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Abstract

This paper presents a novel memory-efficient model com-
pression approach for Conformer ASR and speech foundation
systems. Our approach features a unique “small-to-large” de-
sign. A compact “seed” model containing a few Conformer or
Transformer blocks is trained and unfolded many times to em-
ulate the performance of larger uncompressed models with dif-
ferent logical depths. The seed model and many unfolded paths
are jointly trained within a single unfolding cycle. The KL-
divergence between the largest unfolded and smallest seed mod-
els is used in a self-distillation process to minimize their perfor-
mance disparity. Experimental results show that our foldable
model produces ASR performance comparable to individually
constructed Conformer and wav2vec2/HuBERT speech founda-
tion models under various depth configurations, while requiring
only minimal memory and storage. Conformer and wav2vec2
models with a reduction of 35% and 30% parameters are ob-
tained without loss of performance, respectively.

Index Terms: speech recognition, model compression, speech
foundation model, network structure unfolding

1. Introduction

The field of automatic speech recognition (ASR) systems is
witnessing a significant surge in model size, driven in part by
the recent proliferation of self-supervised learning (SSL) mod-
els such as wav2vec2.0 [1], HuBERT [2], data2vec [3], and
WavLM [4]. This increase creates an urgent demand for ef-
fective and efficient model compression techniques. Current
compression methods can be broadly categorized into two main
approaches: low-bit quantization [5-8] and model architec-
ture compression. Low-bit quantization reduces the bit width
of model weights to reduce storage and computational costs,
whereas architecture compression directly decreases the num-
ber of parameters in the models.

This paper focuses on architecture compression, which
presents several critical challenges that need to be addressed:
1) Ensuring model accuracy and effectiveness are maintained
after compression. 2) Developing a means that can scale the
compression process to efficiently generate diverse systems to
meet the varying demands of different edge devices. 3) Tack-
ling memory consumption throughout the model compression
process, as this is vital for the practical application of these tech-
niques in resource-constrained environments.

To navigate these challenges, a variety of architecture com-
pression techniques have emerged, including knowledge dis-
tillation [9-15], pruning [16-24], low-rank matrix factoriza-
tion [25-28], and weight sharing [29-33]. Although many of
these methods emphasize preserving the performance of com-
pressed models, they typically generate a single compressed
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model at a time. This requires multiple compression processes
and the maintenance of various model sizes to satisfy the unique
needs of edge devices, ultimately inflating development and
upkeep costs. Some studies have introduced frameworks for
jointly training multiple nested weight-sharing systems, which
help alleviate training time and reduce storage requirements to
a degree [34-40]. However, so far, most methods frequently
overlook critical memory considerations during the compres-
sion process. For instance, knowledge distillation typically in-
volves a large teacher model, and joint training of multiple sys-
tems can even lead to prohibitive memory demands. Conse-
quently, the substantial memory footprint of these approaches
can hinder their practical use, particularly when working with
large models in environments with limited resources.

To address these challenges, this paper proposes for the
first time a novel small-to-large perspective on model architec-
ture compression. Specifically, we present a memory-efficient
network structure unfolding approach that not only prioritizes
model performance and scalability of compression, but also em-
phasizes memory efficiency in two key aspects: During train-
ing, we shift the focus away from requiring a large model and
instead concentrate on optimizing a small “seed” model. The
model is enhanced by iteratively reusing its network structures
to scale up model complexity without expanding the physical
memory footprint. For inference, a small seed model can be
unfolded to arbitrary logical depths, providing the flexibility to
adapt to the varying demands of different environments while
maintaining minimal storage and memory requirements.

To do this, we propose an effective training framework that
supports the joint training of models sharing physical layers and
unfolding to different logical depths. In addition, we incorpo-
rate a self-distillation process into the training cycle to further
enhance performance. This model-agnostic framework is easy
to implement and yields versatile models that are well-suited
for real-world applications. Experimental results validate that
our method produces a small seed model capable of unfolding
to multiple desired depths, with each configuration having per-
formance comparable to that of individually trained models of
equal complexity. The contributions of this paper are as follows.

¢ We present a memory-efficient approach for model size com-
pression through a small-to-large perspective, enabling en-
hancing the performance of a small model by flexibly reusing
core structures without increasing physical memory usage.

* We introduce an effective training framework that allows
models to (un)fold to arbitrary logical depths, addressing the
diverse needs of edge devices while remaining mindful of
memory constraints during compression.

* We conduct experiments on both supervised learning-
based Conformer models and self-supervised learning-based
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speech foundation models, demonstrating the superior com-
pression performance of our methods, compared to state-of-
the-art ASR model compression techniques.

2. Speech Models

For supervised learning cases, we consider the convolution-
augmented Transformer (Conformer [41]), an end-to-end (E2E)
ASR model. A Conformer encoder comprises multiple stack-
ing blocks', where each block is composed of the following
modules in sequence: a feed-forward module (FFN), a self-
attention module (MHSA), a convolution module (Conv), and
a second FFEN module. An effective way to train an attention-
based encoder-decoder (AED) Conformer system is using mul-
titask criterion interpolation [42] between the loss of CTC and
the attention Decoder (i.e., a Transformer decoder). This is
given by

['conformer = (1 - A)L‘«a.ttention + )\L"ctm (1)

where ) is a constant and empirically set to 0.3 in this paper.

In contrast to conventional supervised learning methods,
the emerging paradigm of self-supervised learning typically
trains a foundation model from unlabeled examples to obtain
general data representations and fine-tune the model on labeled
data. Despite the different training paradigms, speech SSL
models such as wav2vec 2.0 [1], HuBERT [2] and WavLM [4]
share similar Transformer backbones with supervised models.
For example, wav2vec2.0 consists of a CNN-based feature ex-
tractor and a Transformer encoder. For the ASR task, we fine-
tune a pre-trained wav2vec2.0 model with a pure CTC decoder,
and its loss is given by L2002 = Lete.

3. Methods
3.1. Network Structure Unfolding

To benefit from both the memory efficiency of small models
and the better modeling capacity of deeper models, we present a
network structure unfolding approach that allows a small model
to reuse its network structures to enhance the model capability
and maintain a low memory consumption.

Suppose we have a small model with N layers (e.g., re-
peated network structures such as Conformer or Transformer
blocks). Typically, the logical depth of the transformations ap-
plied to an input is the same as the number of physical layers
contained by the model, namely N, as shown in Fig. 1 (a).
To enhance its modeling capacity, we can unfold the depth of
the logical transformations from N to 2NN simply by reusing
and repeating each of the model layers once, without increas-
ing physical memory, as shown in Fig. 1 (b). Similarly, one can
also unfold the logical depth twice or more to potentially obtain
more performance gain while maintaining a low physical mem-
ory, as shown in Fig. 1 (c). In fact, it is not necessary to unfold
all layers the same number of times, e.g., unfolding some layers
once and the other layers twice is also feasible. For simplicity,
in this paper, we follow the rule that a layer is allowed to unfold
k + 1 times only if all the other layers have unfolded k or k£ + 1
times, where k > 0.

Training an unfolded network is also straightforward and
memory-efficient. During training, only the physical layers of
the network are loaded into memory, then when forwarding,
each layer is repeated a desired number of times to iteratively
transform its input, and the parameters of the physical layers are
updated through normal gradient descent methods.

'We use “layers” and “blocks” interchangeably when referring to
the repeatedly stacked model structures, e.g., Conformer blocks.
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Figure 1: Diagram of a foldable network. Systems (a), (b), and
(c) share the same N physical layers, and they can (un)fold to
each other by changing the number of repeating times of the
physical layers, without expanding parameters and memory.

3.2. Foldable Network

Previous studies using weight-sharing blocks [43,44], which are
based on a manually defined sharing pattern with a fixed model
depth. Our work aims to learn a compact seed model that can
be flexibly unfolded to arbitrary logical depths corresponding
to different model complexities or modeling capacities, but not
just one fixed depth, namely a foldable network.

To obtain a foldable model, we propose a framework that
allows the joint training of multiple unfolding paths. Formally,
we denote P, as a seed model purely containing n, € N
physical layers and executed without unfolding, and Fn"f” as a
(un)foldable system unfolding from the n, physical layers to
ny € N logical depth with n, < ny, where Py, and F,,7
share the same n,;, physical layers. Note n is the total effective
logical depth, but not the number of unfolding times. Then we
denote the losses (i.e. described in Section 2) of these two sys-
tems as £F and £;f , respectively. The criterion of our joint
training framework can be given by

L=1CY +oa,Lh, @)
where Ny denotes the maximum logical depth we would like

the seed model to unfold to and ay, is a constant scalar. This
ensures the model Pnp can be unfolded to F;’f’ , and the model

F:,? can also be folded back to P,,. Particularly, we found
in our experiments that Eq. (2) containing only the two explicit
loss terms is enough to also enable all middle systems Fj, £ with
depths between Ny and n, (ie., Ny < ny < np), which indi-
cates the compact seed model with n, physical layers can un-
fold to various logical depths to meet different on-device de-
mands. This significantly facilitates memory efficiency because
we neither need training of a huge super-network nor separately
compressing and storing models of different depths.

To improve the performance of unfolded models, we in-
corporate a self-distillation process into the compression cy-
cle. Specifically, during joint training, we use the deepest sys-

tem Lgf to guide the smallest (all-physical) seed system P,
which is achieved by adding an additional regularization term:

Lreg = Drr(SG(pn,)IPn,)s 3)
where Dy, denotes the Kullback-Leibler divergence, SG(-)
denotes the stop-gradient operation, and pn, and py, denote
the output distribution of system F;\L,‘; and P,,, respectively.
Then, the final criterion becomes:

L=Ly + Ly + anlreg, )



where oy, is a constant scalar. It should be noted that the regu-
larization term is computed concurrently within the joint train-
ing process, incurring negligible memory and time costs.

4. Experiments
4.1. Experimental Setup

Models and Data. For supervised learning, we take Conformer
AED system configured with the ESPnet [45] recipe®. We train
Conformer with 300-hr Switchboard corpus [46] and evalu-
ate on NIST Hub5’00, RT02, and RT03 evaluation sets. For
SSL cases, the wav2vec2-base-100h/HuBERT-base are down-
loaded from Huggingface®. We finetune SSL models on the
LibriSpeech 100-hour clean subset [47]. The baselines are also
fine-tuned with 20 epochs for comparison. All baseline models
contain a 12-layer encoder.

Training. The Conformer systems are trained from scratch with
the same training schedule as the baseline Conformer recipe on
a single NVIDIA A40 (48G) GPU. We fine-tune SSL systems
with a batch size of 8 for 20 epochs on a single NVIDIA V100
(32G) GPU, where the AdamW optimizer is used with a learn-
ing rate of 5e-5 with a linear decay to zero.

Hyper parameters. For Conformer, the layer dropout rate of
12 encoder layers increases linearly to 0.1. For SSL systems,
the layer dropout rate is set to 0.1. All baseline systems apply
the same settings. For joint training, we set oy, = 0.25 and
ay; = 0.1 for Conformer, and o, = 0.7 and a; = 0.005 for
SSL systems to balance the different terms in the losses base on
the observations of their magnitudes, respectively.

4.2. Foldable Conformer

We first train Conformer systems with a foldable encoder con-
taining 8, 6, and 4 physical layers, respectively, each of which
can be unfolded to arbitrary logical depths with a maximum
complexity of 12 layers (i.e., the number of physical layers
contained in a baseline system). For the 8-layer foldable Con-
former, we only allow it to unfold the last 4 layers since it
is enough to reach the logical depth of 12. We compare the
performance of the three foldable Conformer models executed
at different logical depths with that of individually trained all-
physical Conformer models of equal depth. The results are plot-
ted in Fig. 2, where several trends can be found: 1) Applying
our network unfolding approach, a small seed model can be en-
hanced, where the deeper the model unfolds, the lower the WER
it produces, which is consistently demonstrated by the 8-, 6-,
and 4-layer foldable Conformer systems. 2) For the 8-layer and
6-layer foldable Conformer models, the performance of them
unfolding to different logical depths (e.g., 6, 8, 10, and 12) is
comparable to that of individually constructed models of equal
depths, while eliminating the need of separate training and stor-
ing these systems of different depths, demonstrating the efficacy
and memory efficiency of our approach. 3) The foldable mod-
els have robust performance. In some cases, there may be more
than one path to unfold a model to a desired depth. For ex-
ample, following the unfolding rule mentioned in Section 3.1,
to unfold a 6-layer model to the depth of 8, there are in total
15 combinations. However, in our experiments, we found the
performance of different unfolding paths did not deviate much
from each other, which is demonstrated by the standard devia-
tion range we plot in Fig. 2. This indicates, with our methods,
one can unfold a model by arbitrarily selecting a path and the
performance is guaranteed. 4) For the 4-layer foldable Con-

2ESPnet: egs/swbd/asr1/run.sh
3facebook/wav2vec2-base-100h; facebook/hubert-base-1s960
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former, the WER reduction is more obvious when the physical
layers are repeated once than when repeated twice, which sug-
gests it is better to first unfold all the physical layers once before
unfolding any of them twice.
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Figure 2: Averaged WER of Conformer systems versus executed
encoder depths (# physical layers + unfolded depths). The fold-
able and all-physical models are the same ones in Table 1.
Solid circles denote models that purely contain physical lay-
ers, while hollow circles denote foldable models unfolded from
corresponding all-physical systems. Colored areas cover the
ranges of standard deviation across different unfolding paths.

Table 1: WER(]) of foldable Conformer versus individually
compressed systems. A “*” mark in the last column denotes
no statistically significant (MAPSSWE [48], a=0.05) WER in-
crease is observed over the 12-layer baseline system (Sys. 1).

# of physical layers
loaded in memory

Inference
depth

#of param.| Hub5°00 | RT02 | RTO3 | .
millions [swbd calhm | swbdl swbd2 swbd3 |swbd fsh | &'

Sys

Baseline (gray) and individually constructed all-physical systems of different depths

1 12 12 44.6 74 152 89 130 158 10.6 16.7| 12.86
2 10 10 393 76 155 89 127 161 10.6 16.8|12.96"
3 8 8 34.0 7.7 159 9.7 13.4 165 112 17.5| 13.49
4 6 6 28.8 77 163 9.4 13.9 170 114 18.3| 13.83
5 4 4 235 88 176 104 148 185 123 19.6| 15.07
Our Method (foldable Conformer)

El 8 12 (unfolded) 340 72 149 8.7 13.0 157 103 16.5]12.64"
E2 (shared) 10 (unfolded) (shared) 74 152 9.1 13.1 159 105 16.8|12.86

E3 8 75 151 9.3 13.5 162 106 17.1] 13.10
S1 12 (unfolded) 73 149 87 126 151 105 16.8]12.64°
S2 6 10 (unfolded) 288 76 152 92 132 159 105 16.8|12.96"
S3 (shared) 8 (unfolded) | (shared) 78 155 92 135 163 11.0 17.7| 13.40
S4 6 8.0 165 95 141 170 114 17.9| 13.84
F1 12 (unfolded) 75 157 9.1 13.1 157 112 17.7] 13.26
F2 4 10 (unfolded) 235 77 156 9.3 133 16.4 11.1 17.5| 13.37
F3 (shared) 8 (unfolded) (shared) 77 157 9.3 13.2 165 11.1 17.6| 1345
F4 6 (unfolded) 8.6 182 102 150 188 126 19.6| 15.11

F5 4 94 195 117 166 204 139 21.3|16.53

The results* are also reported in Table 1. For foldable sys-
tems that have multiple possible paths to unfold, we represen-
tatively report the system with the median WER. We obtained
a 6-layer foldable Conformer that achieved compression with a
35% model parameter reduction while incurring no statistically
significant WER increase when executed at a depth of 12, com-
pared to the 12-layer baseline model (i.e., Sys. S1 vs. Sys. 1
in Table 1). More importantly, the 6-layer foldable Conformer
can unfold to various depths and provide comparable perfor-
mance to those of individually compressed all-physical systems
of equal depths while requiring only minimal memory to load
the 6 physical layers once for both training and inference. (i.e.,
Sys. S1~S4 vs. Sys. 1~4).

4.3. Foldable SSL Models

For SSL pre-trained speech foundation models, we develop a
simple way to apply our method by first dropping several phys-
ical layers and then unfolding the rest, which ensures minimal
memory requirements. To decide which layers to drop, we
first evaluate the performance sensitivity of each layer in the

4For simplicity, we mainly reported results of models with even
numbers of depth while similar trends can also be found in odd cases.
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Figure 3: WER (test-clean) of wav2vec2 versus executed en-
coder depths. The foldable and compact models are the same
ones in Table 2. Solid circles denote systems purely containing
physical layers, while hollow circles denote foldable systems
unfolded from corresponding all-physical systems.

Table 2: WER(!) of foldable wav2vec?2 systems versus individu-
ally compressed systems. A “*” mark in the last column denotes
no statistically significant (MAPSSWE [48], a=0.05) WER in-
crease is observed over the 12-layer baseline system (Sys. 1).

# of physical layers
loaded in memory

# of parameters |
millions | clean

dev
[ clean  other

test

Sys. other

Inference
depth

Baseline (gray) and individually constructed all-physical systems of different depths

1 12 12 94.4 5.41 13.88 538 1420
2 10 10 80.2 5.77 14.55 560 1496
3 8 8 66.0 6.22 16.91 6.02 1655
4 6 6 51.9 7.74 23.49 744 2229
5 4 4 377 1202 3446 1141 3282
6 3 3 30.6 18.08 4555 1778 42.58
Our Method (foldable wav2vec2)
El s 12 (unfolded) 6.0 5.48* 1472 541" 1434"
E2 (shared) 10 (unfolded) (shared) 5.64 15.33 550 1502
E3 8 5.73 15.97 552 1585
ST 12 (unfolded) 6.20 1752 593 1682
S2 6 10 (unfolded) 51.9 6.23 18.52 6.13  17.67
S3 (shared) 8 (unfolded) (shared) 6.78 20.50 651  19.88
S4 6 7.21 21.66 6.97 2196
FI 12 (unfolded) 714 22.10 6.96 20.86
F2 4 10 (unfolded) 377 7.14 2245 6.96 21.33
F3 . 8 (unfolded) . 7.24 2334 705 2220
F4 (shared) 6 (unfolded) (shared) 843 2661 854 2552
F5 4 1194 35.08 1147 33.28
Tl 12 (unfolded) 815 26.27 785 2491
™ 3 9 (unfolded) 306 8.25 26.85 8.89 2553
T3 (shared) 6 (unfolded) (shared) 9.27 30.13 899  28.71
T4 3 1842 46.18 18.12  43.74

wav2vec2 model, which is obtained by respectively testing the
model WER when dropping each layer. As shown in the subfig-
ure of Fig. 3, a larger WER suggests the layer is more sensitive
and thus of more importance. Based on this, we follow the rule
that a layer corresponding to a lower WER will be dropped with
a higher priority. Then, we train foldable wav2vec2 with 8, 6,
4, and 3 physical layers (i.e., the rest layers after dropping), re-
spectively, and plot in Fig. 3, where similar trends can also be
found as those of Conformer models in Fig. 2, while the stan-
dard deviations across different unfolding paths become even
too small to show in the figure. Then we show the WERs in Ta-
ble 2, where we obtained an 8-layer foldable wav2vec2 model
that achieved compression with a 30% model parameter reduc-
tion while incurring no statistically significant WER increase
when executed at a depth of 12, compared to the 12-layer base-
line model (i.e., Sys. E1 vs. Sys. 1 in Table 2).

To demonstrate superior compression performance, we
further compare our approach with previous compression
methods for speech foundation models. We tune foldable
wav2vec2/HuBERT with 3 and 2 physical layers (after drop-
ping) and unfold them to 12 layers, denoted as F, and F7,
respectively. As shown in Table 3, our method significantly out-
performs other methods with an obvious WER reduction under
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similar model sizes. Remarkably, our method needs memory
only to load and train an ultra-small seed model of 2 or 3 physi-
cal layers with only a small amount of training data of 100 hours
to enable its superior performance and flexible inference depths.
Table 3: Foldable SSL systems versus previous SSL model com-
pression methods under comparable model size.

Models need to load  # supported depths Hours of # Parameters WER (])

Method in memory when training  when inference  trainset ~ millions  test-clean

DistilHuBERT [10]  12-layer teacher + student 1 960 23.49 13.37
3-Layer One [12] 12-layer teacher + student 1 960 30.58 12.23
FitHuBERT [11]  12-layer teacher + student 1 960 22.49 12.09
FitW2v2 [11] 12-layer teacher + student 1 960 31.63 11.44
12-Layer Half [12]  12-layer teacher + student 1 960 26.87 10.96
DPHuBERT [19] 12-layer teacher + student 1 960 23.59 10.47
Wang et al. [23] 12-layer baseline 1 960 26.57 10.29
F122-W2V2 (Ours)  2-layer compressed model 11 (2~12) 100 23.52 9.81
Ff2-HuBERT (Ours) 2-layer compressed model 11 (2~12) 100 23.52 9.66
Ff‘?-WZVZ (Ours)  3-layer compressed model 10 3~12) 100 30.61 8.15
F132-HuBERT (Ours) 3-layer compressed model 10 3~12) 100 30.61 7.92

Table 4: Effects of joint training and self-distillation for fold-
able Conformer. WER are averaged over NIST Hub5 00, RT02,
and RTO3 evaluation sets. Best results are highlighted in bold.

| #Phys. | #Param. - N N Avg. WER (})
Sys. ‘ layers | millions | Training loss ‘ Inference depth (relative increase)
0 12 12 — Baseline 12.86 (+0.0 %)
1 12 46\ Ly 8~ Dropping last 4 layers | 21.50 (+67.2 %)
2 8 12 — Unfolding last 4 layers | 17.50 (+36.1 %)
3 8 340 | Le 8 13.45 (+4.6 %)
4 12 12 — Unfolding last 4 layers | 12.88 (+0.2 %)
5 8 340 | LF 8 27.23 (+111.7 %)
EO 12 8 12 — Unfolding last 4 layers | 12.90 (+0.3 %)
i 8 340 | LE 4L 3 13.71 (+6.6 %)
KO 12 s 12 — Unfolding last 4 layers | 12.64 (-1.7 %)
Kl 8 340 | LE +Lp+LReg | g 13.10 (+1.9 %)

4.4. Ablation Study

This section studies the effectiveness of our approach (i.e., the
joint training and KL regularization). We first show that indi-
vidually constructed systems cannot be (un)folded. As shown
in Table 4 from Sys. 0 to Sys. 5, one can see that systems trained
with a single loss can only be executed at the same depth as in
training, while incurring significant WER increases when ex-
ecuted at other depths. For example, Sys. 0 and 1 contain 12
layers and are trained at a depth of 12. However, when infer-
ence, it works only normally at the depth of 12, while resulting
in a relative WER increase of 67.2% if folded to the depth of
8. This is also the case for the 8-layer system that trained at
the depth of 8 but can not be unfolded (i.e., Sys. 2 and 3), and
the 8-layer system that trained at the unfolded depth of 12 that
can not be folded back (i.e., Sys. 4 and 5). In contrast, by using
our joint training framework, the 8-layer foldable system (i.e.,
Sys. E0 and E1) can be executed at depths of both 8 and 12. Ac-
tually, it can be executed at arbitrary depths between 8 and 12 as
we already showed in the previous sections. Finally, when the
KL-regularization term is added, the performance of the fold-
able model is further improved at any depth (i.e., Sys. KO and
K1 vs. Sys. EO and E1, respectively).

5. Conclusion

This paper introduces a novel architecture compression ap-
proach for ASR systems to effectively address essential chal-
lenges related to memory efficiency, model performance, and
adaptability to various edge device requirements. It enables the
development of a single compact model that can unfold to vari-
ous logical depths, achieving performance comparable to that of
individually constructed models while demonstrating superior
results compared to previous ASR model compression meth-
ods. The model’s capability to unfold to arbitrary depths en-
hances its versatility while minimizing memory usage and de-
velopment time associated with managing multiple larger sys-
tems, contributing to the development of resource-efficient ASR
systems suitable for constrained environments.
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