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ABSTRACT The BERT model has achieved strong performance in natural language processing, but its
large parameter scale and high computational cost limit deployment in resource-constrained and real-time
scenarios. This study proposes a lightweight BERT compression and acceleration method that integrates
knowledge distillation and dynamic routing. In the knowledge distillation stage, a multi-layer feature
alignment and attention transfer mechanism is developed to transfer deep semantic knowledge from the
teacher model to a compact student model. The strategy uses output-layer distillation, intermediate-layer
feature alignment, and attention-map transfer to preserve semantic representation ability. In the dynamic
routing stage, an adaptive inference structure based on early exit is constructed, enabling the model to
adjust computational depth according to the complexity of different input samples and reduce redundant
computation. A joint optimization strategy is used to balance final-output accuracy, early-exit classifier
performance, and distillation effectiveness. Experimental results on multiple natural language processing
tasks show that the proposed method substantially reduces parameter count, storage space, and inference
latency while maintaining competitive performance relative to the original BERT model.

INDEX TERMS BERT, model compression, knowledge distillation, dynamic routing, inference accel-

eration

I. INTRODUCTION
ERT, as a pre-trained language model, is based on the
Transformer architecture with leading performances at
numerous tasks of natural language processing because of
its capabilities to encode bidirectionally. However, BERT
models are usually implemented with hundreds of millions
or even billions of parameters, and this requires a con-
siderable amount of storage and computing resources in
practical deployments. Especially for mobile, embedded or
real-time applications the inference latency and the power
consumption are serious bottlenecks. Therefore, solving the
problem of efficient model compression and acceleration
while ensuring the same model performance has become
an academic and industrial issue of common concern.
Existing model compression techniques mainly include
pruning, quantization, low-rank decomposition and knowl-
edge distillation. Knowledge distillation in particular is
able to miniaturise models without substantial performance
cost by transferring the output distribution of models or
even their intermediate representations of complex teacher
models to compact student models. However, traditional
knowledge distillation methods usually only care about the
final output of the teacher model, not the rich structural
information contained in the intermediate layers, and there-
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fore the student model may result in a limited ability
in learning semantic representations. On the other hand,
inference acceleration methods usually optimize the model
structure at a higher level, e.g. designing more efficient
attention mechanisms or reducing the number of network
layers. However, there is no way to exploit the difference
between samples in these methods since they use the same
computation path for all samples for on-the-fly computation.

To overcome the above problems, this paper proposes
a BERT model compression and acceleration method that
combines knowledge distillation and dynamic routing. At
the compression level, a multi-layered knowledge distilla-
tion strategy is adopted, which does not only transmit the
output probabilities of the teacher model, but also adds
the transmission of intermediate layer feature alignment
and attention map, so that the student model can learn the
comprehensive semantics of the teacher model. Based on
confidence level, an early exit mechanism is designed at the
acceleration level. During inference, it dynamically decides
if it wants the current layer computation to be done or not
based on the confidence level of the previous layer’s output,
thus preventing redundant computation to be performed on
simple samples.
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Il. RELATED WORK

With its powerful contextual semantic modeling capabilities,
BERT and its variants have made significant progress in
many natural language processing tasks such as entity
matching, sentiment analysis, question answering, and code
defect prediction. Paganelli et al. [1] pointed out that BERT
is significantly better than traditional methods and non-pre-
trained deep models in entity matching tasks, especially
in handling text-intensive attributes and complex semantic
matching. Kondra et al. [2] reviewed and analyzed the
representative models of multimodal BERT. Danyal et al.
[3] used an ensemble learning strategy to fuse the prediction
results of BERT and XLNet, and took advantage of the
complementary advantages of the two models in semantic
representation. Karabila et al. [4] constructed a BERT-based
sentiment analysis module to perform fine-grained sentiment
classification on user comment texts, and combined senti-
ment features with user history behavior, product attributes,
etc., and input them into the recommendation model. Ozkurt
[5] compared and analyzed the performance of the current
mainstream Transformer-based question answering models
(BERT, RoBERTza, DistilBERT, ALBERT) on SQuAD v2.0
to evaluate their applicability in real-world scenarios. Mazari
et al. [6] constructed multiple BERT variants as base learn-
ers and adopted voting or weighted fusion strategies to
form an ensemble model. Deshmukh and Raut [7] used
BERT to jointly encode resume text and job description,
and constructed a candidate ranking model by calculating
semantic similarity and key skill matching degree. Mujahid
et al. [8] used RoBERTa and BERT as dual backbone
networks and constructed an ensemble classification model
by feature fusion or decision fusion. Zaki [9] compared the
architectural differences, training strategies and application
effects of these three representative Transformer models in
various NLP tasks, including text processing and potential
translation applications, and discussed their respective ad-
vantages and limitations. Uddin et al. [10] used BERT to
pre-train the representation of source code text, extracted
deep semantic features, and then input them into a BiLSTM
network to capture the sequence dependency relationship
in the code. This paper focuses on the research of BERT
model compression and acceleration based on knowledge
distillation and dynamic routing. By transferring the ca-
pabilities of large models to a compact structure through
knowledge distillation, and introducing a dynamic routing
mechanism to realize on-demand computation during the
inference process, the aim is to build a lightweight BERT
model that balances performance and efficiency, and provide
a feasible solution for efficient deployment in resource-
constrained environments.

lll. METHODS

A. DESIGN OF MULTI-LEVEL KNOWLEDGE
DISTILLATION MODULE

In order to effectively reduce the number of parameters of
the BERT model and ensure the semantic representation
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ability, a multi-level knowledge distillation mechanism was
built. The mechanism: The original BERT-base model is
used as the teacher model and the Transformer model with
fewer layers and smaller hidden layer dimensions is used as
the student model. The distillation process not only soft label
supervision of final output of teacher model, but also adds
the intermediate layer feature alignment, attention matrix
transfer, to ensure that the student model learns the semantic
structure of the teacher model at multiple abstraction levels
[11].

In output layer distillation, the usual knowledge distilla-
tion loss function is used to fit the class probability distribu-
tion of the student model to the probability distribution of
the teacher model. Specifically, for each input sample, the
Softmax outputs of the teacher and the student models are
computed separately and the probability distributions will
be softened using a temperature parameter. The difference
between the two is measured as Kullback-Leibler diver-
gence. This loss term helps the student model in learning the
hidden knowledge given by the teacher model between the
categories and thereby enhancing the generalization ability.

For the purpose of intermediate layer feature alignment
layer by layer mapping mechanism is designed. Since the
number of layers in teacher model and student model are
different, a layer to layer correspondence is first established,
matching each layer of student model with a semantically
similar layer in teacher model. For both matched layers,
mean square error of their hidden layer representations is
determined as the feature alignment loss. This loss term
requires the student model to learn the corresponding feature
representation of the teacher model at each layer, which
ensures the preservation of the intermediate information of
the teacher model in semantic encoding.

In as far as attention matrix transfer is concerned, atten-
tion graph distillation is further introduced. The Transformer
model attention mechanism controls the interaction between
words and is the key to semantic modeling. The multi-
head attention matrix of each layer of the teacher model
is adopted as the knowledge source to guide the attention
matrix of the student model to be consistent with the
former. By finding the mean squared error between the
attention matrices of the teacher and student, the student
model learns the fine-grained pattern of the teacher model
in word relationship modeling. This transfer strategy can
be effective for enhancing the ability of the student model
to capture the long-distance dependency and complicated
semantic structure [12-13].

Summing up the three losses above in the distillation
functions yields the overall distillation loss function. In
the preparation of the teacher model, the model is pre-
taught and the parameters are fixed. Then, classification loss
and distillation loss of student model are jointly optimized
in labelled data of target task. Through this multi-level
distillation mechanism the student model can preserve the
semantic expressive power of the teacher model to the max-
imum possible degree while greatly reducing the number of
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parameters. C. JOINT OPTIMIZATION AND REASONING STRATEGY

B. CONSTRUCTION OF DYNAMIC ROUTING
MECHANISM

Based on the lightweight student model obtained through
distillation, a dynamic routing mechanism is further in-
troduced to accelerate inference. The core idea of this
mechanism is to dynamically determine the computational
depth of the model according to the complexity of the
input samples. For simple samples, shallow computation is
sufficient to output results, while for complex samples, a full
network is used for fine-grained inference, thereby avoiding
redundant computation of the same depth for all samples. A
dynamic routing structure based on an early-retreat strategy
was constructed. A classifier is inserted after each layer
of the Transformer encoder. Each classifier consists of a
pooling layer and a fully connected layer, and can generate
a prediction result based on the output representation of
the current layer. During inference, the input sample passes
through the Transformer encoder layer by layer. After each
layer, the classifier corresponding to that layer calculates the
confidence score of the current prediction. If the confidence
score exceeds a preset threshold, subsequent calculations
are immediately stopped, and the result of that classifier is
directly output; if none of the layers reach the threshold, the
final result is output by the last layer classifier.

The confidence score is calculated using the maximum
predicted probability as a metric. While maximum predicted
probability is used here for its computational efficiency,
it is acknowledged that this metric can occasionally over-
estimate confidence in out-of-distribution scenarios. Future
iterations may incorporate calibration techniques such as
temperature scaling to further refine the reliability of the
early-exit trigger. For classification tasks, the maximum
predicted probability reflects the degree of certainty of the
model in the current prediction. The higher the value, the
clearer the model’s judgment of the sample. By setting a
reasonable confidence score threshold, a flexible adjustment
can be made between accuracy and efficiency. When the
threshold is high, more samples need to undergo deep
computation, resulting in higher accuracy but limited ac-
celeration; when the threshold is low, more samples drop
out early, resulting in significant acceleration but potentially
introducing accuracy loss [14-15].

The advantage of this dynamic routing mechanism lies
in its ability to adaptively adjust the computation depth
based on the characteristics of the samples themselves. In
practical applications, many input samples often have rela-
tively obvious class features and can be accurately classified
without going through all Transformer layers. Through the
early termination mechanism, these samples only require a
small amount of computation to complete inference, thus
significantly reducing the average inference latency. At the
same time, for boundary samples or complex samples, the
prediction accuracy can still be guaranteed through the
complete network.
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A complete model compression and acceleration framework
is built, which involves the joint optimization of multi-level
knowledge distillation and dynamic routing mechanisms.
During the training phase, multi-level distillation is applied
first to transfer knowledge from the teacher model to the
student model in order to provide the student model with
a good initial semantic representation capability. Subse-
quently, when dynamic routing training is performed, the
early-leave classifier is included in the optimization objec-
tive at the same time, and multi-task learning is adopted to
achieve the purpose of making each layer of the classifier
have independent prediction ability.

At the time of joint training, the loss function is made
up of several parts. The basic classification loss is used to
supervise the last layer classifier to ensure the accuracy of
the final output, the early regression classification loss is
used to supervise the intermediate classifiers in each layer,
to enable each layer classifier to output the corresponding
accurate prediction results, and the distillation loss is used
to continuously guide the student model to learn the output
distribution and intermediate features of the teacher model.
The overall joint optimization loss function is formulated
as: Ltotal = aLcls + 5 Z Learlycls + ’YLdistills where a, ﬂ,
v are hyper-parameters that balance the accuracy of the final
output, the efficiency of early exits, and the effectiveness of
knowledge transfer. In our experiments, we empirically set
a = 1.0, 8 = 0.3, and v = 0.7 based on grid search to
achieve the optimal trade-off between model performance
and reasoning speed. By balancing the weights of each loss
term, the model accuracy and the inference efficiency is
synergistically optimized.

During the inference phase, a dynamic early termination
strategy is used for acceleration purposes. With each input
sample the computation is done layer by layer, i.e. it starts
from the first layer. After each layer the classifier after
the layer makes its prediction result and also computes
its confidence score. If the confidence score hits a certain
score threshold, then computation immediately stops and the
current prediction result is returned, otherwise the process
continues its path to the next layer. This process fully
considers the difference between samples, so that the model
can be adaptively adjusted according to the input complexity
during the actual deployment, and finally the on-demand
inference is achieved.

Through the joint optimization and inference strategies
as above, the average inference latency of the proposed
framework is substantially reduced while high prediction
accuracy is maintained. At the same time, because the
number of parameters in the student model itself has been
greatly reduced, storage overhead and the consumption of
calculation resources are also well controlled.

IV. RESULTS AND DISCUSSION
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A. ANALYSIS OF MODEL COMPRESSION EFFECT

In order to validate the proposed method in model com-
pression, experiments were performed on several tasks in
GLUE benchmark. One of the chosen models was BERT-
base with 110M parameters, the teacher. The model used
by the students was a 6-layer Transformer model with 384
hidden layers, 6 multi-head attention heads and around
32M parameters. In multi-level knowledge distillation, the
compression performance was compared with three settings:
output layer distillation, output layer distillation and feature
alignment, and complete multi-level distillation. Experimen-
tal results show that when only output layer distillation
is used, the student model has an average accuracy of
about 91.2% of the teacher model on the validation set.
Adding feature alignment loss makes the average accuracy
better to 93.5%. Further introducing attention matrix transfer
boosts further the average accuracy of 94.8 percent of the
teacher model. This shows that the multi-level distillation
strategy is effective to boost the student model to absorb
the semantic knowledge from the teacher model, and the
improvement is more significant in complex tasks, where
where the performance gains are achieved through the
attention transfer from the teacher model to the student
model. In terms of parameter size, the student model is
down 70.9% from the teacher model’s 110MB. Under the
standard 32-bit floating-point (FP32) precision used in this
study, the model storage space reduced from about 440MB
to about 128MB, greatly saving the storage capacity demand
of the device. In actual deployment, model storage space
reduced from about 440MB to about 128MB, greatly saving
the storage capacity demand of the device. Table 1 presents
a comparison between the size of the parameter produced
and their relative performances of the student model using
different distillation strategies.

As shown in Table 1, with a large reduction in the number
of parameters and storage space, the complete multi-level
distillation strategy can retain the performance of the student
model with approximately 94.8% of that of the teacher
model, thereby verifying the effectiveness of the proposed
compression method to reserve the semantic capabilities.
The resulting increase in performance from the transfer of
attention is especially important, suggesting that modeling
the relationship between words plays an important role in
the semantic representation of BERT. Using it as the target
of knowledge transfer allows the student model to learn the
semantic structure of the teacher model in a more accurate
way. To evaluate the model’s consistency, we further report
the detailed results on individual GLUE tasks. For example,
on the SST-2 sentiment analysis task, the student model with
complete multi-level distillation achieved 91.5% accuracy,
while on the MNLI (Matched/Mismatched) natural language
inference task, it maintained 83.2% and 83.5% respectively.
These results demonstrate that the proposed method per-
forms consistently across different linguistic tasks, including
sentiment classification and semantic inference, without
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significant degradation in specific domains.

B. ACCELERATED ANALYSIS OF MODEL INFERENCE
Based on the compressed model, the influence of the dy-
namic routing mechanism on inference speed was further
tested. To ensure reproducibility, experiments were per-
formed on a server equipped with an Intel(R) Core(TM) i7-
10700K CPU @ 3.80GHz, 32GB of DDR4 RAM, running
Ubuntu 20.04 LTS. The average inference latency was
measured on this CPU environment for the original BERT-
base model, the compressed student model without the
early termination mechanism, and the student model with
the dynamic early termination mechanism. The test dataset
contained three different types of samples including simple
samples (short texts with clear class features), medium sam-
ples (medium length, relatively clear class boundaries), and
complex samples (long texts with blurred class boundaries).
The confidence threshold was set at 0.85, that is, the model
would stop early if the maximum predicted probability
of each classifier layer reached 85%. Experimental results
show that when the original model, BERT-base, is used, the
average inference latency is 12.4 milliseconds per sample.
The compressed student model, due to the lower number of
parameters, has an average inference latency of 8.7 millisec-
onds per sample which is about 70% of the original model.
By adding a dynamic early termination mechanism further,
the average inference latency is reduced to 7.1 milliseconds
per sample. Analysis of the categories of samples reveals
the following percentage of samples exiting at the second
or third layer early in simple samples the percentage is
about 86% and the average number of milliseconds about
3.2 milliseconds, in medium samples the percentage is about
58% and the average number of milliseconds is about 6.5
milliseconds, in complex samples the percentage of samples
that exit early is about 12% and the percentage of samples
that must go through all the six layers is about 88% for an
average latency time of 9.8 milliseconds. This means that
the dynamic routing mechanism is successful to distinguish
sample complexity and on-demand computation. Table 2
shows the comparison of average inference latency for
different models on various types of samples.

As shown in Table 2, the dynamic early termination
mechanism has the most significant acceleration effect on
simple samples, reducing latency to 25.8% of the original
BERT-base. Medium and complex samples also show vary-
ing degrees of acceleration. The overall reduction in average
latency indicates that the dynamic routing mechanism can
fully utilize the differences between samples and effectively
improve inference efficiency in practical deployments.

C. COMPREHENSIVE PERFORMANCE COMPARISON
AND ABLATION ANALYSIS

To further verify the overall effectiveness of the proposed
framework, a comprehensive performance comparison was
conducted on multiple natural language processing tasks,
including sentiment classification, natural language infer-
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TABLE 1. Comparison of parameter count and performance of the student model under different distillation strategies

Distillation strategy

Number of parameters

Relative teacher model Storage space (MB)

™M) performance (%)
Output layer distillation only 32 91.2 128
Output layer + feature alignment 32 93.5 128
Output layer + feature alignment + attention transfer 32 94.8 128
Teacher model (BERT-based) 110 100 440

TABLE 2. Average inference latency (milliseconds/sample) for different models on various types of samples

Model type Simple Samples Medium sample Complex Samples Overall average
BERT-base 12.4 12.4 12.4 12.4
Compressed student model (no early 8.7 8.7 8.7 8.7
departures)

Compressed student model + dynamic 32 6.5 9.8 7.1

early departure

ence, and semantic similarity calculation. Using the BERT-
base teacher model as a benchmark, the performance and
efficiency metrics of the distillation compression-only model
and the distillation compression plus dynamic early ter-
mination model (with different threshold settings) were
compared.

In terms of performance, the distillation compression
model alone achieved an average relative performance of
94.8% of the teacher model across all tasks. The distillation
compression plus dynamic early termination model achieved
an average relative performance of 94.5% at a threshold of
0.85, a decrease of only 0.3 percentage points, indicating
that the accuracy loss introduced by the early termination
mechanism was minimal. At a threshold of 0.90, the average
relative performance reached 94.7%, approaching the level
of no early termination. In terms of efficiency, compared to
the teacher model, the distillation compression plus dynamic
early termination model reduced the number of parameters
by 70.9% and the average inference latency by 42.7%,
resulting in a significant overall efficiency improvement.
Table 3 shows a comparison of the overall performance and
efficiency of different models across multiple tasks.

TABLE 3. Comparison of overall performance and efficiency of different
models across multiple tasks

Model Configuration Relative Number of Average Latency
perfor- parame- latency reduction
mance ters (M) (ms) (vs.

(%) BERT-base)
(%)

BERT-base 100 110 124 -

Distillation compression 94.8 32 8.7 29.8

model

Distillation + Early Exit 92.1 32 5.8 53.2

(Threshold 0.75)

Distillation + Early Exit 93.3 32 6.4 48.4

(Threshold 0.80)

Distillation + Early Exit 94.5 32 7.1 42.7

(Threshold 0.85)

Distillation + Early Exit 94.7 32 8.2 339

(Threshold 0.90)

VOL. 15, NO. 3, AUGUST 2026

As shown in Table 3, the distillation-compression model
itself has already achieved a significant reduction in the
number of parameters and a certain degree of accelera-
tion. Introducing the dynamic early termination mechanism
further significantly reduces the average inference latency
while maintaining basic performance stability. The threshold
setting reflects the trade-off between accuracy and effi-
ciency; in practical applications, an appropriate configura-
tion can be selected based on task requirements.

V. CONCLUSION

This study addresses the deployment challenges of the
BERT model in resource-constrained scenarios by propos-
ing a compression and acceleration method that integrates
knowledge distillation and dynamic routing. For knowledge
distillation, a multi-level transfer strategy is designed to
simultaneously transfer the output distribution, intermediate
layer features, and attention matrix of the teacher model
to the lightweight student model, effectively preserving
semantic representation capabilities. For dynamic routing,
an early-retreat mechanism based on a confidence thresh-
old is constructed, adaptively adjusting the computation
depth according to the complexity of the input samples to
achieve on-demand computation of the inference process.
The effectiveness of this method in model compression and
acceleration is verified.

Future work can be carried out in the following aspects:
First, explore more refined early termination strategies,
such as introducing more complex confidence estimation
methods to further improve the acceleration effect of simple
samples; second, extend the proposed framework to more
Transformer variants to verify its universality on different
model structures; third, combine quantization and pruning
techniques to achieve greater compression and acceleration,
and provide a more comprehensive solution for the efficient
deployment of BERT models in mobile and embedded
devices.
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