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Abstract

Speech foundation models achieve strong generalization across
languages and acoustic conditions, but require significant com-
putational resources for inference. In the context of speech
foundation models, pruning techniques have been studied that
dynamically optimize model structures based on the target au-
dio leveraging external context. In this work, we extend this
line of research and propose context-driven dynamic pruning,
a technique that optimizes the model computation depending
on the context between different input frames and additional
context during inference. We employ the Open Whisper-style
Speech Model (OWSM) and incorporate speaker embeddings,
acoustic event embeddings, and language information as addi-
tional context. By incorporating the speaker embedding, our
method achieves a reduction of 56.7 GFLOPs while improving
BLEU scores by a relative 25.7% compared to the fully fine-
tuned OWSM model.

Index Terms: Pruning, Dynamic Pruning, Speech Foundation
Model, Speech to Text, Speech Recognition

1. Introduction

Training large neural networks on large-scale speech datasets
has achieved significant success in various speech-related
tasks [1-4]. These speech foundation models demon-
strate strong generalization ability and robustness across lan-
guages [3], speakers, and acoustic conditions [1]. While
these large models achieve high performance, the use of large-
scale models with billions of parameters requires substantial
computational resources. Several approaches have been pro-
posed to mitigate these challenges, including knowledge distil-
lation [5-7], quantization [8—10], pruning [11-15], or combina-
tion of these techniques [10, 16].

Among these lines of work, recent research has focused on
pruning techniques that dynamically adjust model computation
during inference, including frame skipping or temporal prun-
ing [17, 18], early exit [19-21], and structured dynamic prun-
ing for large speech models [15,22]. Specifically, Someki et
al [15] proposed a dynamic pruning method for speech founda-
tion models that leverages speech features, task characteristics,
and language to adapt the model architecture during inference.
They introduced a Global Gate Predictor (globalGP) that gener-
ates pruning masks from the input speech and applied dynamic
pruning during inference. However, since this method deter-
mines pruning masks for all modules based on input, it cannot
account for layer-wise output variations across utterances.

Based on these trends, this study proposes a pruning mech-
anism named the Local Gate Predictor (localGP), which ap-

fCurrently at Apple.

plies pruning decisions at each layer independently, in contrast
to globalGP, which applies a uniform pruning mask across all
layers. We designed localGP to adaptively generate pruning
masks based on context that varies across inferences. We en-
hance encoder pruning by conditioning on external contexts in-
cluding speaker embeddings ( ECAPA_TDNN [23]), acoustic
event feature (BEATSs [24]), and language information (URIEL
lang2vec [25]), We further propose training the localGP at the
token level, allowing different modules to be used depending
on token history, and analyze the improvements in performance
and pruning characteristics. Since localGP utilizes external con-
text at each layer, it is more effective at incorporating contextual
information compared to globalGP, which applies pruning deci-
sions uniformly without considering the internal computations
of the model. Our contributions can be summarized as follows:
* We propose localGP, a model designed to utilize various ex-
ternal contexts that dynamically change during inference.

* We enhance encoder pruning by integrating speaker em-
beddings and acoustic events, reducing 56.7 GFLOPs while
boosting BLEU by 25.7% and preserving ASR performance
comparable to the fully fine-tuned OWSM model.
Analyzing pruning patterns in Section 4.4 and Section 4.5,
we found that encoder-side pruning behaves similarly to a
voice activity detection (VAD) system, while decoder-side
pruning shows distinct patterns for specific token types.

2. Preliminaries and Related Works
2.1. Related Works

Pruning techniques for speech processing models have been
extensively studied [11, 14, 26, 27]. However, in these ap-
proaches, the pruning mask is determined either during or af-
ter training and remains fixed during inference. As a result,
the sparse pattern is static regardless of the input data during
inference. Therefore, while such methods improve computa-
tional efficiency, they do not account for contextual information,
which may prevent the model from achieving optimal perfor-
mance. To mitigate this limitation, recent research has explored
approaches that dynamically adjust the model structure during
inference [15, 19, 21, 22, 28, 29], enabling more adaptive and
context-aware pruning. Following this trend, our study further
advances pruning methods that dynamically modify the model
during inference and explores their applicability. Furthermore,
we propose localGP that leverages pretrained models to extract
context information, enabling dynamic pruning conditioned on
a more diverse set of contextual factors during inference.
Previous research has explored pruning input data for mod-
els [30]. This approach has been adopted in many speech pro-
cessing models to shorten input length. In recent years, dy-
namic pruning techniques have also been developed in this do-



Algorithm 1 Local Gate Predictor for layer ¢

. c c
Require: Ciey € R™*P P Cype € RTXP7 5P
Require: z' € R7*1xP > x; is used as a query.

gates < ]
a’ < Softmax(z* x C’kgy, dim = —1) p RTx1xDC
at < a* X Cyane + 2° b RTX1xD
for n = 1toNdo _

pn < t(Linear,(a*), dim = —1) b RTX1x2

gates.append(pr[0])

end for _
Ciey < concat ((Ciey, x*), dim = 1)

Clane < concat ((Clae, Linear(z")), dim = 1)
return gates, Chey, Cualue

main [18,31]. However, these methods either provide frames
reduced by a fixed ratio regardless of speech information or per-
form frame pruning using only speech input. In this study, we
leverage external context captured by localGP to apply optimal
input data pruning to each module within the model (e.g., self-
attention). We refer to this approach as temporal pruning, as
it dynamically subsamples frames based on contextual infor-
mation rather than pruning entire module computations for all
frames in an utterance. Additionally, we compare its perfor-
mance with utterance-wise pruning, which removes computa-
tions at the utterance level, and discuss the results in Section 3.2.

2.2. Dynamic Pruning

Let z be the pruning mask, 6 the model parameters, f(-)
the neural network subject to pruning, and x the input to the
model. The output y of the pruned model is computed as
7= f(x;00z2), ze{0,1}/% where|d| represents the num-
ber of parameters, and ©® denotes element-wise multiplication.
Typically, z is generated as a binary mask by applying a thresh-
old to probabilities computed by another neural network g. For
context-aware dynamic pruning, function g takes the context C'
as its input. However, performing such discretization during
training results in non-differentiability, causing the gradient to
become zero and making parameter updates difficult.

To address this issue, Someki et al [15] proposed using
the Straight-through Gumbel-softmax Estimator (SGSE) [32],
which enables the pruning mask to remain binary during train-
ing, thereby ensuring consistency between training and infer-
ence computations. Specifically, letting ¢(-) denote the SGSE
function, the output § is computed as § = f(x;0 © t(g(-))).

Since t(+) is based on the softmax function, it cannot com-
pute a probability for a single value like the sigmoid function.
To overcome this, the output of g(-) is formulated as a two-class
classification problem, and the probability for one class is used
as the pruning mask. During inference, a similar computation
is performed using the softmax function, where a threshold is
applied to the probability of the class representing the pruning
mask to determine the final binary pruning mask. This approach
ensures that the pruning decision follows the same computa-
tional flow in both training and inference, maintaining consis-
tency and stability in the pruning process.

2.3. Global Gate Predictor.

In globalGP [15], the parameter set § encompasses the mod-
ules within both the encoder and decoder, with the pruning
probabilities for all modules computed simultaneously. Specif-
ically, the set of encoder modules is defined as My =

{self-attn’, cgMLP’, ...}, comprising the feed forward net-
work (FFN), self-attention (self-attn) and MLP with convolu-
tional gating (cgMLP) [33] in the i-th E-Branchformer [34]
layers. Here, the superscript represents the layer index.
Similarly, the decoder module set is defined as Mg =
{self-attni,src-attni,...}, which includes FFN, self-attn, and
source attention (src-attn) mechanisms. Then the outputs x¢,.
and z’, from one of the modules in 4-th layer m’,. € Menc and
mée. € Muec of encoder and decoder networks, respectively, are
computed as follows:

Zane = t(g(2, ),

A i—1 _1
Tene = menc(xenc 7Zenc)7

Zee = t(g(z, C)), )]
Thee = Miee (Thoo > Zhec)- (2)

Here, 2%, and z%. serve as pruning masks for the modules
in the i-th layer of the encoder and decoder, respectively. The
function g(z) outputs the pruning probabilities for all modules
simultaneously.

3. Proposed Method
3.1. Local Gate Predictor

In localGP, the pruning mask z is computed separately for each
layer. Consequently, Equation 1 is modified as follows:

Zane = t(g(zinc’, ), Ziee = Hg(ziee O)). (3
In globalGP, the context C' represents discrete identifiers such
as language ID or task ID, often implemented as special tokens.
However, in this work, we introduce C' to represent a richer
set of contextual information, such as speaker embeddings and
acoustic event information. LocalGP generates a separate prun-
ing mask for each layer, enabling adaptive pruning customized
to the characteristics of individual layers. To enhance contex-
tual awareness, we modify the input by incorporating z*, en-
abling each layer to access and leverage information accumu-
lated from previous layers.

Algorithm 1 details the process, where D is the dimension-
ality of the context, T"is the sequence length, D€ is the number
of contexts used, and NN is the number of modules inside the
i-th layer. We use C' as Ciey and apply a linear transforma-
tion to Claie, Which forms key-value pairs. The input feature
x' to the i-th layer is used as the query. Regarding D€, for
example, when using speaker embeddings and acoustic event
embeddings, we set D€ = 2. Cross-attention is computed with
a residual connection, and z is derived from ¢. A linear layer is
applied to compute the logits. Finally, the results are added to
Ckey and Cvalue-

3.2. Temporal pruning vs. utterance-wise pruning

Let m, € Mene U Mgec be a module, 4, Tn, and z, be the
input, output, and the pruning mask of the module m,,, respec-
tively. Then, ¢, in temporal pruning and utterance-wise pruning
becomes:
pad(m(h(xn, 2n)), 2n), if pruning by frame,
Yn =  Tn * 0, if pruning by utt, z,, = 0,
m(zy), if pruning by utt, z,, = 1.
“

The h function selects non-skipped frames, while the pad func-
tion zero-pads the output tensor based on the pruning mask. If
the number of indices selected by h is smaller than the convo-
lution kernel size in cgMLP, computation becomes infeasible.
To address this, the cgMLP module is always computed for all
frames in our work.



Table 1: WER and BLEU scores for ASR and ST in German (de), French (fr), and Italian (it) with utterance-wise pruning (globalGP)
and temporal pruning (localGP) strategies on OWSM-v3.1. The Context column denotes the additional context used for pruning.
Enc+Dec indicates that pruning is applied to both encoder and decoder modules, while front refers to subsampled speech features
from the frontend. spk and event indicate that pruning is guided by speaker embeddings and acoustic event information, respectively.

No. I\]j[rg‘(;‘fl‘i Is localGP?  Context ASR-WER (1) STM GFLOPs (Enc)
de fr it Average de-fr  de-it fr-de fr-it it-de it-fr  Average
1 - full fine-tuning (baseline) 13.6 11.0  13.2 12.6 84 6.4 112 130 11.8 135 10.7 568.5
Utterance-wise pruning (GlobalGP)
2 Encoder front (baseline) 150 119 152 14.0 5.8 6.0 8.6 12.3 6.5 12.6 8.6 452.5
3 Decoder front (baseline) 152 119 129 133 9.8 8.4 122 131 113 134 11.4 -
4 Enc+Dec front (baseline) 150 126 146 14.1 73 4.7 9.9 9.5 8.7 11.5 8.6
Temporal pruning (LocalGP)
5 Encoder v front 146 114 13.0 13.0 10.4 7.8 130 146 112 153 12.0 541.6
6 Encoder v + spk 145 111 127 12.8 120 9.2 144 156 127 169 13.5 511.8
7 Encoder v + event 141 111 130 12.7 11.4 8.2 135 151 120 163 12.8 510.1
8 Encoder v + spk + event 152 124 145 14.0 10.6 8.1 136 150 120 163 12.6 497.0
9 Decoder v lang2vec 150 112 127 13.0 11.2 8.4 137 152 123 164 12.9 -
10 Enc+Dec v front + event + lang2vec 145 11.0 13.1 12.9 10.5 8.0 13.1 149 119 16.0 12.4

4. Experiments
4.1. Models.

In this study, we employed version 3.1 of OWSM model [4],
an open-source alternative to OpenAl’s Whisper [1]. We chose
OWSM-v3.1 for its openness and reproducibility; unlike Whis-
per, it is trained entirely on publicly available data. This allows
us to ensure that our evaluation set was not included in pretrain-
ing, enabling a fair assessment of pruning effectiveness. To the
best of our knowledge, no other public encoder-decoder model
with attention-CTC is available for such comparison.

4.2. Experimental Setups.

We used version 1.1 of the Europarl-ST [35] corpus to eval-
uate our method and the baseline. We selected French, Ger-
man, and Italian among the 9 languages in this corpus to en-
sure a language-balanced training data. Each language contains
approximately 20 hours of speech data. With this dataset, we
fine-tuned all models with a pruning objective across ASR and
speech translation (ST) tasks. We used a batch size of 4, Adam
optimizer, Warmup LR Scheduler with learning rate of le™®
and 6000 warmup steps. In all experiments, we followed [15]
and used OWSM-v3.1 as the backbone model with a target
sparsity of 30%, meaning that 70% of the model’s modules or
frames remained active during training and inference.

To better capture audio information for pruning on the
encoder, and language information for decoder, we utilized
the SOTA models for each context: ECAPA_TDNN [23] for
speaker embedding; BEATs [24] for acoustic events informa-
tion; and URIEL lang2vec [25] for language information. We
specifically use BEATSs’ second layer because we want to keep
the context extraction module small. When the dimensionali-
ties of speaker embeddings and acoustic event embeddings dif-
fer from D€, we use a linear layer to align them. Similarly, if
the sequence lengths vary, we either duplicate the final frame or
trim the sequence to match the length of the audio.

We evaluate ASR performance with Word Error Rate
(WER) and ST using BLEU scores, while measuring encoder
GFLOPs to assess the impact of pruning and additional con-
text. Since OWSM uses autoregressive decoding with fixed
30-second input speech, external factors like hypothesis count
and end-detection mechanisms are controlled. To isolate the ef-
fect of pruning strategies and additional context, we specifically
measure the encoder GFLOPs rather than the entire model. This

allows us to clearly visualize the computational differences in-
troduced by temporal pruning, utterance-wise pruning, and con-
textual inputs. A beam size of 5 was used for evaluation.

4.3. Results

In Table 1, we compare row 2 and 5 to evaluate the effect of
temporal pruning. Temporal pruning with LocalGP leads to
a significant performance improvement in both ASR and ST,
achieving an average relative improvement of 39.6% in BLEU
score. Additionally, ASR exhibits an average performance gain
of 7.3% in WER. In terms of GFLOPs reduction, temporal prun-
ing does not achieve the same level of reduction as globalGP
by comparing the row 2 and 5 to 8. This is likely because,
in utterance-wise pruning, the computations for pruned mod-
ules are entirely skipped, whereas in temporal pruning, all mod-
ules are still computed. Nevertheless, simply applying our pro-
posed method effectively reduces 26.9 GFLOPs from the top-
line OWSM-v3.1 model while achieving a 25.7% relative im-
provement in BLEU, demonstrating its efficiency in pruning.
We also measured the averaged encoder-side wall-clock time:
the model with speaker embedding (row 6) took 0.124s, slightly
higher than globalGP’s 0.111s (row 2).

Next, we examine the characteristics of different acoustic
features by comparing rows 5 through 8. Overall, the addi-
tion of speaker embeddings in row 6 led to a significant perfor-
mance improvement. Compared to the baseline in row 2, ASR
achieved an average relative WER reduction of 9.0%, while
translation tasks exhibited an average relative BLEU score im-
provement of 56.0%. A similar trend was observed with acous-
tic event information (row 7), where ST achieved an average
relative BLEU score gain of 47.7%. These results suggest that
rather than directly using subsampled speech features, lever-
aging a pre-trained model to extract rich contextual informa-
tion enables more effective selection of frames for pruning.
For ST, incorporating speaker embeddings significantly outper-
formed the fully fine-tuned OWSM-v3.1 model, achieving a
relative BLEU score improvement of 28.6%. Speaker embed-
dings and acoustic event features also showed a similar trend in
GFLOPs reduction, achieving reductions of 56.7 GFLOPs and
58.4 GFLOPs, respectively. These findings demonstrate that
our proposed method improves both inference flops and the per-
formance of the OWSM-v3.1 encoder.

Comparing decoder results in Table 1, rows 4 and 10, we
find that temporal pruning also improves performance. How-



Mel-spectrogram

Temporal pruning mask

Layer index
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Figure 1: Log-Mel spectrogram (top) and temporal pruning
mask for self-attention modules (bottom). The y-axis of the
lower plot represents the layers, with the initial layer at the bot-
tom. The x-axis of both plots represents the time scale. The or-
ange regions in the lower plot indicate activated self-attention
modules, while the white regions represent pruned modules.

Table 2: Statistical test results on source-attention usage

Test Test statistic p-value
Mann-Whitney U test ~ 5.38 x 10® < 0.0001
Welch’s t-test 70.9 < 0.0001

ever, due to batch-wise beam search, different pruning masks
were applied to different beams. As a result, most decoder mod-
ules were still computed, negating expected inference speed
gains. A tailored implementation could theoretically accelerate
decoder-side pruning as well.

4.4. Temporal Pruning Pattern Analysis for Encoder

We visualized how temporal pruning is performed when us-
ing the speaker embedding model as a context. Figure 1 il-
lustrates an example from the test set, showing the log-mel
spectrogram and the pruning mask of the self-attention mod-
ule. The figure reveals that frames are actively utilized during
speech segments, while relatively fewer computations are al-
located to silence regions. Notably, the first layer attends to
almost all frames, whereas the deeper layers exhibit more pro-
nounced pruning patterns, suggesting that the initial layer has
acquired a VAD-like function. However, unlike conventional
VAD systems, certain layers, particularly in the middle to later
stages, exhibit non-negligible attention to silence frames, sug-
gesting that these layers encode silence-related features. This
indicates that the model selectively activates frames in layers
responsible for capturing silence-related information, achieving
optimal temporal pruning at both the layer and module levels.
As discussed in Section 4.3, temporal pruning on the en-
coder side appears to have a similar effect to VAD system. This
suggests that adding speaker embeddings may have allowed the
model to respond more sensitively to the speaker’s voice ac-
tivity. However, when combining these two feature types in
row 9, no significant performance improvement was observed.
Although GFLOPs were lower than those of the two individ-
ual models, considering the additional computation required for
two pre-trained models, this approach cannot be regarded as an
effective reduction in computational cost. Furthermore, per-
formance was comparable to or even worse than that of row
8. These findings indicate that multiple audio context features
does not necessarily lead to performance improvement, and it is
sufficient to select a single model that with the best results.

4.5. Analysis on Decoder result

We also focused on the decoder side to examine how pruning is
performed for each token. As shown in Figure 2, we found that

0
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10 10
12
14
16

ATT SRC FFN ATT SRC FFN

(a) Token: [Space]wollen (b) Token: struktur

Figure 2: Pruning pattern for tokens [Space]wollen and
struktur. The ATT, SRC, and FFN represent self-attention,
source-attention, and the feed-forward network inside the de-
coder, respectively. The y-axis indicates the layers, with the top
representing the first layer. Colored modules indicate activated
modules. The number of SRC modules is higher when a space
precedes a token.

the usage rate of source-attention differs depending on whether
a token begins with a space, meaning that the token is the start
of a new word. To verify this, we analyzed the relationship
between the sparsity ratio of source-attention and the presence
of spaces in the tokens generated in the German ASR test set.
Among all output tokens, 27,032 contained space, while 30,667
did not. We conducted statistical tests to assess this difference,
as summarized in Table 2. The results indicate a significant
difference in sparsity ratio between tokens with and without
spaces. Specifically, tokens starting a new word require more
attention to the encoder output, indicating that the model relies
more on audio information for these tokens. This suggests that
the model dynamically adjusts its reliance on specific modules
based on token traits, which could have implications for opti-
mizing decoding efficiency. Furthermore, the tendency to sup-
press source-attention of early decoder layers is consistent with
(Someki et al., 2025). We hypothesize that localGP amplifies
this effect by utilizing the required amount of source attention
for each tokens, reducing encoder-induced noise during decod-
ing and acting as a regularizer, particularly improving ST.

5. Conclusion

In this study, we proposed localGP, a context-driven dynamic
inference optimization method that integrates external context,
including speaker embeddings, acoustic events, and linguistic
information. Our experiments demonstrated that combining lo-
calGP with temporal pruning and speaker embeddings as addi-
tional context reduced computation by 56.7 GFLOPs compared
to the original OWSM-v3.1. Additionally, we achieved ST per-
formance exceeded that of the fine-tuned baseline OWSM-v3.1,
with BLEU score relatively improvements of 25.6% on average.
Furthermore, our analysis of the pruning masks showed that the
first layer of the OWSM encoder acquired a VAD-like function,
confirming that our method dynamically optimizes model com-
putation based on input speech characteristics.
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