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Abstract
Powered by self-supervised learning (SSL) on vast amounts

of unlabeled data, a computationally intensive audiovisual
encoder—a hybrid architecture combining ResNet and trans-
former in series—achieves state-of-the-art performance in audio-
visual speech recognition (AV-ASR). In this work, we are the
first to apply joint distillation and pruning (DP) with a teacher-
student model for an efficient and noise-robust audiovisual en-
coder. First, we compress the transformer of the AV encoder.
Second, we extend joint DP to both the ResNet and transformer
of the hybrid AV encoder. In addition, we provide analyses on
the teacher and the final student, respectively. With a similar
number of parameters, our proposed student outperforms the
previous state-of-the-art in clean condition (word error rate of
3.1% vs. 4.6%) and across all noisy conditions, while at the same
time reducing computational complexity by 31.8%. Our code is
at GitHub1.
Index Terms: audiovisual speech recognition, pruning, distilla-
tion, efficient and robust networks

1. Introduction
Since the psychological finding that speech perception is inher-
ently multimodal [1, 2], researchers have been developing audio-
visual speech recognition (AV-ASR) systems, which recognize
the spoken utterance by incorporating speakers’ lip movements
to complement the speech modality [3, 4, 5, 6, 7]. Compared
to ASR based on acoustics, AV-ASR has demonstrated superior
performance in noisy and multi-speaker conditions [8, 6, 5]. The
noise robustness of AV-ASR systems facilitates their deployment
in smart home devices [9] and automobiles [10].

Recent AV-ASR systems usually comprise an encoder (light
green background color in Fig. 1) and an autoregressive de-
coder [6, 8, 11]. The encoder is generally a hybrid architec-
ture containing two serially connected components: The first
is an audiovisual frontend (red blocks in Fig. 1) responsible
for feature extraction, where convolutional neural networks
(CNNs) [4, 12, 8, 7] are widely used to process video inputs due
to their parameter efficiency in vision tasks compared to vision
transformers [13, 14]. The second component consists of serially
stacked encoder blocks (dark green blocks in Fig. 1) for modeling
temporal dependencies, which has undergone a paradigm shift as
in natural language processing (NLP) from CNNs [15] and recur-
rent neural networks (RNNs) [16] to transformers [17, 6, 18, 19].
Hybrid AV encoders built by CNNs and transformers are usu-
ally pre-trained either separately [4] or jointly [6, 18] to achieve
better initialization for fine-tuning on AV-ASR tasks. The re-
cent audiovisual hidden unit BERT (AV-HuBERT) [18] is a

1https://github.com/ifnspaml/Efficient-AVASR
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Figure 1: Teacher-student architecture proposed in this work.
The student is initialized by the teacher. The dashed blocks in
the student have prunable modules shown in Table 1 in bold.

hybrid AV encoder pre-trained jointly by self-supervised learn-
ing (SSL) on 1,759 hours of unlabeled audiovisual data, re-
sulting in an AV encoder with 103M (AV-HuBERT base)
or 325M (AV-HuBERT large) parameters. AV-HuBERT
achieves state-of-the-art performance combined with transformer
decoders on AV-ASR tasks [8, 20, 21]. However, such compu-
tationally heavy systems fail to meet the energy and memory
efficiency requirements of edge devices.

Compression of SSL-pretrained models has been explored
in NLP [22, 23, 24], ASR [25, 26, 27], and AV-ASR [7]. Knowl-
edge distillation by a teacher-student architecture is one of
the most commonly employed methods [22, 23, 25, 26]. In
ASR tasks, increasing the depth and reducing the feature di-
mensions of transformers lead to deeper and thinner student
models, which outperform shallower students [28]. This im-
provement is attributed to more layers (network depth) extract-
ing more linguistic information which is beneficial for speech
recognition [29, 11]. However, the student architecture must
be manually designed and fixed during distillation. Structured
pruning is another widely used compression method in SSL-
pretrained models [24, 27, 30], allowing an encoder to learn an
optimal architecture. However, only transformers are typically
pruned [24]. Peng et al. [27, 30] utilized joint distillation and
pruning to ASR based on acoustics. In AV-ASR, the visual fron-
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tend, often based on ResNet for video processing, has a small
amount of parameters but usually accounts for the majority of
computational complexity in an AV encoder. Li et al. [7] ap-
plied teacher-student distillation for an AV encoder and achieved
state-of-the-art performance in the respective model size regime.
However, replacing the pre-trained ResNet-based visual fron-
tend with a small ShuffleNetv2-based frontend results in
performance degradation.

In this work, we propose joint distillation and pruning (DP)
within a teacher-student framework to develop efficient AV en-
coders and evaluate their performance on AV-ASR tasks. First,
we perform an analysis of the hybrid teacher AV encoder, re-
vealing an unbalanced distribution of computational complexity
and a parameter count in the range between the ResNet-based
visual frontend and the transformer blocks. Second, we apply
joint DP to transformer blocks in the AV encoder. Third, we
extend joint DP to both the visual frontend and the transformer
blocks in the hybrid AV encoder, demonstrating that computa-
tional complexity can be significantly reduced while improving
performance and robustness. In addition, we present the learned
student encoder to highlight the importance of different layers.

The paper is structured as follows: In Section 2, we introduce
our proposed methods for AV encoding. In Section 3, following
the experimental setup, we present results and discussion on the
LRS3 AV-ASR task. The paper is concluded in Section 4.

2. Joint Distillation and Pruning
for the AV Encoder

In Fig. 1, we apply joint distillation and pruning (DP) with our
proposed teacher-student framework for the audiovisual (AV)
encoder. The frozen teacher and the student take the same image
sequence v1:T=(v1,v2, . . . ,vT ) and audio feature sequence
a1:4T=(a1,a2, . . . ,a4T ) as input. In our case, the frame rate is
25 Hz (video) and 100 Hz (audio), causing the fourfold length 4T
of the audio feature sequence. The teacher encoder is pre-trained
and frozen. The student encoder is initialized by the teacher
encoder with the same architecture and weights. The dashed
blocks have prunable modules, e.g., a convolutional channel, a
single attention head, or the intermediate units in feed-forward
networks of the transformer encoder blocks. The distillation oc-
curs layer-to-layer with up to L fully connected layers as shown
in the purple background, which is explained in the following.
Model distillation: As shown in Fig. 1, for layer-to-layer distilla-
tion, the projected intermediate feature sequence fℓ,1:T = (fℓ,t)
with fℓ,t ∈ Rd from certain student encoder blocks is learned
to match the learning targets from the teacher encoder blocks
f ℓ,1:T = (f ℓ,t). The distillation loss of an utterance with the
video length of T frames is (()⊤ denotes the vector transpose)

Jdist =
1

|L|
∑
ℓ∈L

(
Jcs
ℓ + βJL1

ℓ

)
(1)

=
1

|L|
∑
ℓ∈L

(
−

∑
t∈T

log σ
( f⊤ℓ,t · f ℓ,t
∥fℓ,t∥ · ∥f ℓ,t∥

)
+ β

∑
t∈T

1

d
∥fℓ,t − f ℓ,t∥1

)
with ℓ ∈ L = {0, 4, 8, 12} indexing those encoder blocks con-
tributing to the loss. The loss term in block ℓ consists of a cosine
similarity loss Jcs

ℓ and an L1 loss JL1
ℓ scaled by a hyperparam-

eter β = 0.1 for all experiments. The sigmoid function σ() is
applied to the cosine similarity to stabilize the training.
Joint distillation and pruning through L0 regularization:
The student encoder is parameterized by a set Θ with trainable

modules as its elements. Among these, the student encoder
includes prunable modules θm ∈ Θ indexed by m ∈ M =
{1, 2, . . . ,M}, where M is the total number of prunable mod-
ules. We prune each module θm by applying a binary mask
zm ∈ {0, 1}, resulting in pruned modules θ̂m = zm · θm. The
set of non-zero modules forms a subset Θ̂ ⊆ Θ. The count of
non-zero elements in the set of pruned modules Θ̂ is represented
as an L0 term λ∥Θ̂∥0 weighted by a hyperparameter λ ∈ R+,
which can be added to the loss function (1) to penalize non-zero
parameters and to promote a sparse model.
However, the discrete binary masks zm ∈ {0, 1} are not dif-
ferentiable and cannot be optimized jointly with the student’s
modules Θ. To make the masks zm differentiable, Louizos et
al. proposed masks zm ∈ [0, 1] following a hard concrete dis-
tribution zm ∼ p(zm;αm) with a trainable parameter αm [31].
We denote all masks as a set Z = {zm}Mm=1 and all trainable
parameters of the mask distributions as a set A = {αm}Mm=1.
To control sparsity during pruning, Wang et al. [24] applied the
augmented Lagrangian method, reformulating the objective func-
tion as an adversarial game. For detailed derivation, please refer
to [31, 24]. Here we give the final objective function:

max
λ1,λ2

min
Θ,A

EZ∼p(Z;A)

 1

|D|
∑

(a1:4T ,v1:T )∈D

Jdist


+ λ1 · (ρ(A)− τ) + λ2 · (ρ(A)− τ)2,

with Z ∼ p(Z;A) : zm ∼ p(zm;αm), ∀m ∈ M

where the model’s sparsity during pruning is ρ(A) ∈ [0, 1]
defined in [24] and the target sparsity is a hyperparameter
τ ∈ [0, 1]. The training dataset D has in total |D| utterances.
The trainable modules Θ of the student encoder and the mask dis-
tributions’ parameters A = {αm}Mm=1 are updated by gradient
descent, while the trainable Lagrange multipliers λ1, λ2 ∈ R are
updated by gradient ascent, which will increase the training loss
continuously unless the equality constraint between the current
sparsity ρ(A) and the target sparsity τ is satisfied, ensuring the
desired model size [24, 30].
Structured pruning for the hybrid AV encoder: The student
encoder comprises three types of prunable modules: (1) The
attention heads in multi-head attention of the transformer blocks,
where we apply mask vectors zℓ′ = (zµ, ..., zµ+H−1) with
scalar elements for each head with index h ∈ H={1, . . . , H}
of the in total H = 12 attention heads per transformer encoder
block. The encoder block index is ℓ′ ∈ L′ = {1, . . . , L}, and
we have in total L encoder blocks. We have a starting index µ
related to m and zm ∈ Z . (2) The expanded intermediate dimen-
sion 4d of the FFN layers in the transformer blocks, to which
we apply mask vectors zn=(zµ, . . . , zµ+4d−1) with a starting
index µ related to m (and zm ∈ Z) in the n-th transformer
encoder block following [32, 27]. (3) Output channels in the
ResBlocks of the AV frontend. The ResNet-18-based visual
frontend consists of eight serially connected ResBlocks indexed
by j ∈ {1, 2, . . . , 8}, which includes ResBlock-B’s with projec-
tion shortcut and ResBlock-A’s with identity shortcut. Each Res-
Block has two activation functions indexed by b ∈ {1, 2}, one
within the shortcut indexed by b = 1, and the other one outside
the shortcut indexed by b = 2. Except the first two ResBlock-
A’s, we apply mask vectors zj,b=(zµ, . . . , zµ+Cj,b−1) with a
starting index µ related to m (with zm ∈ Z) to the Cj,b output
channels after the activation functions. Due to the identity short-
cut in ResBlock-A, the second mask vector in ResBlock-A’s zj,2
has to be the same as the second mask vector in the preceding
block zj−1,2 to avoid dimensional inconsistencies.
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3. Evaluation and Discussion
3.1. Experimental Setup

Databases and pre-processing: We train and evaluate our mod-
els on the Lip Reading Sentences 3 (LRS3) audiovisual speech
recognition task, which is the largest publicly available labeled
English AV-ASR dataset with 433 h training data collected from
TED and TEDx talks [33]. We follow the pre-processing pipeline
for the LRS3 dataset detailed in [18]: For input audio features,
we extract 26-dimensional log-filterbank outputs from raw audio
sampled at 16 kHz with a 25 ms window and a frame shift of
10 ms, yielding 100 audio frames per second. For video frames
sampled at 25 Hz, we convert them to grayscale and crop them
to a 96× 96 region of interest based on the face alignment.
Joint pruning and distillation: Based on the PyTorch-based
fairseq sequence-to-sequence toolkit [34], we implement the
teacher-student model to perform joint distillation and pruning
(DP) for AV encoders. The joint DP procedure consists of two
steps. First, the student model is initialized with the teacher’s
weights and jointly distilled and pruned for 50k updates to the
target sparsity τ . The learning rates are adjusted using a lin-
ear decay learning rate scheduler with 0.0002, 0.02, 0.02 peak
learning rates for the model parameters and auxiliary parameters
{αm}Mm=1, λ1, λ2, respectively, and using 15k warm-up steps.
Second, the student model is further distilled using the teacher
from step one for 25k updates to improve the performance. The
learning rate is adjusted using a linear decay learning rate sched-
uler with 0.0001 peak learning rate and 5k warm-up steps. The
noise-augmented AV-HuBERT base2 is used as the teacher
model and remains frozen. The target sparsity is linearly in-
creased to the specified value using a warm-up phase of 5k steps.
The hard concrete masks are sampled for each training batch and
shared among the training samples within the batch.
Fine-tuning for AV-ASR: For a fair comparison, we employ
the same decoder architecture as the baseline method [8] for
fine-tuning the models across all experiments. The decoder
network comprises six transformer decoder blocks with 57M
parameters. The outputs of the encoder-decoder architecture
are subword tokens generated by SentencePiece [35] with
a vocabulary size of 1000. The fine-tuning process is done using
the PyTorch-based fairseq toolkit. To ensure comparabil-
ity, we adhere to the fine-tuning setup outline in [7]: The entire
encoder-decoder model is fine-tuned for 60k updates. The en-
coder is frozen for the first 48k updates. We apply the same data
augmentation as in AV-HuBERT [8], where 25% of the training
data is augmented with noise chosen from babble, music, natural
noise, and second interfering talker condition at a signal-to-noise
ratio (SNR) of 0dB. There is no speaker overlap in babble noise
and second interfering talker condition among different splits.
Evaluation in noisy environments: To add noise to our speech
data, we exactly follow [8]. First, babble noise is generated by
mixing utterances from 30 different speakers from the MUSAN
dataset [36], with each speaker exclusively assigned to either
the training, validation, or test partition. We also evaluate our
approaches under conditions of speech with music noise and a
second interfering talker from the LRS3 dataset.

3.2. Results and Discussion

Analysis of the teacher model: Table 1 reports the number of
parameters (M) and computational complexity (MFLOPs/frame)
of each block in the AV-HuBERT base teacher encoder, which

2https://github.com/facebookresearch/av_hubert

Table 1: Number of trainable parameters and FLOPs per frame
for each block of the teacher (AV-HuBERT base) model. Bold
blocks have prunable modules. A tab indicates a sub-block. The
video extractor is a modified ResNet-18. The ResBlock-A(64)
appears 2 times in the ResNet-18. AV-HuBERT base con-
tains a stack of 12 encoder blocks.

Block Parameters FLOPs
(M) (M/frame)

AV-HuBERT base [18] 103 818.8
Audio Extractor < 1 < 1.0
Video Extractor (ResNet-18) 12 633.2

ResBlock-A(64) (×2) < 1 71.8
ResBlock-B(128) < 1 55.8
ResBlock-A(128) < 1 71.6
ResBlock-B(256) 1 66.2
ResBlock-A(256) 1 85.0
ResBlock-B(512) 4 66.2
ResBlock-A(512) 5 85.0
Other < 1 59.8

Modality Fusion 1 2.0
Positional Encoding 5 10.0
Encoder Block (×12) 7 14.0

Multi-head attention (MHA) 2 5.0
Feed-forward network (FFN) 5 9.0

comprises 103M parameters and needs 818.8 MFLOPs/frame.
An imbalance between parameter count and computational
complexity in the ResNet and transformer blocks is ob-
served: The ResNet-based video extractor has only 12%
of the encoder’s parameters (12M vs. 7M× 12) but requires
77% of the computational complexity (633.2 MFLOPs/frame
vs. 14.0 MFLOPs/frame × 12). The prunable modules in the
blocks marked in bold sum up to 97M parameters and 597.8
MFLOPs/frame (i.e., 94% and 73% of the entire teacher en-
coder’s parameters/complexity, respectively), which are targeted
by our proposed joint distillation and pruning (DP) method.
Main joint DP results: Table 2 presents the results of the teacher
model in the upper table segment and several student models are
shown below. We compare the student models in terms of the
model size (#Pars.), computational complexity (MFLOPs/frame),
and word error rate (WER) under clean conditions and various
noisy conditions at an SNR of -5dB, 0dB, and 5dB.
The upper table segment (ID=1) shows the teacher model, which
achieves a 1.8% WER on the test set under clean condition.
However, it consists of 103M parameters and requires 818.8
MFLOPs/frame. The second table segment (ID=2) displays
Distil-AV-HuBERT [7], which is compressed solely by dis-
tillation to an efficient student model with 32M parameters. At
its model size, Distil-AV-HuBERT achieves state-of-the-art
(SOTA) performance so far, yielding a 4.6% WER under clean
condition and 20.2% WER in 0dB babble noise on the test set.
The last three table segments demonstrate our proposed student
models, which are compressed by applying joint DP to various
modules at different sparsity levels τ . All of these three proposed
models outperform the previous SOTA student [7] under clean
and noisy conditions, even the smallest student model (ID=5)
with 34.7% fewer parameters (20.9M vs. 32.0M), showing the
effectiveness of joint DP for an efficient noise-robust AV encoder.

Our best performing student model (ID=4) applies joint DP
to both the ResNet and tranformer in the hybrid AV encoder,
surpassing the previous SOTA Distil-AV-HuBERT [7] with
a 32.6% relative improvement (WER of 3.1% vs. 4.6%) under
clean conditions on the test set and yields superior performance
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Table 2: WER (%) on the validation and test set of LRS3 with a video frame rate of 25Hz. The results of the teacher model are presented
in the first table segment. The second segment displays the results of the state-of-the-art Distill-AV-HuBERT [7]. The results with
our proposed joint DP are shown in the last three segments. Models are tested in babble noise, second interfering speaker condition (2nd
Speaker), and music interference at various SNRs. The best scores are in bold (except teacher SOTA), the second best underlined.

ID Model Compressed
Module

Sparsity↑ # Pars.↓ FLOPs↓ Clean↓ SNR Babble↓ 2nd Speaker↓ Music↓
τ (%) (M) (M/frame) val test (dB) val test val test val test

1
AV-HuBERT base [18]

(teacher, SOTA) 0 103.0 818.8 6.0 1.8
-5 21.9 16.7 11.0 6.0 11.9 6.9

- 0 12.4 6.4 8.9 4.0 8.6 3.9
5 8.5 3.5 7.6 2.9 7.3 2.9

2
Distil-AV-HuBERT [7]
(so-far SOTA for <40M) Transformer 69 32.0 674.0 - 4.6

-5 - - - - - -
0 - 20.2 - 17.5 - -
5 - - - - - -

3 Joint DP
(ours) Transformer 65 35.9 682.0 8.6 3.8

-5 41.8 33.5 27.9 22.9 23.4 18.1
0 23.8 15.3 18.5 14.1 16.2 9.4
5 14.7 8.4 13.9 9.0 12.2 6.4

4 Joint DP
(ours)

ResNet
+

Transformer
70 31.0 459.6 8.1 3.1

-5 41.2 32.4 25.4 19.5 23.1 16.2
0 22.8 14.4 17.3 12.0 15.5 8.6
5 13.9 6.9 12.9 7.6 11.9 5.8

5 Joint DP
(ours)

ResNet
+

Transformer
80 20.9 391.4 9.2 4.2

-5 46.6 38.0 32.3 27.7 27.4 20.3
0 26.5 17.6 21.9 16.3 18.3 11.1
5 16.0 9.5 15.8 10.2 12.8 7.7

across all noisy conditions, while simultaneously reducing the
computational complexity by 31.8%.
It is worth to note that our best performing student with com-
pressed ResNet and transformer (ID=4) exceeds our student
model with only compressed transformer (ID=3) in clean con-
dition (WER of 3.1% vs. 3.8%) and across all noise conditions
even with fewer parameters (31.0M vs. 35.9M) and fewer com-
putations (459.6M vs. 682.0 MFLOPs/frame). This reveals the
necessity to compress both the ResNet and transformer in the
hybrid AV encoder for efficient noise-robust AV-ASR.
Pruned architecture of student models: Figure 2 illustrates
the pruned architecture of our proposed students (ID=3,4,5) of
Table 2. The upper subfigure displays the number of channels in
the ResBlocks j with activation function index b (referred to j.b)
of the visual frontend, where the gray student (ID=3) has the
same number of convolutional channels as the teacher, while the
blue (ID=4) and red (ID=5) students have less channels due to
joint DP. Accordingly, these two students saved parameters and
reduced computational complexity in the visual frontend. The
center subfigure presents the number of attention heads, while
the bottom subfigure shows the number of intermediate units of
the FFN in transformer blocks. For reference, each transformer
encoder block in the teacher model has 12 attention heads and
an FFN intermediate dimension of 3,072. After joint DP, all
three student models end up having much less attention heads
and much smaller intermediate FFN dimensions, with a rising
tendency towards later encoder blocks (see, e.g., ℓ′=8, 11, or
12). These late encoder blocks are responsible for extracting
linguistic information, which is beneficial for ASR tasks [29, 37].
Compared to the gray student (ID=3, 35.9M parameters), the
best performing blue student (ID=4, 31.9M parameters) has more
attention heads and more intermediate units particularly in later
blocks, achieving a more efficient and noise-robust architecture
by applying joint DP to both ResNet and transformer.

4. Conclusions
In this work, we presented a teacher-student framework to com-
press a hybrid audiovisual (AV) encoder for automatic speech
recognition (ASR) composed of a ResNet-based AV frontend
and transformer blocks. Building on our analysis of the hybrid
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Figure 2: Pruned architectures of our three proposed students
compressed by joint DP, chosen from ID=3,4,5 in Table 2.

teacher AV encoder, we carefully design joint distillation and
pruning (DP) methods. At a similar model size, compared to
the previous state-of-the-art (distillation-only) model, our best
performing DP model achieves a 32.6% relative improvement
in clean conditions (WER=3.1% vs. 4.6%) and yields superior
performance across all noisy conditions, while simultaneously
reducing the computational complexity by 31.8%. By applying
joint DP to both ResNet-based visual frontend and transformer
in the hybrid AV encoder, we thereby claim a new state of the
art in the regime ≈20 ... 35 M parameter AV encoders.
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