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ABSTRACT

Large-scale neural networks have achieved impressive perfor-
mance across diverse audio domains, but their growing size
raises the need for lightweight alternatives. The Lottery Ticket
Hypothesis (LTH) offers a compelling direction by revealing
sparse subnetworks that can match full network performance,
yet its potential across various audio subdomains remains un-
derexplored. In this work, we examine this potential by evalu-
ating sparse subnetworks on diverse audio classification tasks,
spanning speech, music, and environmental sound. In partic-
ular, we propose a simple modification to the training pro-
cess that incorporates momentum-like gradient accumulation
during subnetwork search. We show that this strategy enables
finding extremely sparse subnetworks with less than 1.0% of
the initial parameters remaining, while still retaining up to
90% of dense model performance without layer collapse even
under severe unstructured pruning. Furthermore, these sub-
networks were effectively transferred across different audio
subdomains while sustaining their sparsity-robust character-
istics.

Index Terms— Lottery Ticket Hypothesis, Pruning, Gra-
dient Accumulation, Transferability, Audio Classification

1. INTRODUCTION

Recent advances in deep learning have led to remarkable per-
formance across a wide range of tasks, often driven by highly
over-parameterized models trained on massive datasets. How-
ever, their heavy computational and memory demands limit
practical deployment in many real-world settings, prompting
efforts to reduce model complexity without sacrificing perfor-
mance. Among these efforts, the Lottery Ticket Hypothesis
(LTH) has emerged as a compelling approach. It posits that
within a sufficiently over-parameterized dense network, there
already exist sparse subnetworks at initialization, referred to
as winning tickets (WT), that can reach the performance of the
full network [1]. LTH has since been explored in various do-
mains, demonstrating not only the feasibility of compact sub-
networks but also their ability to transfer effectively across

different datasets [2, 3, 4].
In the audio domain, LTH has been employed across vari-

ous tasks including speech recognition, acoustic scene clas-
sification, and music information retrieval [5, 6, 7]. These
studies confirm that WTs can indeed emerge in specific audio
tasks, achieving competitive performance with only a fraction
of the original model size. In some cases, they also suggest
potential benefits of WTs in terms of noise robustness and
transferability within the speech recognition task [6, 8]. How-
ever, these prior studies paid little attention to methods for
discovering more effective subnetworks. Moreover, they have
remained confined to individual subdomains such as speech
or music only, and the possibility of audio-general LTH re-
mains unexplored.

In this context, we explore the potential of audio-general
WTs in classification tasks across three representative audio
subdomains: speech, music, and environmental sound. We
first show that WTs consistently emerge in each case. Fur-
thermore, our proposed strategy of gradient accumulation in
the WT search process enables the discovery of extremely
sparse subnetworks, retaining as few as 1.0% of the origi-
nal weights while still achieving comparable accuracy to the
full model. Finally, we demonstrate that these subnetworks
and their sparsity-robust characteristics are not restricted to
their original datasets but can transfer between distinct audio
subdomains.

2. RELATED WORK

For speech recognition, [6] showed that WTs are transfer-
able across different ASR datasets even with improved noise
robustness. [8] further reported that language-specific WTs
share a larger fraction of weights across different languages
and outperform dense models. In addition, [9] showed similar
benefits in spoken language understanding. Although these
studies provided partial evidence for the transferability of
audio WTs, their scope remained limited to the speech do-
main. Beyond speech, LTH has also been applied to acoustic
scene classification [7], music information retrieval [5], and
audio-visual wake-word spotting [10], mainly for practical



lightweight deployment. While these studies demonstrate the
effectiveness of LTH in audio tasks, their investigations are
still limited to specific audio categories. In this work, we
take a first step toward a cross-subdomain setting, examining
transferable WTs across speech, music, and environmental
sound.

In a separate line of work, recent studies have highlighted
the importance of gradient handling in discovering effective
subnetworks. [11] showed that preserving gradient flow at
initialization yields more trainable subnetworks. [12] demon-
strated that pruning masks stabilize early in training, indicat-
ing that gradient signals at this stage provide reliable cues
for winning ticket search. Meanwhile, [13] argued that LTH
does not exploit the benefit of enhanced gradient flow. De-
spite these insights, gradient-aware strategies have not been
considered in audio-domain LTH; motivated by this gap, we
introduce a simple gradient accumulation strategy that helps
to find effective WTs under extreme sparsity.

3. PROPOSED APPROACH

We first overview the LTH procedure, then introduce a gradi-
ent accumulation strategy to discover sparsity-robust subnet-
works, and finally outline transfer experiments across audio
subdomains.

3.1. Lottery Ticket Hypothesis (LTH) for Audio

The Lottery Ticket Hypothesis (LTH), originally proposed by
Frankle and Carbin [1], states that within a sufficiently over-
parameterized network, there exist sparse subnetworks—called
winning tickets (WT)—that, when trained in isolation from
their original initialization, can match or even surpass the
performance of the full dense model. WTs are identified by
iteratively pruning a trained dense model and rewinding the
remaining weights to their initial values.

Formally, consider a dense model f(x; θ) with parameters
θ initialized as θ0. After training for j iterations, the param-
eters are updated to θj . We then prune the network, retaining
(p × 100)% of the parameters by magnitude, and obtain a
binary mask m ∈ {0, 1}|θ|. The surviving parameters are re-
wound to their initial values from θ0, resulting in a pruned
model f(x;m⊙ θ0).

Repeating this procedure r times (i.e. r rounds) produces
progressively sparser subnetworks, f(x;mr ⊙ θ0), with mask
mr and sparsity sr = 1 − pr. Among these subnetworks,
those that achieve performance comparable to or surpassing
the dense model are regarded as WTs. In this work, we apply
iterative magnitude pruning up to r = 15 rounds with p =
0.6.

As baselines, we include unstructured magnitude pruning
(UMP) and layer-wise magnitude pruning (LMP) [14, 15],
evaluated at the same sparsity levels as the corresponding
WTs.

Fig. 1. Schematic illustration of winning ticket discovery with
gradient accumulation and subdomain transfer.

3.2. Gradient Accumulation for LTH (GA-LTH)

Sparse subnetworks often suffer from poor gradient flow,
leading to unstable optimization [16]. Although the rewind
step in LTH facilitates convergence [13], it does not ad-
dress gradient flow itself, which remains a separate limita-
tion. To facilitate more effective WT search, we propose a
momentum-like gradient accumulation strategy (GA-LTH).
During the ticket search phase, the accumulated gradient at
each training iteration is computed as

g̃t = gt + α g̃t−1, (1)

and the parameters are updated by

θt+1 = θt − ηt Ht(g̃t), (2)

where gt denotes the gradient at training step t, α is a de-
cay factor controlling the contribution of past gradients, and
Ht(·) represents the optimizer-specific preconditioning (e.g.,
exponential moving average of gradients and squared gradi-
ents in AdamW). When applied with plain SGD, this update
becomes equivalent to SGD with momentum. In our study,
however, we employ the AdamW optimizer to ensure stable
training, while leveraging the proposed gradient accumulation
to amplify the effective learning dynamics of sparse models.
Although mechanisms such as gradient clipping are often re-
quired to prevent gradient explosion, in our training setup we
did not observe such instability and found that controlling the
decay factor α was sufficient to maintain stable optimization.

3.3. Transferable Winning Tickets

Unlike prior audio LTH studies that mainly focused on intra-
domain conditions, we examine the transferability of WTs
to out-of-domain datasets by evaluating them across distinct
audio subdomains—speech, music, and environmental sound
(Fig. 1). In the finetuning phase, subnetworks derived from
three source datasets are transferred to three additional tar-
get datasets for each sparsity level. The backbone parameters
and pruning masks obtained from the source models are em-
ployed, while the output head is newly initialized to match the
label space of the target dataset. Training is then performed on
the entire network, excluding the pruned weights.



Fig. 2. Effects of gradient accumulation on winning ticket discovery. (a) Relative accuracy across sparsity levels for GA-LTH,
LTH, and pruning baselines (UMP, LMP) on ESC-50, SC, and GTZAN. (b) Effect of accumulation decay factor α. (c) Layer-
wise sparsity of WTs from ESC-50; the heatmap shows fractions of subnetworks at 1.01% total remaining fraction (r = 9).

4. EXPERIMENTAL SETUP

4.1. Dataset

We selected three representative audio classification datasets
as source datasets: ESC-50 for environmental sound, Speech
Commands for speech, and GTZAN for music. To further
evaluate the transferability of WTs from source datasets,
we adopted three additional target datasets—UrbanSound8k,
LibriCount, and Nsynth. A brief description is as follows:
ESC-50 [17]: 2,000 five-second clips across 50 environmen-
tal sound classes; official 5-fold split used. Speech Com-
mands v0.02 (SC) [18]: 105,829 one-second utterances of 35
words; official train/validation/test split used. GTZAN [19]:
1,000 thirty-second clips spanning 10 music genres; follow-
ing fault-filtered split of [20] adopted. LibriCount (LC) [21]:
5,720 five-second clips derived from LibriSpeech, 11-class
speaker-count task (0–10); HEAR configuration adopted [22].
UrbanSound8K (US8k) [23]: 8,732 clips (≤4 s) over 10
everyday sound classes; official 10-fold split used. NSynth-
pitch (NSynth) [24]: 5,000 four-second clips of instrument
notes across diverse instruments, labeled with 88 pitch classes
(MIDI 21–108); HEAR configuration adopted [22].

4.2. Implementation Details

To control input size variability, all audio clips were down-
sampled to 16 kHz and converted into mel-spectrograms with
64 mel bins using 32 ms window and 8 ms hop. For training,
1-s segments (128 frames) were randomly cropped from each
clip, while testing used fixed center crops, except for NSynth
where cropping always started at the beginning.

We employed a ResNet18 model [25] with single-channel

mel-spectrogram input. Models were trained for 5,000 it-
erations with a batch size of 64 using AdamW (β₁=0.9,
β₂=0.999, learning rate = 1e-4, weight decay = 3e-4). Early
stopping with a patience of 2,000 iterations was applied. All
experiments were conducted with four different random seeds
and averaged.

For the ticket search phase, LTH pruning iteration was
performed for 15 rounds, retaining 60% of the weights per
round, resulting in subnetworks with remaining fraction down
to about 0.615 × 100 ≈ 0.05% at round r = 15. Pruning was
applied only to the convolutional backbone, excluding the fi-
nal fully connected (FC) layer to ensure compatibility across
datasets. For all datasets, the dense model baselines were ob-
tained separately by standard training (without pruning or gra-
dient accumulation), and relative accuracy was computed as
subnetwork accuracy

dense accuracy × 100%.
As a default, gradient accumulation was applied with de-

cay factor α = 1.0 except in the α manipulation experiment
(Fig. 2b). Thus, GA-LTH indicates WTs discovered with α =
1.0, while standard LTH corresponds to α = 0.0. As prun-
ing baselines, we use unstructured magnitude pruning (UMP)
and layer-wise magnitude pruning (LMP), which prune the
trained dense model once and then fine-tune the pruned net-
work.

5. RESULT AND DISCUSSION

5.1. Effects of Gradient Accumulation for Audio LTH

First, we investigate the existence of WTs across three source
datasets and assess the impact of gradient accumulation in
audio classification. As shown in Fig. 2(a), we observe that
subnetworks maintain comparable performance in both GA-



UrbanSound8k LibriCount Nsynth-pitch
remaining fraction (%) remaining fraction (%) remaining fraction (%)

Source Dataset 13.0 1.01 0.13 13.0 1.01 0.13 13.0 1.03 0.13

GA-LTH
ESC50 68.1 68.3 66.2 58.9 58.1 54.2 74.8 73.8 70.3

Speech Commands 67.9 66.0 58.4 59.0 57.1 50.5 74.4 73.7 64.4
GTZAN 67.8 65.5 49.8 57.6 56.2 45.7 74.9 73.6 34.3

LTH
ESC50 68.0 60.5 12.0 58.5 53.8 8.4 74.4 64.7 1.3

Speech Commands 66.8 62.5 12.0 58.6 54.8 8.4 75.0 66.1 1.3
GTZAN 68.3 63.1 12.0 57.6 54.5 8.4 74.8 67.8 1.3

UMP 68.4 16.4 12.0 60.3 51.7 9.1 75.8 66.1 1.4
LMP 65.9 47.8 13.2 57.6 47.0 9.9 71.5 9.9 1.1

Table 1. Transfer experiment results across target datasets under three sparsity levels (13.0%, 1.01%, and 0.13%) for subnet-
works obtained from source datasets by GA-LTH and LTH, and pruning baselines (UMP, LMP).

LTH and standard LTH up to pruning round r = 8 (1.68%
remaining fraction) across all three source datasets, indicating
that WTs exist across audio subdomains even if the gains over
UMP are modest.

However, at sparsity levels beyond 99% (round r ≥ 9),
all other pruning methods show a sharp accuracy drop, while
GA-LTH clearly sustains performance even under extreme
compression. Notably, on ESC-50, GA-LTH discovers WTs
that retain near-dense accuracy with only 0.08% of parame-
ters (Fig. 2(a)).

Fig. 2(c) additionally shows that standard LTH suffers
from layer collapse (black boxes in the heatmap), whereas
GA-LTH avoids such collapse by preserving a balanced layer-
wise distribution even in an unstructured pruning manner.
Importantly, while LMP inherently avoids collapse, it still
exhibits poor sparsity-robust performance, suggesting that
GA-LTH does not simply prevent collapse but also facilitates
the discovery of more meaningful subnetwork structures.

To further investigate the effects of gradient accumulation,
we varied its decay factor (Fig. 2b). The results show a gen-
eral tendency that larger accumulation (higher decay factors)
improves sparsity-robustness. Nevertheless, the effect of ac-
cumulation varies across datasets: ESC-50 achieves its best
WT performance at α = 1.0, whereas SC performs best at
α = 0.99 and declines at α = 1.0. These observations suggest
that proper gradient handling supports effective ticket search,
but the optimal setting can depend on the specific subdomain,
dataset, or experimental setup.

For reference, the dense model baselines reach 47.5%
on ESC-50, 92.9% on SC, and 56.9% on GTZAN. It should
be noted that all experiments were conducted on downsam-
pled, 1-s cropped audio; thus, our experimental goal is not to
achieve state-of-the-art performance but to ensure compara-
bility under consistent experimental settings.

5.2. Transferability of Winning Tickets

The results of transfer experiments are presented in Table 1,
where WTs identified from ESC-50, SC, and GTZAN are

fine-tuned on US8k, LC, and NSynth. The dense model
baselines are 68.8% on US8k, 59.0% on LC, and 77.0% on
NSynth, obtained under the same controlled conditions as
above. We report results under three sparsity levels: 13.0%,
1.01%, and 0.13% remaining fractions.

At 13.0% remaining, no notable differences are observed
among pruning methods. When only 1.01% of the parame-
ters are retained, both GA-LTH and LTH sustain relatively
strong performance, with GA-LTH exhibiting greater stabil-
ity, whereas UMP and LMP undergo substantial accuracy
drops, particularly on US8k. Finally, at the extreme spar-
sity of 0.13% remaining, GA-LTH demonstrates remarkable
robustness: ESC-50 tickets exhibit only a 2–5% accuracy
drop, while all other methods degrade to chance-level per-
formance. These results suggest that LTH-based approaches
can uncover subnetworks with more audio-general repre-
sentations than conventional pruning methods. In particular,
our proposed gradient accumulation strategy facilitates the
discovery of extremely sparse and transferable WTs across
diverse audio subdomains.

6. CONCLUSION

In this work, we investigated the potential of LTH-based ap-
proaches for sparsity-robustness and transferability in audio
classification tasks. By incorporating gradient accumulation
into the LTH procedure, we identified extremely sparse sub-
networks that sustain comparable accuracy even with less
than 1.0% of the parameters without suffering from layer
collapse. Moreover, our transfer experiments demonstrate
that these subnetworks can be effectively applied across dis-
tinct audio subdomains while preserving their sparsity-robust
characteristics, underscoring the potential of LTH approaches
as domain-general audio representations. As future work, we
plan to further extend these approaches in more practical sce-
narios with advanced architectures and pretrained foundation
models.
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