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ABSTRACT

Neural networks have proven to be effective for modeling analog audio effects using a black-box approach. However,
few can guarantee lightweight solutions suitable for real-time environments where the models must run concurrently
on consumer-grade equipment. This paper explores knowledge distillation techniques for compressing recurrent
neural network models for audio distortion effects, aiming to produce computationally efficient solutions with high
accuracy that maintain compact model size. In particular, we consider an audio-to-audio LSTM architecture for
regression tasks where small networks are trained to mimic the internal representations of larger networks, known
as feature-based knowledge distillation. The evaluation was conducted on three different audio distortion effect
datasets with experiments on both parametric and non-parametric data. The results show that distilled models are
more accurate than non-distilled models with equal parameter size, especially for models that exhibit higher error
rates. Furthermore, we observe that smaller complexity gaps between student and teacher models yield greater
improvements in non-parametric cases.

1 Introduction successful. In particular, Convolutional Neural Net-

works (CNN) and Recurrent Neural Networks (RNN)
Through their intricate physical circuits and non-linear have shown significant promise for emulating various
characteristics, analog audio effects have a unique in- analog effects, such as tube amplification [6, 7], distor-
fluence on sound. Attempting to capture and digitally tion [8, 9], optical dynamic range compression [10, 11],
emulate analog audio effects is a challenging task in the and other time-based effects [12, 13].

field of Virtual Analog (VA) modeling [1]. VA model-
ing approaches are often categorized as "white-box" or
"black-box", where white-box modeling [2, 3] concerns
the simulations of the circuitry starting from their math-
ematical description, and black-box approaches [4, 5]
focus primarily on analyzing the target system’s mea-
surements in order to establish mapping relationships
between inputs and outputs. Using neural networks
for black-box modeling of audio effects has been fairly Many model compression techniques can be employed

However, neural networks can become quite large and
require significant operations per sample. This can hin-
der the real-time capabilities of models that strive for
efficiency. In these cases, building lighter and smaller
networks can be desirable. However, reducing the num-
ber of computational operations in a network is not
trivial and is usually detrimental to model accuracy.
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to reduce the size of neural networks [14], includ-
ing pruning, quantization, low-rank factorization, and
knowledge distillation. The pruning technique fo-
cuses on diminishing the number of parameters in a
neural network by identifying and removing redun-
dant parameters that contribute less during training.
This technique has also been used for VA applications
[15], where authors were able to compress recurrent
networks while maintaining significant performance.
Quantization compresses the network by lowering the
number of bits required to represent each weight. Low-
rank factorization helps identify redundant parameters
by utilizing matrix and tensor decomposition, which
entails decomposing larger matrices into smaller ones.
Lastly, knowledge distillation involves training a small
network to mimic the complex representations of a
larger and more complex model. Once the larger net-
work achieves good generalization and performance
on unseen data, its knowledge can be transferred to
the smaller networks through distillation. This training
process can maintain model performance and reduce
model complexity to a significant degree [16, 17].

Knowledge distillation for audio has been primarily
explored for classification tasks. Data-free distillation
for audio classification was proposed in [18], using
synthetic data to generate transfer sets to train student
networks without the need for the original dataset. Ex-
periments to increase the classification accuracy of stu-
dent networks through increased temporal dependen-
cies have also been examined in [19], where attention
weights are extracted from transformer-based teacher
models and aligned with student models using KL di-
vergence loss. Collaborative learning frameworks with
multiple audio feature representations have also been
successful in improving the accuracy of networks for
classification tasks [20].

However, there are only a few cases where knowl-
edge distillation is explored for audio-related regression
tasks [21] and no such study, to our knowledge, in the
field of VA modeling of analog audio effects. This
paper presents a preliminary study into the effects of
knowledge distillation on neural networks for black-
box modeling of audio distortion effects. In particular,
we explore to what degree feature-based knowledge
distillation can reduce the size of said networks while
maintaining comparable performance, enhancing the
accuracy of smaller networks. Three datasets of audio
distortion effects were used for evaluation, including
the Electro Harmonix Big Muff Pedal and Blackstar

HT-1 amp previously explored in [9, 15], as well as
parametric and non-parametric versions of the analog
modeled overdrive plugin DrDrive ! [22]. Results
compare the performance of distilled models, which
are trained to mimic the behavior of the larger model,
against non-distilled equivalent models, which are tradi-
tionally trained, quantitatively and through MUSHRA-
style listening tests.

The rest of the paper is organized as follows. Section 2
details the knowledge distillation techniques chosen. In
Section 3, the neural architectures designed for black-
box VA modeling are presented. Section 4 explains
the setup of our experiments to determine the effect of
knowledge distillation on the accuracy and size of our
distortion models. Section 5 presents the experiment
results, while Section 6 concludes the paper.

All the source code for this paper, along with audio
examples and trained models, is available online 2,

2 Knowledge Distillation For Neural
Networks

Knowledge distillation is a technique used to compress
complex and large "teacher" networks into smaller "stu-
dent" networks [17, 16]. Knowledge distillation and
other model compression techniques offer ways to min-
imize the computational expenses of working with neu-
ral networks, as well as to optimize models for deploy-
ment and gain real-time performance advantages.

There exist three primary types of knowledge distilla-
tion for neural networks, each with a unique approach
to the distillation process: response-based, feature-
based, and relation-based distillation. In our study,
we use feature-based knowledge distillation, a suitable
and popular type of Knowledge Distillation for regres-
sion tasks that explores compression of neural audio
distortion effects [23, 24].

2.1 Feature-based Distillation

The process of feature-based knowledge distillation is
characterized by the transfer of internal representations,
or features, of a teacher network to a smaller student
network. By retaining these high-level feature extrac-
tion capabilities, feature-based distillation allows stu-
dent models to capture more nuanced representations

Mttps://www.audiority.com/shop/dr-drive/
’https://github.com/aleksati/kd-audio-fx
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Fig. 1: Feature-based distillation. During training, the
feature representations from the last LSTM lay-
ers of both the teacher and student models are
aligned using a designated distillation loss func-
tion.

of the input data, leading to improved generalization
and performance.

With feature-based distillation, specific layers of the
teacher model are identified as feature extractors that
capture important intermediary feature representations
of the input data. The intermediate layers of a stu-
dent network are then aligned to those of the teacher.
During training, the student model learns to produce
feature maps similar to the teacher model, inheriting
its structure and hierarchical understanding of the data.
The loss function is defined to minimize the difference
between the feature representations of the teacher and
student models at these corresponding layers, as illus-
trated in Figure 1. Traditionally, this process employs
the Kullback-Leibler (KL) divergence to measure the
difference between the probability distributions derived
from the feature representation vectors [16]. However,
alternative loss functions can also be utilized [25]. Ad-
ditionally, this approach can be combined with addi-
tional learning to match the output predictions.

3 Neural Network Architecture

Our proposed distillation architecture utilizes recurrent
LSTM neural networks, a well-researched and effective

framework for building neural models of distortion and
other audio effects [7, 11, 12].

Further, we consider two architectural variations: the
depth of the networks and their size. The first teacher
model, denoted as H, consists of 7 LSTM layers con-
figured in an hourglass shape, with 8, 16, 32, 64, 32,
16, and 8 units, as illustrated in Figure 2. This de-
sign was determined through preliminary experiments,
aiming to establish a versatile teacher model that con-
sistently outperforms typically trained student models
across all datasets. A second teacher model, denoted
as S, consists of 2 LSTM layers, with 64 and 8 units,
respectively.

The student models consist of 2 LSTM layers, where
the first layer can be configured to be 8, 16, 32, or 64
units, and the final layer is fixed at 8 units to match
the final layer of the teacher model. These models will
be referred to S-64-8, S-32-8, S—-16-8, S—8-8.
An additional student model, referred to as S—8, is
configured with only a single 8-unit LSTM layer.

In all models, the input and output layers consist of a
linear fully connected layer with a single unit, each pro-
cessing 1 sample of audio per iteration during inference.
Additionally, a skip connection is employed, linking
the input directly to the output layer. This design helps
integrate raw input features into the final predictions,
providing an alternative path for the gradient and im-
proving model convergence.

The conditioning layer is designed to influence the
model by incorporating the user-controllable ’Drive’
knob parameter, which introduces a gradual increase in
distortion, as found in the DrDrive plugin. The condi-
tioning process utilizes Feature-wise Linear Modula-
tion (FiLM) and the Gated Linear Unit (GLU) [26, 22].
This layer employs conditioning information to calcu-
late coefficients that modulate the internal representa-
tion of the input signal. The output is then passed to the
GLU, functioning as a logical gate. The conditioning
layer is positioned before the final 8-unit LSTM layer.
Consequently, the alignment of feature representations
occurs after the conditioning information has already
modulated the signal.

4 Experiment Design

In this section, we provide a detailed overview of the
dataset and the training strategy employed.
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Fig. 2: Teacher H in the hourglass shape (left) and stu-
dent (right) architectures. The teacher model
features 7 LSTM layers, while the student
model has only 2 LSTM layers. A conditioning
layer is introduced for the parametric case, and
it is positioned before the final LSTM layer in
both the teacher and student models.

4.1 Dataset

The modeled devices include the Blackstar HT-1 vac-
uum tube amplifier (HT-1), Electro-Harmonix Big Muff
(Big Muff) guitar pedal, and the analog-modeled over-
drive plugin DrDrive. The HT-1 is a single-watt dual-
channel 8" tube amplifier with classic valve harmonics
that offers natural overdrives through gain controls and
its "Infinite Shape Feature" (ISF). The Big Muff is a fa-
mous distortion guitar pedal effect that produces heav-
ily distorted sounds through its dual cascaded diode
clipping stages. The pedal features sustain and volume
(pre- and post-gain) control, tone adjustment, and an
on/off switch. Finally, DrDrive is a free VST plugin
from Audiority?® that offers an analog simulation of an
overdrive pedal. Not counting the extended functionali-
ties, DrDrive features four parameter controls for drive,
brightness, attack, and level (gain).

Our distillation architecture was evaluated on four
datasets, one for each of the HT-1 and Big Muff devices,
and two for DrDrive. The HT-1 and Big Muff datasets
were identical to those in [15, 9], with the same tech-
nical and training configurations. For DrDrive, both
parametric and non-parametric sets were considered.

The DrDrive datasets consist of mono audio files with
a 10-minute duration, sampled at 48 Khz, where the ef-

3https://www.audiority.com/shop/dr-drive/

fect was added to a variety of musical sources ranging
from frequency sweeps and white noise with various
amplitudes, to physical recordings of musical instru-
ments, such as bass, drums, piano, pads and sections
from various pop/rock songs. In preparation for train-
ing, 10% of the datasets (1 min) were allocated for the
test and validation sets each. In the case of the para-
metric dataset, the full range of the four VST control
parameters was first scaled to the range [0,1]. Then,
three different values of the Drive amount were consid-
ered as the parametric conditioning (0, 0.5, and 1). For
each conditioning instance, fixed values were assigned
to the three other VST parameters, attack (0), level
(0.3), and brightness (0.5). The datasets were collected
using dedicated software for generating datasets for
audio-related ML tasks, namely the DGMD presented
in [27].

4.2 Training Strategy

Training is conducted for up to 1,000 epochs, with an
early stopping mechanism in place to halt training if
there is no reduction in validation loss for 30 consec-
utive epochs. We utilize the Adam optimizer, starting
with an initial learning rate of 3 x 10~#. This learn-
ing rate is halved if no improvements are seen after
5 epochs. The batch size is set to 8 examples, with
each example composed of 2,048 input audio samples.
These configurations are used within the framework of
Truncated Backpropagation Through Time (TBPTT).
The same strategy is applied in training both the student
and teacher models. Test losses and evaluation met-
rics are computed using the model’s weights, which
minimize the validation loss throughout the training
epochs.

4.3 Loss Function

The teacher and student models included in the ex-
periments are trained using the Mean Absolute Error
(MAE) as a loss function. The distillation employed
a combination of two loss functions. The feature rep-
resentations from the last LSTM layers are aligned
using the KL divergence of the probability distribution
retrieved from the feature representation vectors:

es
Y€
where z; represents a single element in the feature vec-
tor, and the denominator is the sum of the exponentials

D
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of all elements in the feature vector. This loss function
is denoted as Lp. The feature representations from the
last teacher’s LSTM layers are pre-computed to be used
as targets during the learning process.

The second loss function Lyag is based on MAE,
which is computed from the model’s output and the
ground truth. These two loss functions are combined
into a single loss value, with each component weighted
by factors that change over time:

L=o(e)-Lp+B(e)-Lyar (2)

where e represents the epoch number. Specifically, o
initial values is 1. and 8 is 0. a decrease of 10% each
epoch, while 8 is computed as 1 — . This weight-
ing strategy enables dynamic optimization, balanc-
ing the emphasis primarily on accurately mimicking
the teacher’s feature representations and subsequently
achieving precise output predictions.

4.4 Evaluation Metrics

To assess the accuracy of the model, we also computed
the error-to-signal-ratio (ESR):

Yoo y[n] —[n]?
N—1
Lo y[nll?
where y and J are the target and prediction, respectively,

and the multi-resolution STFT error, which is defined
as:

3)

ISTETu(y)| = [STFTn(9)] H
ISTFT,u(y)| !

1
v

4)
1
+ L [10g(ISTFT(3)]) —1og(ISTF T, (3)))|:

where m = [256,512,1024].

5 Results

Table 1 presents the test loss results of the hourglass-
type H teacher models, while Table 2 displays the per-
formance of both distilled and non-distilled student
models, S-64-8, S—-32-8, S-16-8, S—8-8. Over-
all, these results highlight the positive impact of dis-
tillation, with teacher models achieving the highest
accuracies.

We observe that student models typically exhibit im-
proved performance with larger hidden layer sizes,

meaning that the effectiveness of distillation is pro-
portional to the size of the student models, as can be
expected. Only the parametric DrDrive case, which
incorporates the user-controllable *Drive’ knob as a
parameter to condition the audio processing, shows a
different trend, performing better with a lower size. The
parametric results show that distillation works when
aligning the feature after conditioning, a task that intro-
duces additional complexity. Also, the non-parametric
set of DrDrive and Big Muff exhibit negative improve-
ments at 8 units, but quickly recover at 16 and beyond,
following an upward trend.

The HT-1 dataset emerges as the most challenging case,
as it produces the largest errors when compared to
other datasets. On the other hand, HT-1 demonstrates
the most significant improvements through distillation.
In contrast, when non-distilled students are already
performing well, the benefits of distillation are less
pronounced.

Table 2 also reports the number of parameters and
related floating-point operations per sample (FLOP).
Compared to teacher models, the FLOP count shows
that student models require significantly fewer param-
eters and operations per sample, representing a big
improvement in memory requirements and efficiency.

Figure 3 takes a closer look at the performance ad-
vantages of distilled versus non-distilled models with
respect to the size of their hidden layers. STFT and
MAE loss show relatively stable performance across all
models, following an upward trend. In contrast, ESR
results exhibit greater variability, with both extreme
negative and positive values. This greater variance
could be because ESR is a normalized function, and
the distillation improves more when the signal’s am-
plitude is larger than low. Lastly, HT-1 and parametric
DrDrive datasets show larger improvements at lower
sizes, an opposite trend compared to the other datasets.

The results further pinpoint that the H teacher model
is not always effective for the smallest students. Ta-
ble 3 presents the results of our experiments using the
teacher S model, which exhibits a smaller complexity
gap compared to the students. This scenario shows
improvements even in the smallest student models. In
particular, both DrDrive and Big Muff demonstrated
advantages from distillation, as well as HT-1, although
to a slightly lesser extent. Similar to the H teacher
scenario, the performance improvements of students

AES International Conference on Artificial Intelligence and Machine Learning in Audio, London, UK
2025 September 8—10
Page 5 of 10



Simionato and Tidemann Knowledge Distillation for Neural Audio Effects

Table 1: Test performance and loss of H teacher models with related number of parameters and floating-point
operations per sample (FLOPs).

Device dataset Total params FLOPs | MSE MAE ESR STFT
HT-1 49385 98768 | 4.20-1073 3.92-1072 4.11 0.15
Big Muff - - 4.00-107* 5.30-1073 148 0.24
DrDrive (un-cond) - 3.00-107% 1.08-1072 0.63 0.10

DrDrive (cond) 49993 98898 | 6.71-1075 4.63-1073 0.15 0.05

Table 2: Test performance and loss of student models (S-64-8, S-32-8, S-16-8, S—8-8) trained on H teacher
model, with related number of parameters and floating-point operations per sample (FLOPs). Instances
with the best performance are highlighted in bold. Variations in the hidden size of the network’s LSTM
layer are presented row-by-row.

Device Student ~ Total ~ FLOP | MSE MAE ESR STFT
dataset params count | non-distilled distilled non-distilled  distilled non-distilled  distilled | non-distilled  distilled
HT-1 s-8-8 873 1744 | 491-1072  4.97-1072 | 1.44-107! 1.34-107" | 41.97 24.92 0.56 0.59
s-16-8 1961 3856 | 2.72-1072  1.34-1072 | 1.07-10""  7.78-107% | 23.72 11.17 0.42 0.30
$-32-8 5673 11152 | 1.17-1072  1.00-1072 | 6.65-1072  6.34-1072 | 12.51 8.96 0.26 0.24
S-64-8 19241 38032 | 9.47-1073  8.69-1073 | 5.99-1072  5.85.107% | 8.60 6.73 0.24 0.23
Big Muff S-8-8 873 1744 ] 1.03-1073  9.75-10~* | 9.88-1073 1.38-1072 | 5.41 6.00 0.47 0.49
S-16-8 1961 3856 | 1.10-1073  8.83-107* | 1.11-1072 1.35-1072 | 4.90 5.32 0.60 0.48
s-32-8 5673 11152 | 1.06-1073  8.86-107* | 1.01-1072  9.31-1073 | 4.92 2.69 0.51 0.47
S-64-8 19241 38032 | 550-107*  4.39.10~* | 6.47-107° 5701073 | 1.82 124 0.32 0.27
DiDrive  $-8-8 873 1744 | 2.97-1073  259.1073 | 3.38-1072  3.08-1072 | 5.92 6.19 0.29 0.23
(un-cond) S-16-8 1961 3856 | 1.20-1073 1.00-1073 | 1.97-102 1.84-1072 | 1.97 1.87 0.17 0.15
s-32-8 5673 11152 | 1.08-1073  7.00-10~* | 1.91-1072 1.59-1072 | 2.00 1.35 0.16 0.13
S-64-8 19241 38032 | 6.81-107*  4.53.107* | 1.49-1072  1.23.1072 | 1.16 0.90 0.13 0.10
DrDrive ~ S-8-8 1049 1810 | 3.63-107°  3.30-1073 | 3.31-1072  3.15-1072 | 7.74 3.68 0.30 0.26
(cond) S-16-8 2569 3986 |2.67-1073  236-1073 | 2.88-1072  2.78-107% | 5.13 3.69 0.24 0.22
s-32-8 7913 11410 | 3.70-1073  3.57-1073 | 3.27-1072  3.21-1072 | 7.11 422 0.30 0.26
S-64-8 27817 38546 | 4.42-1073  3.84.1073 | 3.46-1072  3.29-1072 | 8.02 4.60 0.30 0.25

Table 3: Test performance and loss of student models (S-32-8, S-16-8, S—8-8) trained on S teacher model,
with the related number of parameters and floating-point operations per sample (FLOPs). Instances with
the best performance are highlighted in bold. Variations in the hidden size of the network’s LSTM layer
are presented row-by-row.

Device Student Total FLOP | MSE MAE ESR STFT
dataset params count | non-distilled distilled non-distilled  distilled non-distilled  distilled | non-distilled  distilled
HT-1 s-8-8 873 1744 | 491-1072  4.10-1072 | 1.44-107! 1.36-107" | 41.97 30.65 0.54 0.49
S-16-8 1961 3856 | 2.72-1072  2.48-107% | 1.07-107" 1.04-1071 | 23.72 20.10 0.42 0.40
s-32-8 5673 11152 | 1.17-10°2  1.72-1072 | 6.65-10°2  8.35-102 | 12.51 13.46 0.26 0.33
Big Muff s$-8-8 873 1744 | 1.00-1073 1.00-1073 | 1.00-1072 1.00-1072 | 5.41 3.83 0.47 0.45
S-16-8 1961 3856 | 1.10-1073  9.99-107* | 1.11-1072  9.98-1073 | 4.90 3.86 0.60 0.45
$-32-8 5673 11152 | 5.50-107*  519-10~* | 1.01-102  6.48-1073 | 492 185 0.51 0.32
DiDrive  s-8-8 873 1744 | 2.40-1073 2.23-1073 | 2.98-1072 2.81-1072 | 5.92 5.12 0.23 0.23
(un-cond) S-16-8 1961 3856 | 1.20-1073  545.107* | 1.97-1072  1.34-107% | 1.97 0.96 0.17 0.11
s-32-8 5673 11152 | 1.08-1073  5.76-107* | 1.91-1072  1.34-10~2 | 2.00 0.93 0.16 0.11
DrDrive ~ S-8-8 1049 1810 |3.63-103  3.12-1073 | 3.31-1072  3.09-1072 | 7.74 3.50 0.30 0.26
(cond) S-16-8 2569 3986 | 2.67-1073  3.02-1073 | 2.88-1072  3.05-107% | 5.13 3.42 0.24 0.25
s-32-8 7913 11410 | 3.70-1073  9.60-10~* | 3.27-1072  2.11-1072 | 7.11 145 0.30 0.27
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Fig. 3: Plots detailing the improvements, in percent
(%), of using distilled models over non-distilled
models for different hidden layer sizes, with the
H teacher. Comparisons are made using ESR,
STFT, and MAE loss metrics.

distilled from a teacher S model tend to be more sig-
nificant as their size increases. This trend is illustrated
in Figure 4, which compares the performance of dis-
tilled and non-distilled models in relation to the size of
their hidden layers. The improvements in STFT and
MAE metrics are nearly identical, while the ESR re-
sults closely mirror these trends. Notably, except for
the HT-1 dataset, the performance gains observed with
distilled models are greater than those achieved in the
H teacher case. Moreover, these improvements tend to
increase as the model sizes grow.

Finally, Table 4 presents the results for a distilled stu-
dent model with a single LSTM layer (S—-8) trained
on both the H and S teachers. These cases demon-
strate that a smaller complexity gap between teachers
and students typically results in enhanced performance,
showing that distillation is effective in the majority
of cases. However, the HT-1 dataset does not show
significant improvements. We also observe that the
parametric DrDrive student performs best when trained
by the H teacher model.

5.1 Listening tests

A MUSHRA-style listening test was conducted to in-
vestigate the perceptual quality of distilled versus non-
distilled models [28]. Audio examples from all three

HT-1 Big Muff —— ESR
604 —— STFT
204 — MAE

40

204

b
o o
WA /
% improvement
o

)
o 4

T T
16 32
Hidden layer size

DrDrive Uncond DrDrive Cond

80
40 | 60 4
40 -
T —

204
204

T T T T T T
8 16 32 8 16 32

Fig. 4: Plots detailing the improvements, in percent
(%), of using distilled models over non-distilled
models for different hidden layer sizes, with the
S teacher. Comparisons are made using ESR,
STFT, and MAE loss metrics.

device datasets were included, along with paramet-
ric examples of DrDrive. However, only audio from
S—64-38 student models trained on the H teacher model
was considered, as these models achieved the lowest
test loss on average. In addition, we included audio
examples from S—8-8 student models trained on the
S teacher model.

The listening test included two sets of audio exam-
ples per device model, comprising both distilled and
non-distilled examples. When considering both the
S—-64-8 and S—8-8 cases, this amounted to sixteen
conditions total for one listening trial. In each trial
condition, five audio examples and one reference were
presented to participants, consisting of the audio dis-
tortion from the device effects applied to either guitar,
bass, or drum signals. Participants were asked to rate
the perceptual quality of each audio example against
the reference on a scale from 0 to 100. The refer-
ence audio acted as the ground truth and was therefore
sourced directly from the device dataset. The remaining
five audio examples included a hidden reference, low
and mid-range anchors, where reference duplicates are
passed through low-pass filters at 3.5KHz and 7KHz,
respectively, as well as the outputs of the distilled and
non-distilled models.

Of the thirteen people who participated in the listening
tests, three were removed in the post-screening as they
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Table 4: Test performance and loss of student models (S—8) trained on H and S teacher models, with the related
number of parameters and floating-point operations per sample (FLOPs) are reported. Instances with the

best performance are highlighted in bold.

Device Teacher Total FLOP | MSE MAE ESR STFT
dataset params count | non-distilled distilled non-distilled ~ distilled non-distilled ~ distilled | non-distilled distilled
HT-1 s 329 656 5.03-1002  547-102 ] 1.50-10°"  1.57-107' | 39.19 30.07 0.61 0.61
- H - - - 5.58-1072 1.60- 107! 30.99 - 0.61
Big Muff s 1.00-1073  9.87-107% | 9.83-1073  9.83.1073 | 5.57 4.12 0.51 0.48
- H - 1.00-1073 | - 9.97-1072 4.02 - 0.51
DrDrive (un-cond) S 3.98-107° 1.28-1073[3.97-102  1.83-10°2 | 6.97 1.07 0.33 0.20

H 3.07-1073 | - 3.45-107" 7.51 - 0.26
DrDrive (cond) s 337 666 1.60-1073 1.26-1073 | 3.60-1072  2.41-1072 | 3.75 341 0.32 0.28
- H - - 1.23-10°3 2.39.102 3.25 - 0.27

scored the hidden reference below 80 in more than 15%
of trial conditions. The trials were conducted using a
pair of Beyerdynamic DT 770 Pro headphones.

As presented in Figure 5, results show high overall
scores for distilled and non-distilled examples. How-
ever, the perceptual improvements of distillation are not
pronounced, as non-distilled models already start with
high accuracy. This finding was further substantiated
by p-values gathered from statistical T-tests compar-
ing listening test scores from distilled and non-distilled
models. On all devices, the p-value scores were greater
than 0.05, meaning it’s still inconclusive whether there
are definitive perceptual advantages of distilled mod-
els over non-distilled models. On the other hand,
we observe a slight preference for distilled models in
most cases, especially in the S—-64-8 students. Non-
distilled models also show greater variability, suggest-
ing slightly less consistency in their perceived quality
over their distilled counterparts.

6 Conclusion

The paper explores knowledge distillation techniques
to reduce the size of large neural network models and
enhance the accuracy of smaller ones in the context of
emulating audio distortion effects. In particular, the
study examines feature-based knowledge distillation
for audio-to-audio modeling on both non-parametric
and parametric datasets, using an LSTM architecture to
train smaller student models that replicate the internal
representations of larger teacher networks. Our results
indicate that the process of distillation can be used to
optimize training for VA audio models, as we notice
improved model accuracy when comparing distilled
and non-distilled networks of equal parameter size.

Notably, the distillation improvements are more pro-
nounced as student models increase in size. The results
also highlight the known challenges of using feature-
based distillation techniques, demonstrating that it is
more difficult for models to learn from teachers that
present particularly more complexity. Finally, listening
tests provided additional qualitative data on the percep-
tual effects of distillation for audio effects modeling.
Although not statistically conclusive, the listening test
results show positive tendencies toward using distilla-
tion to improve the perceptual quality of audio effect
models.

For future work, more exhaustive architectural modi-
fications should be considered. Additionally, design-
ing more efficient loss functions could help refine the
distance metrics between the probability distributions
of teachers and students. Finally, employing a multi-
teacher ensemble approach could be advantageous in
mitigating potential complexity gaps between models.
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