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Abstract—Large-scale Seq2Seq speech models like Whisper
excel in speech recognition but are limited by their high computa-
tional demands, making them difficult to be deployed on resource-
constrained devices. This paper introduces a novel and efficient
pruning method for compressing these models without retraining
and back-propagation, focusing on models with encoder-decoder
architectures. We adapt layer-wise pruning to large speech
models and introduce a mixed sparsity allocation strategy that
uses only forward propagation. This approach effectively reduces
model size while maintaining high performance. Evaluated on
the Whisper-large-v3 across various datasets, our method can
almost maintain Whisper’s performance and robustness with
about 60% reduction in parameters. It could also be combined
with other model compression methods such as distillation to
further reducing model size.

Index Terms—Model Compression, Pruning, Mixed Sparsity,
Large Speech Model, Encoder-Decoder Architecture

I. INTRODUCTION

Large-scale sequence-to-sequence speech recognition mod-
els, such as Whisper [1] and SenseVoice [2], have demon-
strated exceptional versatility and robustness, effectively han-
dling complex inputs across various accents, dialects, and
noisy environments. Additionally, several recent works [3]-[5]
have successfully integrated large language models into speech
recognition systems, yielding impressive results. A common
feature of these models is their massive decoders, which
possess a large number of parameters and are responsible for
transcribing the speech information extracted by the encoder
into text. These decoders excel in accurately interpreting con-
text, handling diverse linguistic structures, and generating co-
herent transcriptions, even in challenging acoustic conditions.
However, despite their impressive performance, the substantial
memory and computational demands of these models limit
their deployment on resource-constrained devices.

Pruning is an effective method for model compression, as it
reduces model size and inference computation by eliminating
redundant parameters. However, current methods lack ap-
plicability to large-scale sequence-to-sequence speech recog-
nition models with encoder-decoder architectures. Previous
works [6]-[14] have primarily focused on medium-sized self-
supervised speech representation learning models [15]-[17],
typically around 100 million parameters, which usually consist
of only an encoder. These methods are challenging to directly
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apply to large sequence-to-sequence speech recognition mod-
els with over 1 billion parameters, as they either require re-
training on the original dataset or consume significant memory
to compute Hessian matrices.

Motivated by this, we focus on developing a method for
pruning large-scale sequence-to-sequence speech models with
an encoder-decoder architecture in an efficient way that does
not require back-propagation re-training. The key contributions
of this paper are as follows:

1) We extend and improve layer-level pruning to large-
scale encoder-decoder architecture speech models, offering an
efficient pruning framework that requires minimal calibration
data while maintaining model robustness and generality.

2) We introduce a mixed sparsity allocation strategy that
relies solely on forward propagation, eliminating the need for
retraining through back-propagation. This strategy determines
an optimal allocation strategy based on the impact of pruning
on each weight and flexibly retains important parameters,
minimizing the impact of pruning on performance.

We evaluated our proposed method on Whisper-large-v3 and
various publicly available speech recognition datasets: Lib-
riSpeech [18], Common Voice [19], Tedlium [20], VoxPopuli
[21] and FLEURS [22]. The experimental results show that
our method can almost maintain Whisper’s performance and
robustness while reducing about 60% of the parameters. This
process only requires a small calibration dataset and runs for
six hours on one single GPU, without the need for retraining
on a massive dataset.

II. BACKGROUND
A. Whisper

Whisper-large is a large-scale pre-trained speech model with
1.5 billion of parameters known for its robust performance
in speech recognition. It is trained on an extensive dataset
comprising hundreds of thousands of hours of diverse audio,
including various accents, dialects, and noisy environments,
which enhances its generalization capabilities. The model
employs an encoder-decoder architecture, where the encoder
processes the input audio and the decoder generates the corre-
sponding transcription. This structure, combined with exten-
sive pre-training, endows Whisper with remarkable versatility
and robustness, enabling accurate performance across a wide
range of real-world scenarios.
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B. Layer-wise Pruning

Layer-wise pruning [23] is a model compression technique
suitable for large-scale models where each layer of the neural
network is pruned sequentially, utilizing a calibration dataset
to guide the process ensuring minimal accuracy loss. Methods
like SparseGPT [24] and Wanda [25] exemplify this approach.
In this paper, we use SparseGPT as the foundational pruning
framework where the task of pruning an entire model is
broken down into a series of steps focused on minimizing
the reconstruction error of individual weight matrices:

argming X |[[wX; — wX;||3 s.t. sparsity(w) =s. (1)

Here, the weight matrix is parameterized by w and w de-
notes the pruned weight matrix, X is the calibration dataset
containing N samples and s is the target sparsity.

The calibration dataset is passed through each layer in the
same order as data is propagated during inference. The process
can be described by the following formula:

X0 = =D

pruned

(X (=) )

where X () represents the calibration dataset for layer I, and
fzgi;}l)e 4 is the function representing the pruned layer [ — 1,

applied to the calibration datasets of the previous layer X (=1,

III. METHODS
A. Calibration-aware Layer-wise Pruning

In this section, we extend layer-wise pruning for large-
scale speech model with encoder-decoder architecture. We
propose a novel calibration-aware strategy for decoder pruning
by generating the more accurate calibration datasets. Taking
Whisper as an illustration, we use text transcribed by Whisper
itself and the hidden states output by the dense encoder
as calibration datasets for pruning the decoder. These two
improvements are illustrated in Figure 1.

Directly applying layer-wise pruning can lead to significant
performance degradation. We attribute this to the heterogene-
ity of the encoder-decoder architecture and the transcription
format used in large speech models. However, this issue can
be mitigated by modifying the calibration datasets used for
pruning the decoder. Contrary to the typical data flow in the
model, we prune the decoder first, followed by the encoder.

Pruning the decoder is slightly more complex because it
includes a cross-attention layer that processes two modalities:
text and audio. Therefore, we need to prepare separate calibra-
tion datasets for each modality. For the text modality calibra-
tion dataset used for pruning self-attention, cross-attention and
feed-forward layers, using open-source datasets’ text labels
can confuse the model due to differences in transcription
formats, resulting in degraded outputs. Whisper’s encoding
format preserves rich information such as punctuation and case
sensitivity, whereas most open-source datasets normalize text,
retaining only uppercase letters and spaces, as Figure 1 shows.
Therefore, we use texts transcribed by Whisper itself as the
text calibration set for the decoder. This strategy maximizes the
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Fig. 1. The process of pruning the decoder and generating the calibration

dataset for Whisper.

retention of Whisper’s capabilities while ensuring high-quality
and diverse transcriptions. For the audio modality calibration
dataset for pruning cross-attention, using the output of pruned
layers as the next layer’s calibration dataset can introduce
cumulative errors, especially at high sparsity levels. Errors in-
troduced by pruning accumulate across layers and significantly
impact final performance, particularly given Whisper-large’s
32-layer encoder. Additionally, due to the nature of audio data,
even a few seconds of audio can generate a large number
of frames, further increasing errors in the pruned encoder’s
output. Therefore, for the audio modality calibration dataset,
we use the output of the dense encoder to avoid misleading
the assessment of parameter importance and degrading model
performance. This rationale underlies our decision to prune
the decoder before the encoder.

After pruning the decoder, we apply standard layer-wise
pruning to the encoder of the pre-trained model, resulting in
a sparse version of Whisper.

B. Mixed Sparsity Allocation with Forward Propagation Only

Like other transformer based models [26], in large speech
models, important parameters are not uniformly distributed
across weight matrices; they tend to concentrate in specific
weights. Inspired by this observation, we propose a mixed
sparsity allocation method which assigns lower sparsity levels
to weight matrices containing more important parameters,
thereby maximizing the retention of crucial parameters in
the model. This method relies solely on the model’s forward
propagation, eliminating the need for gradients and Hessian
matrices required by previous methods, and enables efficient
identification of an optimal sparsity allocation from a vast
search space in a short time.

We use the reconstruction error between the pruned weight
matrices and the original weight matrices, which is positively
correlated with the sparsity, as an indicator of the deviation
caused by pruning on the output of the weight matrix and
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Fig. 2. The reconstruction error with respect to different sparsity of the
fully connected layer 2 in certain layers of Whisper-large-v3’s decoder. The
maximal sparsity that ensures the reconstruction error is below the threshold
is set as the target sparsity.

Algorithm 1 Proposed mixed sparsity allocation method.

Inputs: candidate sparsity set S, calibration dataset X, Whisper
model f(X; W), dictionary of thresholds for reconstruction error

for each candidate sparsity s in S do
for each weight matrix w in W do
Prune w to s and record the reconstruction error[w][s]
end for
end for
for each weight matrix w in W do
C[w] = max {s € S | reconstruction error[w][s] < T[w]}
end for
Return: Mixed sparsity configuration C

can be obtained during forward propagation. By controlling
the sparsity, we aim to keep the reconstruction error of each
weight matrix below a reasonable threshold, reducing the
difference between the outputs of the pruned and original
weight matrices.

As illustrated in Figure 2, we first record the reconstruction
error of each weight matrix under all candidate sparsity
conditions. Then, we set a threshold for the reconstruction
error of each weight matrix and select the maximal sparsity
in the set of candidate sparsity S that satisfies. To reduce
the complexity of selecting the threshold, we categorize the
model’s weight matrices into groups, with each group sharing
a common threshold. In this work, the thresholds are manually
set as hyper-parameters to ensure the model’s overall sparsity
meets the required constraints. The overall calculation process
is presented in Algorithm 1.

IV. EXPERIMENT

A. Experimental Setup

Models. In this work, we use Whisper-large-v3 to evaluate our
proposed methods. Only its encoder and decoder are targeted
for pruning, as they constitute the majority of the model’s

size. Additionally, we prune Distil-Whisper-large-v3’s encoder
to demonstrate that our method can be effectively combined
with knowledge distillation.

Data. We evaluated the pruned models across various test
sets to demonstrate that our method preserves Whisper’s
robustness. For English speech recognition, we selected the
LibriSpeech test clean, LibriSpeech test other, TED-LIUM
3, Common Voice 5.1, VoxPopuli.en, and Fleurs.en datasets.
To assess multilingual speech recognition, we used French,
German, Spanish, and Italian test sets from the Multilingual
LibriSpeech [27] dataset.

Pruning. The calibration dataset consists of 2,048 ran-
domly sampled entries from the LibriSpeech train.500
dataset. We divide Whisper’s weight matrices into eight
groups: (self_attn.k/q/v_proj), (self_attn.out_proj), (fcl), (fc2)
of all encoder layers and (self/encoder_attn.k/q/v_proj),
(self/fencoder_attn.out_proj), (fcl), (fc2) of all decoder layers.
The thresholds of reconstruction error for 60% total sparsity is
(0.5, 0.05, 3, 0.05, 0.5, 0.05, 3, 0.05). The candidate sparsity
levels form an arithmetic sequence ranging from 0.3 to 0.8
with a common difference of 0.01. It takes 5.5 hours on a
single RTX 4090 GPU to obtain the reconstruction error for
each sparsity level and another 0.5 hours for pruning.
Baseline. The standard magnitude pruning method is chosen
as the baseline because it selects parameters for pruning
solely based on their absolute values, without the need for
a calibration dataset or retraining.

B. Main Result

We evaluate the automatirc speech recognition performance
of the pruned model on the test sets of LibriSpeech, Common
Voice, Tedlium, VoxPopuli, and FLEURS to demonstrate that
our method maintains the model’s performance and robustness
across various domains.

As shown in Table I, our method delivers much more
accurate models than magnitude pruning and SparseGPT on
every dataset. It can reduce 50% of parameters in Whisper-
large-v3 almost with neglected degradation, and the parameter
reduction can further increase to 60% with less than relative
10% accuracy degradation compared to the dense model. In
contrast, WER will degrade more than relative 50% for the
SparseGPT with 60% sparsity.

Compared to Distil-Whisper: distil-large-v3 with 756M pa-
rameters, the sparse Whisper-large-v3 pruned by our method
with 60% sparsity and only 657M parameters exhibits better
performance across all datasets. Moreover, our method does
not require extensive computational resources for retraining in
Distil-Whisper, making it more efficient.

C. Combined with distillation

We also pruned the encoder of Distil-Whisper: distil-large-
v3, as it shares the same encoder architecture with Whisper-
large-v3, and the results are illustrated in the bottom part
of Table I. T he performance of the pruned distilled model
closely matches that of the original, demonstrating that our
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TABLE I
ENGLISH AUTOMATIC SPEECH RECOGNITION PERFORMANCE ON VARIOUS DATASETS MEASURED BY WORD ERROR RATE (%)

| Method | Params | Sparsity | Libriseech Clean | Librispeech Other | Tedlium | Common Voice | VoxPopuli | Fleurs | Avg |

| Whisper-large-v3 |

| Dense | 1550M | 0% | 2.02 \ 391 | 389 | 8.56 | 732 | 403 | 496 |
Magnitude 807 M 50% 6.22 20.02 9.18 44 .41 26.62 16.11 20.43
Ours 807 M 50% 2.01 4.07 3.42 9.27 7.85 4.22 5.14
SparseGPT 657 M 60% 3.47 6.85 4.47 12.23 9.67 7.55 7.37
Ours 657 M 60% 2.12 4.24 3.51 9.81 7.94 4.77 5.39
SparseGPT 507 M 70% 6.88 11.12 10.66 25.49 16.19 20.11 15.08
Ours 507 M 70% 2.73 6.57 4.23 20.25 9.06 7.82 8.44

| Distil-Whisper: distil-large-v3 |

| Dense | 756 M | 0% | 251 \ 5.17 | 386 | 1085 | 823 | 581 | 607 |
Magnitude 394 M 50% 204.52 214.98 171.04 367.06 193.62 290.37 | 240.27
Ours 394 M 50% 2.54 5.47 3.92 11.87 8.41 6.22 6.41

nd —&— original SparseGPT with fewer parameters, offering more options for practical
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Fig. 3. Ablation study across different sparsity levels
method can be effectively combined with knowledge distilla-
tion to achieve a higher compression ratio. Notably, the pruned
DistilWhisper with 394 million parameters at 50% sparsity
significantly outperforms the pruned Whisper-large-v3 with
507 million parameters at 70% sparsity, despite having fewer
parameters. This highlights that the combination of pruning
and distillation can achieve a higher lossless compression ratio
while maintaining better performance.

D. Comparison across Different Sparsity Levels

In Figure 3, we present an ablation study to assess the effec-
tiveness of our proposed methods across different sparsity lev-
els: 50%, 60%, and 70%. The performance is quantified by the
word error rate (WER) on the Librispeech test-other dataset.
Our results indicate that the methods we propose are effective
across all sparsity levels, with more pronounced improvements
at higher sparsity. Specifically, incorporating Whisper’s own
transcriptions as the calibration dataset significantly leveraging
the full encoder output for calibration enhance the pruned
model’s performance across all levels of sparsity. Furthermore,
our innovative mixed sparsity allocation method provides an
additional performance boost, underscoring the robustness and
versatility of our approach. These improvements make the
pruned Whisper-Large-v3 model with 60% sparsity perform
nearly on par with the original model, while significantly sur-
passing Whisper-Medium and DistilWhisper in performance

E. Multilingual Speech Recognition Performance

TABLE I
MULTILINGUAL AUTOMATIC SPEECH RECOGNITION PERFORMANCE ON
MULTILINGUAL LIBRISPEECH MEASURED BY WORD ERROR RATE (%)

| Method | Params | Sparsity | fr | de | es | it |

| Dense | 1S50M | 0% | 452 | 429 | 281 | 848 |
Magnitude 807 M 50% 39.52 | 44.66 | 19.37 | 34.45
SparseGPT 807 M 50% 5.71 5.63 3.44 10.25
Ours 807 M 50% 5.48 541 3.09 9.53

Although we used only English data as the calibration
dataset for pruning, the pruned model still performed remark-
ably well when recognizing the multilingual datasets, as shown
in Table II. Compared to the original dense Whisper-large-
v3, the pruned model using the proposed method with 50%
sparsity can keep the WER degradation around relative 10%
cross the multilingual corpus without retraining, which is much
smaller compared to the baseline Magnitude and SparseGPT
approaches. This demonstrates that our new method is more
effective on preserving the model’s multilingual capabilities.

V. CONCLUSION

In this work, we proposed an efficient pruning method for
large-scale Seq2Seq speech models like Whisper, significantly
reducing model size while maintaining performance. Our
approach requires minimal calibration data and no retrain-
ing, while preserving the model robustness across multiple
languages and domains. This method enhances the feasibility
of deploying advanced speech models on resource-constrained
devices and could be combined with knowledge distillation.
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