
rience on average). The remaining 3 had no experience in music mixing, but they
are researchers in musical signal processing and familiar with the MUSHRA-style
test. Each participant went through 2 training and 12 main sessions. Each session
was a random 8-second excerpt from the validation set. We used WebMUSHRA
[130] to conduct the test remotely.

Figure 6.7 summarizes the results. The hidden reference scored 92.5+1.3(95%
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Figure 6.7: Subjective listening test results.

confidence interval). As expected, the base graph received the lowest score of 21.1+
2.7. Note that some high-score outliers exist; this is because their corresponding
excerpts were “easy,” where the naive summations sufficiently match the targets.
The mixing console with 2 types (gain/panning and stereo imager) scored 51.2 £
4.0, indicating that matching the overall loudness and stereo balance is insufficient.
By adding the equalizer and reverb, the score improved significantly to 80.5 & 2.6.
The full mixing console scored 83.6 & 2.1, which is the best score among tested
stimuli but still significantly lower than the hidden reference (8.9 points). The
pruned graphs with the tolerance 7 of 0.01 and 0.001 received almost identical
scores of 82.8 + 2.3 and 82.5 £ 2.3, respectively. Also, their score decrease from
the mixing console was very small (1.1 maximum). However, setting the tolerance
to 0.1 resulted in a clear degradation and scored 74.9 £ 3.0. These results align
well with the previous analysis: the pruning has an almost negligible effect on the
perceptual similarity if the tolerance value 7 is set appropriately.

It could be helpful to investigate how well the loss function and evaluation

metrics correlate with subjective similarity. Figure 6.8 shows scatter plots between
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Figure 6.8: Scatter plots of MUSHRA scores and objective metrics.

the MUSHRA score and the loss/metrics, continued in Figure 6.9. For each pair,
we also calculated 2 Pearson correlation coefficients (PCCs): one with the full
test results and the other one that discarded the base graph samples. The latter
was motivated by the fact that the base graph results are, in many cases, too
different from the target and not of interest. These PCC values are also reported
in Figure 6.8 (see the parentheses). The results show that the MRSTFT loss shows
the strongest linear correlation, making it a suitable objective for optimization and
pruning. The second best is the FAD score, possibly due to its ability to capture
diverse features of the music mixes, even if it was not pre-trained for that purpose.
The MIR feature distances have slightly weaker correlations, which is expected

as each feature reflects certain specific aspects of the mix. The SI-SDR has the
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Figure 6.9: Scatter plots of MUSHRA scores and objective metrics (cont.).

weakest correlation, possibly because of the aforementioned misalignment and
sample-level match not being perceptually important.

After the test, we asked the subjects what kind of differences they could find
between the reference and the other stimuli, especially the full consoles and the
pruning with 7 < 0.01. One common response was the slight mismatch in the
loudness dynamics and spatial effects. This applied to both the full consoles and
their pruned versions, indicating that the processors or optimization objectives
could be further improved. Also, the participants were able to catch some smearing
artifacts, which might have been caused by the reverbs and multitap delays while
trying to correct the misalignments. Finally, we also conducted an informal AB

test to compare the three candidate selection methods with the same tolerance
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7 = 0.01. However, no statistically significant results were found. This is possible
because their differences are smaller than, e.g., the differences between the hybrid
method with 7 = 0.01 and 7 = 0.001.

6.6.6 Characteristics of Iterative Pruning

Here, we provide example cases to illustrate the behavior of the pruning method.
First, we can qualitatively check that the pruning indeed removes the unnecessary
processors. Figures 6.10 and 6.11 collect representative spectrogram examples for
two songs, including selected mixing console configurations and selected pruning
tolerances. Recall that adding reverbs to the song RockSteady did not signifi-
cantly improve performance (Figure 6.11). It is reasonable to anticipate that those
reverbs will be pruned with a moderate tolerance 7 accordingly. Figure 6.4 shows
that this is the case; only 5 reverbs remain among 14 when 7 = 0.001 and zero for
7 = 0.01. When 7 = 0.1, only the gain/pannings and equalizers are left, and the
others for the details are eliminated, significantly degrading the match.

It should be noted that the greedy pruning tends to yield suboptimal results.
For example, it could fail to detect redundant processors. In Figure 6.4b, the bottom
2 inputs are processed with 3 gain/pannings; at least one of them can be removed
by modifying the parameters of the remaining. While this specific case is easy to
detect and correct, it hints that sparser graphs might exist, which are harder to
find.

Another notable behavior is that each pruning run of the same song results
in a slightly different graph. We ran the pruning of GirlOnABridge 10 times;
4 of them are shown in Figure 6.12. The resulting graphs have the number of
processors ranging from 19 to 22 with an audio loss ranging from 0.668 to 0.674.

The main cause of this variance is the stochasticity of the iterative pruning;
candidates sampled early are more likely to satisfy the tolerance condition and be
pruned, while the remaining will adapt and be further optimized, changing their

“importance scores.”

191



Mid Side

- 20
Y

r-20
- -40
- -60

Target

esg

esgr

ecnsgr

ecnsgdr

0.001

7=0.01 =

0.1

T

Figure 6.10: Representative log-magnitude spectrograms of target mixes and
matches. Selected mixing console configurations and pruning tolerances are
shown. Song: Torres_NewSkin.
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Figure 6.11: Representative log-magnitude spectrograms of target mixes and
matches (cont.). Selected mixing console configurations and pruning tolerances
are shown. Song: TablaBreakbeatScience_RockSteady.
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Figure 6.12: Graphs obtained with multiple pruning runs (default setting). Song;:
EthanHein_GirlOnABridge.

6.6.7 Consistency Analysis

It is worth investigating how similar the pruned graph G is to the ground truth.
However, the latter is unavailable. As a remedy, we can try a “consistency check,”
where we treat the pruned result as a synthetic ground truth. Then, we can rerun
the pruning with the matched mix § as a target and measure the similarity of
the obtained graphs G with the original GG. Because of the restrictions on the
graph structure (sequential chain, fixed order, at most one processor instance per
type), comparing the two graphs, G' and G, is equivalent to comparing the set of
processors for each input and subgroup, i.e., multiple binary classification tasks.

Table 6.6 summarizes the evaluation results; we report the per-type and micro-
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Table 6.6: Processor detection performance with consistency check. The pruning
method is evaluated under the default setting.

u g s e r c n d
Accuracy T .902 .888 .968 .923 .956 .914 .909 .757

Precision 1 .846 .848 .871 .954 .931 .848 .773 .682
Recall 1 900 .955 .903 .917 .931 .935 .874 .768

F1 Score T .872 .898 .887 .935 .931 .889 .820 .722

average metrics (denoted as ;1). The average accuracy is 0.902, i.e., the pruning
correctly predicts about 9 out of 10 whether a certain source track or subgroup
mix is processed with a given processor type (or not). In terms of the F1 score,
the micro-average result is 0.872. The multitap delay d shows the lowest result
(F1 score of 0.722), possibly due to its subtle effect. Note that the precision is
consistently lower than recall across all types except for the equalizer e (0.054 by
average). This is not so surprising; as the pruning operates with a certain tolerance,
it is biased towards false negatives rather than false positives.

We note that the mean audio loss result L, of this experiment was 0.112, which
is much lower than the default-setting results (0.301 and 0.563). This is because
each target mix g is already projected to the subspace that our graph can express
(shown as a teal-shaded area in Figure 6.1). Nevertheless, the loss value is not
negligible. We suspect two reasons: the pruned graph G is slightly different from

the original G and the gradient descent struggles to find better parameters.

6.6.8 Full Results

Finally, we pruned the full dataset ensemble and collected the graph data for
the downstream tasks. The evaluation results are reported in Table 6.7 and they
are consistent with the evaluation subset results. Overall statistics of the songs,
original mixing consoles, and their corresponding pruned graphs are shown in
Figure 6.13. Among the datasets, Med1eyDB has the fewest source tracks, averag-
ing 17.6 per song. In contrast, the Internal dataset has the most (28.8), closely
followed by MixingSecrets (27.9). The Internal dataset also tends to have

more subgroups, leading to larger mixing consoles. We suspect these contributed
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Figure 6.13: Statistics of the consoles and pruned graphs (full data). Per-dataset
results are stacked to form the full histograms.

to the higher sparsity of its pruned graphs; more processors were initially used to
match the mixes, resulting in more redundant ones that could be pruned. On aver-
age, 72.1 processors (108.5 nodes) remained per song after pruning. Considering
that each full mixing console initially contained an average of 247.6 processors

(280.1 nodes), the per-song pruning ratios average 0.692.

6.7 Conclusion

We formulated the reverse engineering of the music mix as a search of the audio
processing graph and its processor parameters. Then, we restricted the search
to the iterative pruning of a pre-defined mixing console and derived a compu-
tationally feasible algorithm. Extensive evaluation results indicate that, with an
appropriate tolerance, pruning rarely degrades the match quality. This was sup-
ported by the almost identical MUSHRA score of the default pruning setup to that
of the full mixing console.

On the other hand, there was a clear score difference between the hidden refer-
ence and the matches, including ones from the full mixing console. This indicates

that improving the console can have a significant impact on the resulting match
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quality. We chose our processors, such as the zero-phase FIR equalizer and STFT
mask-based reverb, due to their simplicity and fast computation on GPU. How-
ever, alternatives such as parametric equalizers [37] and artificial reverberation [83]
exist. Also, when we added the dynamic processors to the mixing consoles, the
listening test results showed only a slight improvement. Approximated ballistics
could be a potential cause, as recently reported [13]. We could expand the proces-
sor set to include effects like saturation [258] or modulation [7]. Additionally, the
method did not account for time-varying parameters (e.g., automation), leading
to audible mismatches, such as the inability to replicate fade-outs.

The structure of the mixing consoles could also be modified to better reflect real-
world practices. We could add send-return loops, post-equalizers for compressors,
and even multi-input or multi-output processors, such as those with sidechains
or crossover filters. While we used already available subgroup information to
construct a mixing console, it is possible to estimate it with audio feature analysis
[259]. We could also jointly optimize the subgrouping information. However, we
should extend the current framework, e.g., allowing learnable edge weights, to
accommodate such graph connectivity.

Another critical component of the method is the optimization objective. The
analysis with the subjective listening test results showed that the current MRSTFT
loss correlated the most with the MUSHRA score among all tested metrics. How-
ever, it also has been reported to miss certain perceptual features [49, 260]. Explor-
ing alternative objectives [261] could address these shortcomings.

The resulting graph’s sparsity and the search cost were also of interest due
to the application of graph data collection. In this context, we explored three
pruning variants with different granularities in search. The real-world results
show that a more detailed search yields sparser graphs at a comparable match
quality. However, it is not clear if this difference is important enough to justify the
extra cost given the limited computation budget. We note that the final experiment,
which consisted of more than a thousand individual optimization runs, took about
three days even with 10 RTX 3090 GPUs.

While our method finds a sparse and interpretable mixing graph, it is still

unclear how closely the pruning method finds the actual underlying graph. We
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only have the following conservative conclusions: Our method, at least, tries to
find a minimal graph that closely follows the target. Also, it shows reasonable
reconstruction accuracy (0.872 F1 score) for the in-domain graphs (obtained with
the same pruning method), as shown in the “consistency check” experiment.
Besides that, the graph’s plausibility is supported by the design of mixing consoles,
their processors, and several qualitative case studies.

We list possible extensions of the pruning method. First, differentiability is not
required for the pruning objective, allowing broader design choices, such as the
MIR feature distances we used for the evaluation. Secondly, our method tends
to prune processors for short-span tracks because of their limited contribution.
However, their removal can sometimes be noticeable, and methods for resolving
this are desirable. Third, adopting advanced neural network pruning techniques
[240] could improve the candidate node selections. Finally, we can apply domain-
specific methods, e.g., merging LTI processors into a single one, which could
further increase sparsity.

Other than the aforementioned extensions, we may take a radically differ-
ent approach, e.g., adopting the neural architecture search by relaxing the prior
restrictions on graph structures [241, 242], or reinforcement learning [249, 248].
While these are promising, the main challenge will be balancing various aspects,
such as the graph’s plausibility, match quality, sparsity, and the search method’s
computation cost.

This chapter focused on the graph search algorithm and its use for collecting the
graph data. The next step will be applying this data to downstream applications.
We can extend prior works on statistical analysis of music mixes [32, 33, 237] by
directly assessing the mixing graphs, not just the audio features. We can also treat
the collected graphs as pseudo-labels and train neural networks to estimate the
graphs (and their corresponding parameters). We can modify existing methods,
e.g., automatic mixing [238, 239, 31, 262, 14, 263] and style transfer [264], to output
the graphs, which lets end users interpret and control the outputs. While we
collected graphs from an ensemble of multiple datasets, the amount of data could
still be insufficient for the neural network training. Mitigating overfitting and

improving generalization are left as future work.
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Chapter 7

Blind Estimation of Audio Processing Graphs

7.1 Introduction

The reverse engineering method of Chapter 6 assumed access to the dry source
tracks, so candidate processing graphs could be rendered on known inputs and
compared against a target mix. This chapter removes that assumption and tackles
blind audio processing graph estimation. Given only a processed audio signal y, we aim
to estimate the processor types, parameters, and their routings without observing
the original dry source. Since the dry source is not available, it is a much more
ill-posed one-to-many task, and we address this by training a deep conditional
graph generation model.

The blind graph estimation task poses several challenges to overcome. First,
large paired graph-audio datasets with suitable processor vocabularies and topol-
ogy coverage are not available. Hence, we generate a synthetic dataset for controlled
evaluation. Second, audio processing graphs are heterogeneous: processor nodes
and edges carry categorical types and continuous parameters. To mitigate this,
we propose a two-stage decoding method consisting of (i) prototype graph decod-
ing, which estimates graph connectivity and node/edge types, and (ii) parameter
estimation, which decides the remaining parameters. We achieve this with a convo-
lutional reference encoder [265] and a transformer-based graph decoder [195, 96].

We evaluate our method on singing voice effects and drum mixing estimation

tasks. The evaluation results show that, while our model fails to perfectly recon-
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struct the original graph in most cases, it preserves essential local/global graph
structures, and rendered audio from the estimated graph can be perceptually sim-
ilar to the reference. We also show that the proposed graph decoding strategy is

preferable to other possible alternatives.

7.2 Training Data Generation

Graph notation — We use the same multiple-input multiple-output (MIMO) au-
dio processing graph abstraction introduced in Chapter 5, so we only recall the
attributes needed to define the supervised training data. A graph G is a hetero-
geneous directed acyclic graph (DAG) whose processor nodes are connected by
edges between typed outlets and typed inlets. As in Chapter 1, G contains the
connectivity and categorical node and edge types, while P denotes the collection
of continuous node and edge parameters. We use uppercase P for a parameter
collection and lowercase p with subscripts for an individual node, edge, or token
parameter block. The complete audio processing graph is therefore described by
(G, P) and rendered as G(x; P) for an input x.

Processor vocabulary — Processor nodes may receive and output audio or control
signals, and their output audio signals are normalized so that the total energy re-
mains unchanged. Each node carries a categorical type ¢; and continuous-valued
parameters p; as attributes. In this chapter, we instantiate the abstraction with
33 conventional processors listed in Table 7.1. Unless stated otherwise, we use
the simplest, canonical implementations of the audio processors [9], which keeps
the generated graphs interpretable within the chosen processor vocabulary. Note
that, for the main experiments, the processors are treated as non-differentiable
black boxes. The vocabulary includes various (possibly MIMO) processors such
as crossovers, mid/side splitters/mergers, dynamic range controllers that accept
sidechain input, and dedicated control signal generators such as LFOs and enve-

lope followers.

Edge attributes — Edges keep the routing information needed to disambiguate
MIMO connections. The outlet attribute m;; and inlet attribute n;; specify which

output port of the node i connects to which input port of the node j; these are
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Processor(s): [inlets, optional*] — [outlets]; [parameters].

Low-order linear filters [5]

* Second-order low/band/highpass, bandre]ect and ourth- order
low/band/highpass: [in, frequency*] — [out]; [frequency, q].

* Parametric equalizer filters - low/highshelf and bell (peaking ﬁlter):
[in, frequency™, gain*] — [out]; [gfrequency, q, gain].

* Crossover: [in, frequency*] — [low, high]; [frequency].

® Phaser: [in, mod] — [out]; [frequency, feedback, mix].

High-order linear filters [266]
. Chorus/ﬂanger/vibmto [in, mod] — [out]; [delay, feedback, mix].
* Mono and pingpong delay: [in] — [out];
[delay, feedback, mix, frequency, q, stereo_offset].
* Reverb (mono and stereo): [in] — [out]; [size, damping, width, mix].

Nonlinear filters
e Distortion [267]: [in] — [out]; [gain, hardness, asymmetry].
e Bitcrush: [in] — [out]; [bit].
¢ Dynamic range controllers - compressor/noisegate/expander [10]:
[in, sidechain*] — [out]; [threshold, ratio, attack, release, knee].
e Pitchshift: [in] — [out]; [semitone].

Utility processors

e Mix: [in] — [out]; [].

® Panning: [in, pan*] — [out]; [pan].
Imager: [in] — [out]; [width].

Mid/side splitter: [in] — [mid, side]; [].
Mid/side merger: [mid, side] — [out]; [].

Control signal generators
¢ Low-frequency oscillator (mono and stereo):
[1 — [Ifo]; [frequency, phase, stereo_offset].
* Envelope follower: [in] — [env]; [attack, release, gain].

Table 7.1: List of the processors and their configurations.

graph ports, not audio channels. We define the edge type t;; as the outlet—inlet pair
(myj,n;;). When multiple edges connect to the same inlet, their incoming signals
are summed. Each edge also has a scalar gain parameter p;;, which controls the

contribution of that connection before summation. Thus, P = {p; };ev U{pi; } ¢i.j)cE

collects all processor and edge parameters.

7.2.1 Prototype Graph Sampling

We first sample a prototype graph GG, which contains the graph topology, proces-

sor types t;, and outlet-inlet edge types t;;, but not the continuous processor
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parameters p; or edge parameters p,;. The prototype graph is generated with a
hand-designed graph sampling method rather than by sampling arbitrary DAGs
(e.g., sampling triangular adjacency matrices), because audio processing graphs
have specific nontrivial structures. For example, they often contain serial processor
chains, local effect subgraphs, multiband splitting and merging, sidechain/control
paths, and dry/wet or parallel branches.

To reflect this, we build a graph sampling method with stochastic motifs, where
each motif is a small graph-generating primitive rather than a fixed processor
label. For example, a distortion motif may include pre/post filtering around a
nonlinear processor, a delay/reverb motif may include filtered or gated branches,
and an imaging or pitch motif may create parallel or mid/side paths. The sampled
motifs are usually arranged in series, but the sampling method can also insert
[crossover] nodes for multiband processing and attach auxiliary control signals
such as LFOs, envelope followers, and sidechains.

For singing voice graphs, we sample optional pre-processing filters or EQ,
zero or more main effect motifs, optional multiband branches, and optional post-
processing EQ. For drum mixing graphs, we first generate source-specific insert
subgraphs for active tracks such as [kick], [snare], [hat], [tom], [ride],
and [crash], then combine them through one or two mixing bus subgraphs
with additional processing. This source-wise construction gives the drum graphs
a mixing bus chain and several source chains. See Figures 7.1b, 7.4, and 7.5 for

examples of the synthesized graphs.

7.2.2 Adaptive Parameter Randomization

Next, we decide the remaining parameters of each prototype graph. Specifically,
we randomize them adaptively to the incoming signals, reducing the probability
of inactive nodes that do not contribute to the final output signal. For example,
when a [highshelf] receives a [crash] signal, its shelf frequency should be
constrained to the high-frequency region to change the frequency response of the
input audio. For frequency-selective filters, we compute the cumulative spectral-
energy distribution of the input signal. We then sample the relevant frequency

parameter from bins whose cumulative energy lies between 0.2 and 0.8. We use
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Figure 7.1: Properties of the synthetic audio processing graphs.

analogous procedures for the other low-order linear filters. For dynamic range
controllers, we use the input energy envelope to determine their thresholds. This
procedure generated 300k and 450k graph-reference audio pairs for the singing
voice and drum mixing tasks, respectively. Each reference audio signal is stereo,
3.63s long, and sampled at 44.1kHz.

7.2.3 Properties of Synthetic Graphs

Graph Statistics — Figure 7.1a reports the graph statistics of our synthetic graphs.
For context, we compare the synthetic audio graphs with the PCQM4Mv2 molec-
ular graph dataset [268]. The singing voice and drum graphs are comparable in
node count to PCQM4Mv2, but they are sparser, with lower node degree and den-
sity. This sparse long-range structure can limit standard message-passing GNNs

[269] in capturing global graph structure.

LTI Reordering — Different audio processing graphs can produce the same out-
put, making the blind graph estimation a one-to-many problem. In particular,
serially connected SISO LTI systems can be reordered without changing the sys-
tem response. We resolve only this SISO LTI ambiguity by canonicalizing their

order according to size and processor type (see Figure 7.1b).
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Figure 7.2: The proposed blind estimation framework.

7.3 Blind Estimation System

Our blind estimation system encodes the reference y into latent vectors z, then
reconstructs the graph in two stages that mirror the synthetic data generation
procedure: first, it decodes the prototype G autoregressively; second, it estimates

the remaining processor and edge parameters P (see Figure 7.2).

7.3.1 Reference Encoder

We first apply 7 two-dimensional convolutional layers to the reference Mel spec-
trogram. Then, we flatten and project the channel and frequency axes of the output
feature map into 512-dimensional vectors. Finally, we perform an attentive pool-
ing across the time axis with learnable queries to obtain latent vectors z. The FFT
size, hop length, and the number of Mel filter banks of the reference Mel spectro-
gram are 1536, 384, and 256, respectively. The convolutional backbone is a VGGish
model [265], modified with depthwise separable convolutions [270], grouped di-
lated channels given by 1, 2, 4, and 8, and layer normalization [271]. We use a
transformer decoder layer with learnable queries for the pooling; we use 1 and 6

queries for the singing and drum graph estimation, respectively.

7.3.2 Prototype Decoder

Token-by-Token Generation — Most autoregressive models [272, 95, 273] gener-
ate graphs node-by-node; for each step, they observe a partially decoded subgraph,
then estimate the next node and its edges. Instead, we present an alternative
method called token-by-token generation with Tokenized Graph Transformer (To-

kenGT, see Figure 7.3) [96]. TokenGT treats both nodes and edges as input tokens
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Figure 7.3: Blind estimation with Tokenized Graph Transformer.

to a standard transformer [195], using token type, node id, and node/edge type
embeddings to encode graph structure. Note that, when using transformer ar-
chitecture for graphs, a more conventional approach is to encode only nodes as
tokens and inject the connectivity in the attention matrix [274]. We take the To-
kenGT approach, however, as it makes the autoregressive graph generation more
straightforward. Treating edges as separate autoregressive tokens is also important
for audio processing graphs because routing, modulation, and outlet—inlet choices
can change the rendered audio as much as the processor identities themselves.

We serialize the prototype graph G = (V, E) into K = |V| + | E/| graph tokens
X1.x. The k-th token is

Xk = (Tkaakvbkack7mkvnk)) (71)

where 7, is the token type, a;, and by, are node-ID fields shared by node and edge
tokens, ¢y, is the processor type of a node token, and m,, and n;, are the outlet and

inlet IDs of an edge token. Fields that do not apply to a token type are masked.
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The token embedding is

PE(a) + PE(b) + €proc(ci), T = node,
Emb(x;) = e (k) + { PE(az,) + PE(b) + €out(mi) + €in(ni), 7, = edge,
0, T = end
(7.2)
Here, PE(-) denotes the sinusoidal node-position embedding. For a node token
corresponding to the j-th decoded node, a;, = b, = j and ¢, is the processor type.
For an edge token from the j-th decoded node to the /-th decoded node, a;, = j,
by, = ¢, and (my, ny) specifies the source outlet and destination inlet.

We prepend a start token x, = xg, append an end token xy ; = Xg, and write

X< = (Xo,...,X,_1). Because the serialization is canonical, the decoder models
K+1
po(G | y) = po(X1.k41 | 2) = H Po(Xi | X<k, 2). (7.3)
k=1

Implementation-wise, the fields of one token are predicted in parallel from the

same hidden state hy, = fy(Emb(x), 2). This gives the factorized approximation

Pe(Xk \ X<k Z)

polax | hi)po(by. | hu)pe(ck | hi), T = node,
~ po(Tr | i) § po(an | ha)po(be | Puc)pe(mu | i )po(nu | hy), 71, = edge,
1, T, = end.
(7.4)
We empirically find this approximation reasonable and to have minimal effect on

performance.

GNN Expressivity — The architecture used here is a tokenized graph transformer
rather than the message-passing neural network (MPNN) conventionally used for
graph-structured input [269]. The first reason is that estimating an audio pro-
cessing graph requires global reasoning. Message passing communicates through
local neighborhoods, whereas processors can be jointly identifiable only through

their combined behavior. In a serial equalizer chain, for example, similar over-
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all responses can result from different allocations of gain and bandwidth across
stages. Comparing such coupled processors through local aggregation requires
multiple layers and can create bottlenecks when information must travel over long
graph distances [275]. TokenGT instead represents every node and edge as a to-
ken, allowing any two processors or connections to interact directly through global
self-attention [96].

The second reason is structural expressivity. Standard message-passing archi-
tectures have known limitations in distinguishing graph structures, whereas to-
kenized graph transformers can represent richer structural distinctions [276, 96].
Treating edges as explicit tokens also preserves typed routing relations rather
than absorbing them into neighborhood aggregation. These properties suit the

joint estimation of processor identities, routing structure, and parameters.

Decoding Order — The token serialization follows a fixed chain-wise reverse
order. It lists the output or mixing bus chain first, then source chains in a fixed
canonical order; for drums, this means the mixing bus subgraph is decoded before
the individual source-track subgraphs. Within each chain, nodes are listed in
breadth-first order. After each node token, edge tokens from the new node to

previously listed nodes are emitted in increasing destination-node index.

Architecture Details — For the graph decoder, we use a standard 6-layer trans-
former encoder with 512 hidden dimension, pre-layer normalization [200], and
16 heads. The original TokenGT uses eigenvectors of the normalized Laplacian
matrix as node-id encodings. We replace them with sinusoidal node-position em-
beddings, as during autoregressive decoding only partially decoded graphs are

available, i.e., the final-graph eigenvectors are inaccessible.

7.3.3 Parameter Estimator

We reuse the prototype decoder for the parameter estimation; we add another
projection head, append a task token xr to differentiate the two tasks, and remove
the causal attention mask. Because the full prototype is already available when
parameters are estimated, removing the causal mask lets each parameter attend

to the entire graph rather than only the preceding tokens, giving every parameter
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head bidirectional context over the whole structure. Since each parameter has a
different range and scale, we translate and rescale the ground-truth value to fit

into the [0, 1] range.

7.3.4 Training

We train the prototype decoder and parameter estimator jointly. With teacher

forcing, the prototype loss is the sum of four label-smoothed cross-entropy terms:
£Prototype = ETOken + £ID + £N0de + £Edge- (75)

Lroken supervises the token type 7;; Lip supervises the node-ID fields a; and by,
which are shared by node and edge tokens; L4 supervises the node type c
of node tokens; and Lgq,. supervises the outlet and inlet IDs m,, and n;, of edge
tokens. We use a label-smoothing weight of 0.1 for all four terms. The parameter
estimator is trained on the oracle prototype G with Lparameter, @ Weighted mean
{1 loss on the normalized processor parameters p; and edge parameters p;;. The
processor- and edge-parameter terms are weighted by 8 and 0.4, respectively. The
overall objective is the sum Lp,ototype + LParameter- We use AdamW [185] optimizer,
a linear learning rate scheduler with Se-4 peak learning rate, 50k warmup steps,

200k total training steps, and batch size of 32.

7.4 Experimental Setup

7.4.1 Data

Singing — We used the OpenSinger dataset [216], which has 50h clean recordings
from 76 speakers. We used 90% of the audio from the 71 speakers for the training.
We use the remaining 10% and the other 5 speakers’ recordings as two separate
validation sets, seen and unseen speaker datasets, respectively, to compare the effect

of dry source distribution shift on the model performance.

Drum — We collected the source signals by ourselves; we rendered the [kick],

[snare], [hat], [tom], [ride], and [crash] tracks separately with 14 com-
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mercial sampling libraries and MIDI files from the Groove MIDI Dataset [277].
To generate each reference audio, we sampled a random segment from the dry
tracks. Then, we generated a graph with the input nodes corresponding to non-
zero energy tracks so that there are no dummy subgraphs. This indicates that our
system should also perform a drum instrument recognition task. We used the 11
kits and the MIDI files from the drummer1/sessionl-3 subset for the training.
For validation, the MIDI files come from drummerl/eval_session. Paired with
the same 11 kits, they form the seen kit validation set; paired with the remaining 3

kits, they form the unseen kit validation set.

Dry Signal Normalization — The blind estimation task assumes that the refer-
ence audio is generated from a normalized dry signal and an audio processing
graph. Without this assumption, source-dependent spectral coloration can be ab-
sorbed into the estimated graph. We therefore normalized the dry sources before
rendering the synthetic graph data. This is similar in spirit to Fx-normalization for
automatic music mixing with out-of-domain data [31], but here we use only equal-
ization to define the dry source distribution. For singing, we equalized the dry
recordings to a common long-term magnitude profile. For drums, we equalized
each kit so that each instrument type has the same average frequency response
across kits. This preprocessing reduces the tendency to explain speaker or kit

coloration as processing effects.

7.4.2 Metric

Prototype Decoding — For the teacher-forced decoding, we evaluate the node
and edge error rate. The node error rate counts a decoded node token as wrong if
its token type, node id, or node type is incorrect, and the edge error rate counts a
decoded edge token as wrong if its token type, endpoints, or edge type is incorrect;
both are averaged over the decoding steps of the validation set. We also compare
each complete decoded graph with the ground truth using two graph-level met-
rics. The invalid graph rate counts a graph as invalid if it is cyclic, disconnected, or
missing necessary connections. The node-type intersection-over-union (IOU) ig-
nores edge structure, but checks whether the required input nodes and processors

are decoded somewhere in the graph; for the drum task, we calculate the IOU for
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each track and mixing subgraph and average the values.

Parameter Estimation — We report the parameter 10ss Lp,ameter, COMmputed on

the oracle prototype.

Rendered Audio Similarity — We compare rendered audio using a power-
compressed multi-scale spectral (MSS) loss Lyss [47]. At each scale, we compute
the /; distance between magnitude spectrograms power-compressed with an expo-
nent of 0.3, averaged over channels and time-frequency bins. We use FFT /hop-size
pairs (512,128), (1024, 256), (2048,512), and (4096, 1024), and normalize both
signals by the RMS of the reference before computing the distances. Let G(z; P)
denote the audio rendered from a prototype G with parameters P on the dry input
z, let G and P be the estimates, P, the default parameters, and y = G(x; P) the

reference. The three reported variants apply the same loss to different renders,

(MSS-default) = Lyss (G (z; Py), G(x; Py)),
(MSS-oracle) = Lyss (G (z; P), y), (7.6)
(MSS) = Luss (G (;

so that MSS-default fixes both renders to the default parameters and isolates the
decoded structure, MSS-oracle keeps the ground-truth structure and isolates the
estimated parameters, and MSS measures the fully decoded graph end to end.
MSS-oracle is undefined for the single-stage baseline, which produces no separate

oracle-prototype rendering.

Listening Test — We measured subjective scores with MUItiple Stimuli with
Hidden Reference and Anchor (MUSHRA) test [129, 130]. We asked 8 graduate
students to score the similarity between the reference and the rendered audio with
the estimated graph. A total of 48 sets were scored (24 sets for each task and 12

sets for each seen and unseen speaker /kits).

7.4.3 Baselines

The ® proposed model is the blind estimator described above: it decodes the
prototype G token by token, then estimates the parameters P on the completed
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prototype with the causal mask removed. We compare it against two reference
bounds, a source-conditioning variant, and two alternative decoding strategies.
Unless noted, they share the same TokenGT backbone, and each is marked with a

symbol used throughout the results.

Reference bounds — The @ graph autoencoder replaces the reference encoder
with a second TokenGT that encodes the ground-truth graph, including its pa-
rameters, into the latent z. The decoder is then conditioned on a near-complete
description of the target, so this upper-bounds what the decoder can reconstruct
and verifies that the latent dimension is sufficient. The @ no-conditioning decoder
sets z = 0, removing all information about the target graph; it lower-bounds the

metrics and exposes the prior the decoder learns from the data distribution alone.

Source-conditioning variant — The @ source-conditioning variant additionally
receives the dry source x, concatenated with the reference y along the channel
axis at the encoder input, so the convolutional front end sees both spectrograms.
This is a reverse engineering configuration rather than a blind estimator, since
x is unobserved in the blind setting. Relative to the proposed model, it can be
read as an architecture-matched upper bound under the additional dry source

information, isolating the degradation caused by blind estimation.

Decoding-strategy baselines — Two baselines change how the prototype is de-
coded. The ® node-by-node decoder [95] keeps the two-stage split but serializes
the prototype over nodes rather than tokens. Let G<7 denote the partial graph pro-
duced by the first j — 1 node-wise decoding steps. The next node and its incoming

edges are factorized as

v
pe(G | y) = H[pg v; | G,z Hpg esj | vy, G, z)} (7.7)
j=1 e<j

a next-node-type prediction followed by typed edge predictions between the new
node and previously decoded nodes. Thus, G</ is a node-wise partial graph,
whereas x;, in Equation (7.3) is a prefix of the token serialization. Because the
baseline’s edge decisions are made per node pair rather than as first-class tokens

in the output sequence, the decoder can emit inconsistent connectivity, the source
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of its higher invalid rate. The ® single-stage variant keeps the token serialization
but collapses the two stages into one autoregressive pass, emitting the categorical

token and continuous parameters jointly at each step:

K+1
pG(G7P | y) = H pO(kapk | X<k>P<k7Z)' (78)

k=1
Here, p;, is the processor parameter block p; for a node token or the scalar edge
parameter p;; for an edge token; the end token has no parameter, and P, =
(p1,--.,Dr—1) is the parameter prefix. Each parameter is conditioned only on the
causal prefix (xx, P<1), whereas the two-stage parameter estimator drops the

causal mask and conditions every parameter on the completed prototype.

7.5 Evaluation Results

For the singing voice and drum mixing tasks, Table 7.2 summarizes the graph de-
coding, parameter estimation, audio-domain, and listening test results. Figures 7.4
and 7.5 show representative decoded graphs and illustrate the main remaining

failure modes.

7.5.1 Sanity Check

Before training the blind estimation models, we first verified the @ graph autoen-
coder. Its evaluation results, e.g., 0 node error rate, confirm that the graph decoder
is powerful enough and the dimension of the latent z is sufficiently large to recon-
struct the original graph. Furthermore, its MUSHRA score is comparable to the
hidden reference’s, agreeing with the objective metrics. Next, we evaluated the @
graph decoder with latent vectors set to 0. Its node error rate (0.502 and 0.602) is
better than what a random guess would achieve. This is because (i) the probability
distribution of the processors is nonuniform, (ii) we sorted the LTI subgraphs, and
(iii) the ground-truth intermediate prototype is available to the network, which

can be exploited for a better guess.
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sna: snare, hat: hi-hat, dist: distortion, cmp:
compressor, pan: panning, rev: reverb, slfo:
stereo Ifo, hs: highshelf, crs: crossover, pha:
phaser, gat: noisegate.

(b) Prediction.

Figure 7.4: An inference result from the proposed method ® on the drum mix-
ing estimation task. First, our model correctly predicted the source instrument
types: [kick], [snare], [hat],and [ride]. The ground-truth graph panned
[kick] and [ride], which is also reconstructed by the prediction. However, the
prediction failed to estimate (i) the correct multi-band processing of [reverb],
(if) multiple stages of [distortion] processors, and (iii) modulation of linear
filters in the mixing subgraph.

7.5.2 Performance Analysis

On the seen dry speaker/kit sets, the @ proposed model reports the node error
rate of 0.215 and 0.335 for the singing and drum task, respectively, indicating
that the perfect reconstruction of the prototype graph is rare. Yet, audio rendered
from the estimated graph can be perceptually close to the reference, reporting
the MUSHRA score of 76.644¢ and 69.8.5 4. On the unseen dry speaker/kit sets,
the evaluation results are degraded in most metrics, confirming that the graph
estimation from unseen sources is challenging. We note that the majority of the
errors come from either (i) the wrong order of processors (see Figure 7.4 and 7.5a)
or (ii) some processors which destroy the signal and make preceding processors
harder to notice (see Figure 7.5b). Finally, to check the difficulty of blind estimation,

we trained the same model but with @ dry sources also provided as input by
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pon: pingpong delay,
pits: pitchshift,
pan: panning.

(a) Correct processors, wrong order.

| in r_!bellr_qbpfr_! Is r_1bitr_10ut| | in r_qbpfr_‘] bit r_10ut|
bpf: bandpass filter, Is: lowshelf, bit: bitcrush.
(b) Processors hidden behind a bitcrusher.

Figure 7.5: Inference results from the proposed method ® on the singing voice
effect estimation task. Left: ground truth, right: prediction. In (a), our model
successfully predicted that the input is processed with a [pingpong_delay]
and two parallel [pitchshift] modules (each with panning modulation), but
failed to estimate their correct order. In (b), it failed to decode the [bell]
and [lowshelf]. This is not surprising, because if the bit parameter of the
[bitcrush] is set to a very low value, it destroys the signal and eventually
makes estimation of the processors applied before the [bitcrush] challenging.

concatenating them with the reference across the channel axis. The estimation
performance improves by a noticeable margin, indicating that extracting the graph-
relevant information solely from the reference is a challenging task. Since this
configuration observes the dry source, it should be read as a reverse engineering

diagnostic rather than a blind estimator.

7.5.3 Blind Estimation Strategy Comparison

We compare the ® token-by-token decoder with the ® node-by-node and ® single-
stage alternatives. The node-by-node decoder performs similarly or slightly worse
overall, and because it predicts each edge per node pair after the node rather than
as an explicit token, it produces inconsistent connectivity and a high invalid rate
(0.072 and 0.132, against 0 for the proposed model). The single-stage decoder
conditions each parameter only on the causal prefix instead of the completed

prototype, so its parameter estimation is markedly worse (parameter loss 0.168 and
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Prototype
Decoder

Reference Differentiable
Encoder Processing

Figure 7.6: End-to-end refinement with differentiable processing.

0.213, against 0.125 and 0.161 on the same unseen sets) and its MUSHRA lower,
even though its node error rate stays comparable; its MSS-oracle is undefined, as

it has no separate oracle-prototype pass.

7.6 End-to-End Refinement with Differentiable Pro-

cessing

The system described so far is supervised by a discrete prototype loss and continu-
ous parameter regression. Neither term directly measures audio similarity, and the
parameter loss is computed under teacher forcing rather than through the audio
rendered by the estimated graph. This mismatch motivates an end-to-end refine-
ment stage in which the predicted graph is rendered and its audio output provides
the training signal. We therefore investigate whether differentiable rendering can

refine the estimator according to an audio-domain objective.

7.6.1 Fine-Tuning with Differentiable Rendering

Figure 7.6 illustrates the resulting fine-tuning procedure. Starting from the con-
verged supervised model, we render the predicted graph and backpropagate
through it with the batched differentiable graph renderer of Chapter 5, using

differentiable counterparts of the processors included in this extension, and opti-
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mize the same multi-scale spectral loss Lyss used for evaluation. A spectral loss
only helps where its gradient is informative, so we first measured recoverabil-
ity per processor and per parameter. For each processor we sampled a random
target, rendered it, and optimized the parameters from a different initialization
on the same loss. Most processors recover well under direct optimization. How-
ever, several processors included in this extension are difficult to optimize with
the MSS loss alone. This is especially true for time- and frequency-misalignment
effects, such as pitch shifting, delays, and modulation, where small shift errors
can create poor local minima. These processors may require additional objectives
or processor-specific optimization tricks for reliable parameter recovery. We do
not introduce those tricks here; instead, we use this experiment as a first test of
whether differentiable rendering can still provide a useful audio-domain training
signal despite these limitations.

Let G be the decoded prototype and P the predicted processor and edge
parameters. We render either the decoded prediction §j = G (z; P) or the oracle-
structure prediction §j = G(z; P), and minimize the spectral loss Lyss(9, ). In
both cases, the graph topology is treated as discrete, so the audio gradient updates
the reference encoder, the parameter pathway, and differentiable edge parameters,
but not the structure decoder. The dry input = is unobserved at inference yet
available during training, so the audio objective is applied only as a training-time
refinement. We add it, weighted by ), as a warm continuation from the converged
supervised baseline. Some ablations keep the parameter loss, while others remove

it so that the refinement is driven only by the render loss.

7.6.2 Refinement Results

Table 7.3 reports differentiable refinement variants on the singing voice validation
set. The @ supervised baseline obtains an MSS of 0.0628, with node error rate 0.275,
edge error rate 0.005, IOU 0.744, parameter loss 0.117, and MSS-oracle 0.0571. The
@ supervised continuation reaches an MSS of 0.0631 after the same fine-tuning
budget, so the improvement below is not explained by additional optimization
steps alone.

The ® decoded-graph refinement with both audio and parameter losses im-
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Table 7.3: Differentiable processing refinement on the singing voice task.

& & o°

t@‘i@‘ xe‘\o S

e S50 (o

Setting O Q»a’% 00 9ot @% @%
@ Supervised baseline 275 .005 .744 117 .0571 .0628
@ Supervised continuation 275 .006 .741 .116 .0569 .0631
® Audio + parameter loss (decoded graph) .277 .005 .745 .118 .0564 .0615
@ Audio loss only (oracle graph) .269 .005 .745 .159 .0553 .0596
® Audio loss only (decoded graph) 273 .005 .759 .161 .0557 .0592

proves the audio-domain metrics, reducing MSS to 0.0615 and MSS-oracle to
0.0564, while leaving the graph metrics essentially unchanged (node error 0.277,
edge error 0.005, IOU 0.745). The @ oracle-graph refinement with audio loss only
improves the audio match further, reaching MSS 0.0596 and MSS-oracle 0.0553.
The matched ® decoded-graph refinement reaches a similar MSS of 0.0592 and
MSS-oracle of 0.0557, again with similar graph metrics (node error 0.273, edge er-
ror 0.005, IOU 0.759). The parameter loss rises from 0.117 to 0.161 in this setting,
but this should not be read as a degradation of the primary objective: the refine-
ment is optimized to match rendered audio, and many processor parameters are
non-identifiable, inaudible, or only weakly audible under a given signal. Rather,
the higher parameter loss confirms that audio-domain refinement can move away
from the particular synthetic parameterization when direct parameter supervision
is removed. The similar oracle- and decoded-graph results support the audio-
domain refinement itself but do not support a strong claim that topology choice is
the main lever. These results should be read together with the optimization caveat
above: the differentiable extension includes processors that the MSS loss does not
optimize reliably without additional tricks, so the experiment demonstrates a use-
ful training signal rather than a complete solution for every processor parameter.
Finally, these results keep differentiable edge parameters enabled, but they do
not isolate their contribution; the role of differentiable edge parameters should
therefore be treated as an implementation hypothesis rather than a demonstrated

causal factor.
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7.7 Conclusion

This chapter presented a blind estimation system for audio processing graphs.
The results show that token-by-token generation is preferable to node-by-node
alternatives and that separating prototype decoding from parameter estimation is
beneficial. The differentiable processing extension further shows that refining the
decoded graph with differentiable processors and an audio-domain objective can
improve estimation over graph and parameter supervision alone.

Several limitations remain. The experiments use a controlled synthetic distri-
bution, so broader processor vocabularies, more diverse source signals, and graph
data closer to real production sessions are needed before the method can be read as
a general-purpose blind estimator. The graph representation is also restricted to a
single-edge DAG, which simplifies tokenization and autoregressive decoding but
excludes feedback loops, repeated parallel connections, and other routing patterns
that appear in real signal chains.

The model also inherits limitations from the chosen decoder. It uses a single
canonical serialization order and a standard transformer with sinusoidal encod-
ings; future graph decoders could make the generation less order-dependent,
for example, with order-agnostic graph generation, masked-token decoding,
diffusion-style graph decoders, or architectures that inject graph connectiv-
ity more explicitly. The results on unseen source distributions further show
that the reference encoder must better separate processing-relevant cues from
source-dependent content.

The differentiable processing experiment is also limited to the singing voice
task. Extending this refinement to the drum mixing task, handling processors that
are non-differentiable or difficult to optimize with spectral losses, and combining
conventional differentiable processors with neural audio processors remain open
directions. The same blind estimation framework could also be extended to broader
graph-based applications, including automatic processing [31, 278, 279] and style
transfer [57].
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Chapter 8

Conclusions

8.1 Thesis Summary

This thesis studied inverse problems of audio systems: estimating the system that
transformed an observed signal. In particular, system estimation was formulated
as the problem of choosing a proxy that is expressive enough while keeping its
description space interpretable and amenable to the estimation algorithms. Within
this lens, two complementary approaches, differentiable processing and generative
modeling, were explored across two system classes: linear time-invariant systems
and compositional systems, with room acoustics and music applications.

For room acoustics, Chapter 2 showed that a range of classical artificial rever-
berators can be made differentiable and used for end-to-end estimation of filter
parameters from reference signals, either RIRs or reverberant speech. Chapter 3
extended from estimating a single source-receiver response to reconstructing an
entire acoustic field with a differentiable geometric acoustics simulator equipped
with learnable surface material properties. For both chapters, various techniques,
e.g., frequency-domain computation, were introduced to improve the speed of
forward computation and make the optimization feasible. Chapter 4 introduced
discrete representation learning combined with an autoregressive model for RIR
estimation. It also introduced a hybrid extension that employed differentiable late
reverberation modeling to improve the compression rate and reduce the inference

cost.
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For musical signal processing, the thesis focused on compositional audio sys-
tems. Chapter 5 first developed a common representation of heterogeneous differ-
entiable audio processing graphs and an efficient batched algorithm for rendering
them. Building on it, Chapter 6 introduced a graph reverse engineering algorithm:
starting from a differentiable mixing console, the method optimized processor pa-
rameters and iteratively pruned inactive structure to obtain sparse, interpretable
graphs from dry multitracks and target mixes. Chapter 7 addressed the more chal-
lenging blind graph estimation task; to tackle this, an autoregressive model on a
tokenized graph was introduced. Further, another hybrid extension that refines
the parameter estimation quality with differentiable audio processing graphs was
explored.

Together, these chapters show that differentiable processing and generative
modeling are complementary rather than competing approaches to audio system

estimation, and that the two can be combined within a single system description.

8.2 Discussion

We conclude by revisiting some of the key framing of the thesis, along with its

limitations, open questions, and future directions.

8.2.1 Expressivity and Model Choice

The choice of proxy model determines the upper bound of the system estimation
quality. A more expressive model is not automatically more useful, however: its
parameters should remain meaningful for the intended application, its compu-
tation should remain practical, and its parameterization should permit reliable
optimization. These properties do not necessarily form a strict tradeoff, but they
must be considered together, and how to balance them remains open.

In room acoustics, the thesis studied three model classes with different capa-
bilities. The artificial reverberators expose compact and controllable parameters
but cannot represent an arbitrary RIR. The learned discrete representation can
describe free-form RIRs, but its coverage and resolution follow from the train-

ing data rather than from an acoustic model. The geometric acoustic model is
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geometry-aware but only represents energy transport under the assumption of
a high-frequency limit and cannot model phase-dependent phenomena such as
diffraction and interference. While a differentiable wave-based method is, in prin-
ciple, possible, it was not explored because of the high computational cost. The
geometric model is not free of this cost either: the number of radiance variables
and the cost of propagation grow with the spatial and directional resolution, so the
level of detail it can describe is bounded as much by the available computation as
by the model itself. At present, geometric acoustics [280, 160] and geometry-aware
extensions of artificial reverberators [175, 164] remain the practical approaches,
both for optimization and for auralization.

The same issue arises in musical signal processing. While the thesis explored
a general graph form for musical signal processing, its expressivity is limited not
only by the set of processors available for the graphs, but also by how each of
them is implemented. Expanding that set also expands the space of graphs that
must be searched or learned, so expressivity cannot be widened independently of
estimation cost. Differentiable implementations of linear time-invariant processors
are relatively more established, while nonlinear and time-varying ones remain
the harder case and still call for processor-specific treatment [7, 281]. Distortion
alone spans a large number of circuits and plugins, and writing a differentiable
implementation for each of them is not realistic. A neural or gray-box processor
can instead be used as a node within the same graph, keeping the routing and any
meaningful high-level controls explicit while learning behavior that is difficult to
reproduce with a conventional implementation. Prior gray-box studies show that
the appropriate balance depends on the device, available data, and computational
requirements [282, 283]. Hybrid models should therefore be validated against the

real processors they are intended to represent.

8.2.2 Data Availability and Generalization

Data availability varies considerably even within room acoustics, depending on
the task that one aims to solve. For monaural RIR estimation, one can use a
combination of arbitrary RIR datasets as a training dataset. This ensemble, while

still small by modern machine learning standards, has become sufficiently large
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to train a neural generator. On the other hand, learning an acoustic field requires
measurements of the same room at many source and receiver positions, and far
fewer datasets provide such coverage.

Since RIRs require specific equipment and measurement processes that are
difficult to crowdsource, it is unclear how much scale-up will be achieved in
the near future. Because of this, recent few-shot acoustic field learning relies on
synthetic data generated with room acoustics simulators [147], and adapts models
trained on such large simulated corpora to real-world measurements [149, 284].

When the synthetic data is reliable, i.e., it exactly matches the real-world dis-
tribution or at least covers it, then employing maximally expressive methods, e.g.,
a generative model with large transformers, could achieve the best performance.
However, if a gap remains between the synthetic and the real distributions, an ex-
pressive model can only reproduce what it was shown, and the prior imposed by
a structured proxy becomes the more reliable source of the missing information.

Music production data is limited in a different way. Finished mixes are abun-
dant, but the processor graphs and parameter settings that produced them are
not distributed with the audio, so no dataset pairs a reference mix with a verified
graph. The blind graph estimator was therefore trained on synthetically generated
graphs and their rendered audio, and the pruning method offers one route to
collecting such pairs from existing multitrack mixes without manual annotation.

Future work should therefore evaluate this gap explicitly and investigate how
measured data, structured forward models, synthetic supervision, and neural

components should be combined as the available data regime changes.

8.2.3 Objectives for Optimization and Evaluation

Both differentiable processing and generative modeling depend on optimization
objectives, although the objectives play different roles. In differentiable process-
ing, an audio-domain loss directly determines the gradients used to estimate the
parameters of an explicit forward model. In generative modeling, token predic-
tion, parameter regression, likelihood, and reconstruction objectives determine
which distribution over system descriptions is learned. In both cases, the objective

determines which errors and solutions the model prioritizes.
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Objective design is particularly important for differentiable processing because
the forward model, its parameterization, and the loss jointly determine the opti-
mization landscape. Common waveform and spectrogram losses compare aligned
samples, frames, or frequency bins. They may therefore respond strongly to a small
temporal displacement and provide poorly informative or oscillatory gradients for
parameters such as frequencies and delays. With a suitable continuous parameteri-
zation, a single sinusoidal frequency or delay can be recovered by gradient descent,
but mixtures of sinusoids or delayed components remain substantially more dif-
ficult because their contributions interact and create competing assignments and
local minima [260, 58, 92]. Revised multi-scale spectral objectives and spectral
optimal-transport losses attempt to provide more useful gradients for models
containing multiple spectral components [60, 59]. Their effectiveness nevertheless
depends on the system being optimized, and empirical comparisons show that the
relative performance of audio objectives changes with the underlying synthesis ar-
chitecture [285]. Differentiable audio processing should therefore be understood
as the joint design of processors, parameterizations, and objectives, rather than
only the implementation of an existing processor in an automatic-differentiation
framework.

A useful optimization landscape is only one requirement. The objective should
also assign meaningful costs to perceptually relevant differences. Distances based
on learned or pretrained audio representations offer one approach, while fixed
multiscale or wavelet representations provide a distinct way to describe temporal
and spectrotemporal structure without learning a perceptual model [286, 261, 287,
288]. A metric used only for evaluation does not need to provide useful gradients,
but defining one that reflects perceived similarity and the practical usefulness of
an estimated system remains difficult. Training objectives and evaluation metrics
should therefore be selected and validated separately.

Part of the prior knowledge can also be moved from the forward model into
the objective, penalizing violations of governing equations or constraints where

the observations are sparse [289, 290].
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8.2.4 Alternative Estimation Strategies

The methods developed in this thesis are not the only approaches to audio system
estimation. Gradient-free inference-time optimization can operate directly on non-
differentiable effect chains using a learned similarity objective, while reinforcement
learning can tune black-box synthesizers using audio similarity as a reward [291,
292]. These methods broaden the range of processors and objectives that can be
used, but their query cost can be high and their performance still depends on the
chosen objective. A learned model can also propose an initial configuration that
such a search then refines [293].

The generative side offers alternatives of the same kind. Both generators in this
thesis factorized a sequence of discrete tokens autoregressively, but a distribution
over a discrete description can also be learned by discrete diffusion [294, 295],
which has a counterpart for graph generation [296]. Autoregressive factorization
has also been extended to continuous frames, removing the resolution ceiling thata
codec imposes instead of working around it with a smaller token budget [297, 298].

The two hybrid extensions of this thesis combined differentiable processing and
generative modeling in two specific ways, and neither exhausts the possibilities.
Blind restoration methods place a generative prior on the unprocessed source and
keep a differentiable model of the processors, estimating the source and the system
together under that prior [299, 300]. Which of these strategies is preferable, and

under what conditions, remains unclear.

8.2.5 System-Aware Representation Learning

Any neural network used to solve an inverse problem forms an explicit or im-
plicit representation of the observed system. The representation is explicit when
the network produces RIR tokens, acoustic parameters, or a processing graph,
and implicit when the relevant information remains in an intermediate embed-
ding. This suggests treating audio system estimation as a representation-learning
problem and using individual inverse problems as downstream tasks.

Most general-purpose audio representations are trained primarily for content-
oriented tasks and are not designed specifically to preserve the transformation

applied to a signal [301, 302]. Processing-aware representation learning has begun
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to address this gap [264, 291, 303, 304, 305], but remains at an early stage. The
same idea has developed independently in room acoustics, where embeddings
are learned to describe the acoustic environment [306, 307, 308, 309, 284], and one
recent method uses such an embedding as the objective for fitting a differentiable
artificial reverberator [310]. Training examples can expose the representation to the
same system applied to different source signals and to different systems applied to
related source material. The aim is to preserve information about the system while
reducing irrelevant variation in the content, although complete content invariance

is inappropriate when a processor responds to the input itself.

8.2.6 Audio Post-Production Workflows and Deployment

All the system estimation tasks tackled in this thesis are tightly related to audio
post-production applications, so the value of an estimation depends on how it will
be used. Take room acoustics as an example: artificial reverberator parameters and
surface material properties expose different forms of control, while a free-form
RIR can be reused directly for convolution but requires some post-processing for
semantic controls. Learned tokens and latent variables can improve coverage or
reduce inference cost, but they are not automatically meaningful editing parame-
ters.

The available computation also depends on the workflow. Offline room calibra-
tion or mix analysis can support iterative optimization and repeated rendering,
whereas interactive production and real-time effects require lower latency and
predictable memory use. A method may run inside a digital audio workstation
or plugin, as a standalone application, or through a remote service with differ-
ent computational resources. Inference time, rendering cost, and memory use are
therefore as much a part of a method’s usefulness as its estimation quality.

Some of the recent post-production tools take a different route: rather than
estimating a system description and rendering it, a generative signal model pro-
duces the processed audio directly. In this thesis, the estimated target was always a
description of the system itself, and the methods differed only in how that descrip-
tion was predicted. Generating the audio may be sufficient when only the result

matters, but structured system descriptions remain useful when practitioners need
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to inspect, edit, reuse, automate, or audit the transformation.

Audio system estimation therefore requires two separate decisions: which de-
scription of the system to commit to, and how that description should be estimated.
Differentiable processing and generative modeling widen the second choice with-
out removing the first, and whichever combination is chosen, the estimated de-

scription should remain meaningful to whoever uses it.
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