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ABSTRACT
Early exiting has shown significant potential in accelerating the inference of pre‐trained language models (PLMs) by allowing
easy samples to exit from shallow layers. However, existing early exiting methods primarily rely on local information from
individual samples to estimate prediction uncertainty for making exiting decisions, overlooking the global information provided
by the sample population. This impacts the estimation of prediction uncertainty, compromising the reliability of exiting de-
cisions. To remedy this, inspired by principal component analysis (PCA), the authors define a residual score to capture the
deviation of features from the principal space of the sample population, providing a global perspective for estimating prediction
uncertainty. Building on this, a two‐stage exiting strategy is proposed that integrates global information from residual scores
with local information from energy scores at both the decision and feature levels. This strategy incorporates three‐way decisions
to enable more reliable exiting decisions for boundary region samples by delaying judgement. Extensive experiments on the
GLUE benchmark validate that the method achieves an average speed‐up ratio of 2.17� across all tasks with minimal per-
formance degradation. Additionally, it surpasses the state‐of‐the‐art E‐LANG by 11% in model acceleration, along with a
performance improvement of 0.6 points, demonstrating a better performance‐efficiency trade‐off.

1 | Introduction

Recently, pre‐trained language models (PLMs) have achieved
remarkable improvements in various natural language process-
ing (NLP) tasks [1–7]. However, PLMs are notorious for high
computational costs and long inference latency, posing great
challenges to their deployment in resource‐constrained devices
and real‐time applications. Additionally, the overthinking prob-
lem [8] is another challenging issue for the application of PLMs.
Specifically, for most easy samples, the model's shallow‐layer
representations are sufficient for generating correct predictions.
In contrast, due to PLMs' over‐parameterisation, the deep‐layer

representations often become overly complex or contain exces-
sive noise and class‐irrelevant redundant information, leading to
incorrect predictions (per Figure 1). Hence, the overthinking
problemnot only impairs the taskperformance but also affects the
inference efficiency of PLMs.

To address these issues, a branch of literature focuses on
accelerating the inference of PLMs via early exiting Xin et al.
[9]; Zhou et al. [10]; Liao et al. [11]; Xin et al. [12]; Balagansky
and Gavrilov [13]; Zeng et al. [14]; He et al. [15, 16]. Early
exiting is an important dynamic inference strategy. As shown in
Figure 2, an internal classifier is added at each intermediate
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layer of the PLM to provide an early prediction during inference,
allowing samples to exit from the current layer once the pre-
diction uncertainty falls below a predefined threshold τ. This
enables a sample‐wise dynamic inference procedure to process
easy samples with shallow layers and to predict hard samples
with deep layers, avoiding passing all samples through the
entire model. Early exiting can effectively improve the inference
efficiency of PLMs without sacrificing accuracy and also miti-
gate the overthinking problem.

A typical implementation of early exiting involves devising an
exiting signal to estimate prediction uncertainty, thus deter-
mining whether samples should exit from early layers. There
are mainly three exiting strategies according to the types of
exiting signals. The first is the score‐based exiting strategy, for
example DeeBERT Xin et al. [9], Right‐Tool Schwartz et al. [17]
and E‐LANG Akbari et al. [18], which determines exiting for
each sample by calculating the entropy, softmax score, or en-
ergy score of the prediction probability distribution on that
sample. The exiting criterion is met once the entropy or energy
score (softmax score) falls below (exceeds) a predefined
threshold. This strategy allows for continuous adjustments to
the speed‐up ratio, while also enabling samples to exit imme-
diately once the prediction uncertainty of an intermediate layer
is sufficiently low. However, research indicates that it also
suffers from the issue of overconfidence Li et al. [19], that is, an
underestimation of prediction uncertainty, which can lead to
the premature exiting of samples with incorrect predictions,

thereby compromising the model's task performance. The sec-
ond is the patience‐based exiting strategy, for example PABEE
Zhou et al. [10] and F‐PABEE Gao et al. [20], which allows a
sample to exit early once a sufficient (i.e. reaching the
threshold) number of consecutive internal classifiers provide
consistent predictions on that sample. Compared to the score‐
based strategy, this strategy effectively mitigates over-
confidence by ensembling the outputs of multiple classifiers,
thus delivering more robust early exiting. However, it fails to
provide continuous adjustments to the speed‐up ratio due to the
discrete nature of its exiting signals. It may also delay the
exiting of correctly predicted samples at higher thresholds,
resulting in redundant computations and extended inference
time. The last is the learning‐based exiting strategy, for example
BERxiT Xin et al. [12], PALBERT Balagansky and Gavrilov [13]
and ConsistentEE Zeng et al. [14], which leverages neural
networks to produce exiting signals for each sample based on its
intermediate‐layer representations. Unlike the first two heu-
ristic exiting strategies, which enable the direct computation of
exiting signals and are easy to implement, the learning‐based
strategy requires a learning process to formulate its exiting
signals, resulting in additional training overhead. Additionally,
its performance is highly influenced by the quality and diversity
of the training data. Nevertheless, this strategy can adaptively
identify intricate high‐dimensional features from the data
without manual intervention, thus producing more effective
exiting signals.

However, most existing works rely on the model outputs for
individual samples (i.e., local information) to formulate their
exiting signals but overlook the global information from the
sample population that is closely related to prediction uncer-
tainty. Notably, samples that deviate from the population dis-
tribution are more likely to be out‐of‐distribution (OOD)
samples, and the model's predictions for these OOD samples
typically exhibit higher uncertainty levels than those for in‐
distribution (ID) samples. Therefore, the deviation of samples
from the population distribution can effectively reflect the pre-
diction uncertainty, which is ignored by the aforementioned
exiting strategies, degrading the accuracy of prediction uncer-
tainty estimation and leading to unreliable decisions regarding
exiting.

In this paper, we propose to enhance prediction uncertainty
estimation by considering the deviation of samples from the
population distribution, thus delivering more reliable exiting
decisions. To this end, inspired by principal component analysis
(PCA), we formalise the key patterns of the sample population
distribution using the principal space, that is, the subspace
spanned by the principal components of the training data. We
then introduce a residual score that captures the deviation of
features from the principal space to estimate prediction uncer-
tainty from a global perspective. Intuitively, the residual score
reflects the likelihood of a sample being OOD, with higher
values indicating greater prediction uncertainty. Accordingly,
we propose a two‐stage exiting strategy that integrates global
information from residual scores with local information from
energy scores at both the decision and feature levels (per
Figure 3). By incorporating three‐way decisions Yao [21], this
strategy introduces the second decision stage for boundary

FIGURE 1 | The overthinking problem in BERT. On an easy sample
labelled as 1 in the CoLA task, the fourth internal classifier is sufficient
for making a correct prediction, while the final classifier produces an
incorrect prediction due to over‐parameterisation.

FIGURE 2 | Classic early exiting framework for PLMs. PU denotes
the prediction uncertainty. τ denotes the threshold.
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region samples, enabling a deeper integration of local and global
information to enhance prediction uncertainty estimation for
more reliable exiting decisions. Compared to our similar work
DE3‐BERT He et al. [15], which caters to classification tasks and
utilises a single‐level integration of local and global information,
our method is suitable for non‐classification tasks as it calcu-
lates the residual score based on sample features. Moreover, our
dual‐level information integration strategy further reduces in-
formation loss and offers varied perspectives for exiting
decision‐making.

Our contributions are summarised as follows.

� We reveal the limitations of current methods that integrate
global and local information, particularly in their scalability
and information integration strategies.

� We define a residual score to capture the deviation of fea-
tures from the principal space, estimating prediction un-
certainty from a global perspective.

� We propose a two‐stage exiting strategy based on three‐way
decisions, aiming to enhance the reliability of exiting de-
cisions by integrating global information from residual
scores with local information from energy scores at both
the decision and feature levels.

Extensive experiments on the GLUE benchmark demonstrate
that our method outperforms the state‐of‐the‐art E‐LANG by an
average of 11% in inference speed and 0.6 points in task per-
formance, with negligible additional computational or storage
overhead. An in‐depth analysis further verifies the generality
and interpretability of our method.

The rest of this paper is organised as follows. Section 2 provides
an overview of related works. Section 3 details our proposed
early exiting method. Section 4 presents the experiments and in‐
depth analysis. Finally, Section 5 concludes this paper.

2 | Related Works

In this section, we review related works in three aspects: exiting
strategy design, architecture/loss design, and the three‐way
decision.

2.1 | Exiting Strategy Design

Existing exiting strategies for PLMs can be roughly divided into
three categories: score‐based exiting strategies, patience‐based
exiting strategies, and learning‐based exiting strategies. Score‐
based strategies use scoring functions to estimate prediction
uncertainty based on the logits or probability distributions
offered by internal classifiers. The existing scoring functions
include the entropy in DeeBERT Xin et al. [9] and FastBERT Liu
et al. [22], the softmax score in Right‐Tool Schwartz et al. [17]
and the energy score in E‐LANG Akbari, Banitalebi‐Dehkordi,
and Zhang [18]. The exiting condition is met once the entropy or
energy score (softmax score) falls below (exceeds) the threshold.
Patience‐based strategies use cross‐layer consistency to estimate
prediction uncertainty for exiting decision‐making. In PABEE
Zhou et al. [10], early exiting is triggered when a sufficient
number of consecutive internal classifiers produce identical
predictions. LECO Zhang et al. [23], BADGE Zhu et al. [24] and
F‐PABEE Gao et al. [20] introduce softer cross‐layer comparison
strategies to deliver more flexible early exiting. PCEE‐BERT
Zhang et al. [25] utilises a hybrid exiting signal that combines
entropy and patience to jointly enhance the reliability and
flexibility of exiting decisions. Learning‐based strategies learn to
make exiting decisions. BERxiT Xin et al. [12], PALBERT
Balagansky and Gavrilov [13] and ConsistentEE Zeng et al. [14]
use neural networks to generate exiting signals. HASHEE Sun
et al. [26] and BE3R Mangrulkar , MS, and Sembium [27] train
neural networks to predict the exiting layer for each sample or
token, requiring no layer‐by‐layer exiting judgements.

FIGURE 3 | Method overview. Our method employs a two‐stage exiting strategy based on principal component analysis and three‐way decisions.
This strategy integrates global information from residual scores with local information from energy scores at both the decision level (in stage I) and
the feature level (in stage II). x represents the sample feature. The principal space P and the scaling parameter α are determined by the training
data. w1 ∼wC and b1 ∼ bC represent the weights and biases of the internal classifier, respectively. τ1, τ2 and τ3 are the thresholds for residual,
energy and UAP scores, respectively.
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The strategies mentioned above solely focus on local infor-
mation from individual samples, neglecting the global infor-
mation suggested by the sample population. This affects the
estimation of prediction uncertainty, thus compromising the
reliability of exiting decisions. DE3‐BERT He et al. [15] at-
tempts to integrate distance‐based global information to
enhance the entropy‐based early exiting. However, the
extraction of global information and the strategies for inte-
grating local and global information remain underexplored. In
this paper, inspired by PCA and three‐way decisions, we
introduce a novel two‐stage exiting strategy that integrates
global information from residual scores with local information
from energy scores at both the decision and feature levels,
aiming for more reliable exiting decisions.

2.2 | Architecture/Loss Design

Some studies focus on the architecture design of early exiting
networks. CascadeBERT Li et al. [19] employs multiple
cascaded complete networks rather than a single multi‐exit
network to facilitate comprehensive representations for accu-
rate predictions. GPFEE Liao et al. [11] integrates both past
and future states to enhance early predictions. LECO Zhang
et al. [23] formalises the architecture design of early exiting
networks as a neural architecture search problem. BADGE Zhu
et al. [24] incorporates block‐wise bypasses to mitigate cross‐
layer optimisation conflicts. DisentangledEE Ji et al. [28] in-
troduces adaptors to disentangle generic language representa-
tions from task‐specific representations and puts forward a
non‐parametric classifier for enhancements. Other studies
focus on improving the training objectives of early exiting
networks. CascadeBERT Li et al. [19] introduces a difficulty‐
aware regularisation to calibrate the model outputs. LeeBERT
Zhu [29] and GAML‐BERT Zhu et al. [30] introduce the
distillation loss to foster cross‐layer mutual learning among
classifiers.

Different from our method that focuses on refining early exiting
strategies, the methods mentioned above enhance the archi-
tectures or training objectives for early exiting networks. Inte-
grating our method with these orthogonal works is worth
further research and exploration.

2.3 | Three‐Way Decision

The three‐way decision was proposed by Yao [21] to address the
problem of region partition in rough sets. This theory aligns
with the human decision‐making process, enabling immediate
decisions for highly certain items while delaying judgement on
less certain items to enhance decision reliability. Since 2010,
significant advancements have been made in the theoretical
research of three‐way decisions Yao [31, 32]. Recently, the
three‐way decision has demonstrated successful applications
not only in the field of rough sets and granularity computing
Wang and Zhu [33]; Gou and Zhang [34]; Yuan et al. [35, 36]; Li
et al. [37, 38]; Wang et al. [39], but also in classification tasks
Han et al. [40] and clustering tasks Guo et al. [41].

In this paper, we introduce a two‐stage exiting strategy based on
three‐way decisions, aiming to more effectively address the early
exiting of boundary region samples by delaying judgement.

3 | Methods

In this section, we illustrate the problem definition and the
proposed early exiting method in detail.

3.1 | Problem Definition

As shown in Figure 3, we adopt a BERT‐style PLM with M
layers as the backbone model. h(m) denotes the hidden states at
the m‐th layer. Given a classification task involving C classes, an
internal classifier Fm where m ∈ {1, 2,…,M − 1} is attached to
each intermediate layer to produce an early prediction p(m) by
mapping the hidden states h(m) into a probability distribution
over the C classes: p(m) = Fm(h(m)), allowing samples to exit
early during inference when the estimated prediction uncer-
tainty is sufficiently low.

3.2 | Method Overview

We propose a novel early exiting method for PLMs based on
principal component analysis (PCA) and three‐way decisions,
which integrates local and global information at both the deci-
sion and feature levels to enhance the reliability of exiting de-
cisions. Figure 3 provides an overview of our method. Firstly,
through principal component analysis on the training set, we
first define a residual score in Equation (4) that captures the
deviation of features from the principal space to provide a global
perspective for prediction uncertainty estimation. On this basis,
we further propose a two‐stage exiting strategy using three‐way
decisions, which integrates global information from residual
scores with local information from energy scores at both the
decision and feature levels to ensure reliable exiting decisions.
Specifically, integration occurs at the decision level in the first
stage. If a consistent exiting decision is reached using energy
scores and residual scores separately, this outcome stands as the
final decision; otherwise, the decision‐making process advances
to the second stage. In the second stage, we introduce a novel
exiting signal through feature‐level integration, that is the
Uncertainty‐Aware Probability (UAP) score. This score ensures
a more accurate estimation of prediction uncertainty for
boundary region samples, thereby enhancing the reliability of
exiting decisions for those samples.

3.3 | Principal Space and Residual Score

Principal component analysis (PCA) is a statistical technique
used to reduce the dimensionality of data while retaining critical
information. Inspired by PCA, the principal space P is defined as
the subspace generated by the first D principal components of
the training data, aiming to capture the major patterns of the
sample population distribution. Intuitively, samples that deviate
from the population distribution are more likely to be OOD

1022 CAAI Transactions on Intelligence Technology, 2025
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samples, typically resulting in higher prediction uncertainty.
Correspondingly, we devise a residual score that captures the
deviation of features from the principal space to indicate the
possibility of a sample being OOD, thereby providing prediction
uncertainty estimation from a global perspective. The compu-
tation of the residual score is detailed as follows.

Firstly, we compute the covariance matrix of the training set:

Σ =
1

N − 1
X − X( )

T X − X( ), (1)

where N denotes the number of training samples, X ∈ RN ×H

denotes the training data whose rows are H‐dimensional fea-
tures, and X denotes the mean of sample features. Next, we
perform orthogonal diagonalisation on Σ:

Σ =QΛQ−1, (2)

where the eigenvalues in Λ are sorted decreasingly, and the
eigenvectors in Q form a set of standard orthogonal basis. Then,
we define the principal space P as the D‐dimensional subspace
generated by the first D columns of Q. Let P⊥ denote the
orthogonal complement space of P, which equals to the
(H − D)‐dimensional subspace generated by the last H − D
columns of Q. Accordingly, the feature x ∈ RN can be orthog-
onally decomposed:

x = xP + xP⊥
, (3)

where xP and xP⊥ are the projections of x onto P and P⊥,
respectively. The component xP⊥

= RRTx represents the
reconstruction error in PCA, where R ∈ RH × (H − D) consists of
the last H − D columns of Q in Equation (2). Finally, the re-
sidual score is defined as the L2 norm of xP⊥ :

Residual(x) = ‖xP⊥
‖ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
xTRRTx

√
. (4)

The residual score reflects the deviation of x from P, and a
higher value indicates greater prediction uncertainty. In
residual‐based early exiting, the exiting condition is satisfied
when the residual score drops below the predefined threshold.
In contrast to current exiting signals that rely solely on local
information from individual samples, the residual score pro-
vides a global perspective for estimating prediction uncertainty.

3.4 | Inference Stage

In this subsection, we propose a two‐stage exiting strategy using
three‐way decisions to enhance the reliability of exiting de-
cisions. This strategy integrates global information from residual
scores with local information from energy scores at two levels:
the decision level in the first stage and the feature level in the
second stage.

Energy‐based Early Exiting. We employ classical energy scores to
provide a local sample‐specific perspective for estimating pre-
diction uncertainty.

E‐LANG Akbari et al. [18] first applied the energy score to early
exiting, demonstrating its superiority over entropy and softmax
scores. The energy score is defined as follows:

Energy(x) = −log∑
C

c=1
elc , (5)

where C denotes the number of classes, and lc denotes the logit
value of sample x on the c‐th class suggested by the internal
classifier. A higher energy score indicates greater prediction
uncertainty. Per Equation (5), the energy score is computed
based on the logits of individual samples, offering a local
perspective for estimating prediction uncertainty. For energy‐
based early exiting, the inference process is terminated once
the energy score falls below the predefined threshold.

Stage I. In the first stage, the residual score and the energy score
are used independently to make exiting decisions. Given a
sample, there are three potential decision outcomes at each
intermediate layer, corresponding to the positive, negative, and
boundary regions in three‐way decisions:

� Positive Region. If a consistent ‘exit’ decision is made using
either the energy score or the residual score, the sample
exits from the current layer.

� Negative Region. If a consistent ‘continue’ decision is made
using either the energy score or the residual score, the
sample continues to execute the next layer.

� Boundary Region. If inconsistent decisions arise from the
energy score and the residual score, an additional second‐
stage decision process is introduced to enhance prediction
uncertainty estimation for boundary region samples, thus
enabling more reliable exiting decisions.

Stage II. We introduce a novel exiting signal for the second
stage, called the Uncertainty‐Aware Probability (UAP) score.
This score integrates global and local information at the feature
level to better handle boundary region samples. Specifically, to
enable feature‐level integration, we convert the residual score
into a new logit by scaling and then output the softmax prob-
ability corresponding to the new logit as the UAP score. The
new logit is calculated as below:

l0 = α‖xP⊥
‖ = α

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
xTRRTx

√
(6)

is the scaled residual score where the scaling parameter α is a
constant. Note that the residual score cannot be directly used as
a new logit, as the subsequent softmax operation is highly
sensitive to the logit scale. If the residual score is excessively
large, it will dominate the final UAP score; conversely, if the
residual score is too small, it will be buried by the noise in the
original logits. To match the scales of the new logit and the
original logits, we set the α value as the ratio of the means of the
maximum original logit and the residual score:

α =
∑

K
k=1maxc=1,…,C lk,c{ }

∑
K
k=1‖xP⊥

k ‖
, (7)
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where x1, x2,…, xK are K samples uniformly sampled from the
training set, and lk,c denotes the logit of sample xk for the c‐th
class. In this way, the scale of the new logit matches that of the
maximum original logit on average.

We add this new logit to the original logits. Unlike the original
logits which indicate the similarity of features to each original
class (local information), the new logit indicates the deviation of
features from the principal space (global information). The UAP
score is finally defined as the softmax probability corresponding
to the new logit:

UAP(x) =
eα

̅̅̅̅̅̅̅̅̅̅̅̅
xTRRTx

√

∑
C
c=1elc + eα

̅̅̅̅̅̅̅̅̅̅̅̅
xTRRTx

√ , (8)

where lc denotes the original logit of sample x for the c‐th class.
The UAP score lies in (0, 1). Its value represents the probability
of the sample belonging to the constructed virtual Out‐Of‐
Distribution (OOD) class, indicating the model's inability to
provide high‐certainty predictions. Hence, the UAP score can
serve as a proxy for prediction uncertainty in the second stage,
and the exiting criterion is met once its value falls below a
predefined threshold.

To analyse the information sources of UAP, we have its equiv-
alent expression by applying a monotonic increasing func-

tion f (x) = − ln(1x − 1):

α‖xP⊥
‖ − ln ∑

C

c=1
elc( ), (9)

where the first term is the scaled residual score and the second
term is the energy score, both of which are highly correlated
with prediction uncertainty. We notice that samples with higher
residual and energy scores exhibit elevated UAP scores, indi-
cating increased prediction uncertainty. Obviously, the pro-
posed UAP score integrates global information from residual
scores with local information from energy scores at the feature
level by adding the scaled residual score as a new logit. This
facilitates prediction uncertainty estimation for boundary region
samples, enabling more reliable exiting decisions.

3.5 | Training Stage

Following previous studies [10, 11, 29], the training objective of
our method is formulated as the weighted sum of cross‐entropy
losses across all classifiers:

L =
∑

M
m=1m × L(m)

∑
M
m=1m

, (10)

where L(m) denotes the cross‐entropy loss at the m‐th classifier.
Considering that shallow‐layer parameters receive more super-
vision signals from internal classifiers than deep‐layer parame-
ters, the loss weight assigned to each classifier is proportional to
its layer number. This weighting strategy balances the param-
eter updates across shallow and deep layers. Importantly,

internal classifiers are jointly trained with the backbone model
without parameter sharing across layers.

4 | Experimental Results and Analysis

In this section, we evaluate our method on six classification
tasks in the GLUE benchmark [42] using BERT‐base Devlin
et al. [1] as the backbone model. We first briefly introduce the
datasets, followed by a description of the baseline methods and
experimental settings. The experimental results and analysis are
at the end.

4.1 | Tasks and Datasets

We conduct experiments on six classification tasks in the GLUE
benchmark [42], including SST‐2, MRPC, QNLI, RTE, QQP, and
MNLI. We exclude the STS‐B task since it is a regression task.
We also exclude the WNLI and CoLA tasks following previous
studies [9, 11, 12, 14, 19, 29]. The dataset statistics are provided
in Table 1.

4.2 | Baselines

We select three groups of representative and state‐of‐the‐art
baselines for convincing comparisons.

Backbone. Firstly, we adopt the widely used pre‐trained model
BERT‐base [1] as the backbone, offering a performance refer-
ence with a 1.00× speed‐up ratio for each task.

Budget Exiting. We choose BERT‐6L, where the first 6 layers of
the BERT‐base and a classifier are jointly fine‐tuned to provide
the final predictions. BERT‐6L achieves static model accelera-
tion with a 2.00× speed‐up ratio, setting a lower bound for early
exiting models as no specific exiting strategies are employed.

Early Exiting. We choose DeeBERT [9], Right‐Tool Schwartz
et al. [17], E‐LANG Akbari et al. [18], PABEE [10], F‐PABEE
Gao et al. [20], DE3‐BERT He et al. [15] and PCEE‐BERT Z.
Zhang et al. [25], which encompass all existing heuristic exiting
strategies, including score‐based strategies, patience‐based
strategies, and hybrid strategies. To validate the effectiveness
of integrating local and global information, we also present the

TABLE 1 | Dataset statistics.

Dataset Classes |Train| |Dev| |Test| Task
SST‐2 2 67k 0.9k 1.8k Sentiment

MRPC 2 3.7k 0.4k 1.7k Paraphrase

QQP 2 364k 40k 391k Paraphrase

MNLI 3 393k 20k 20k NLI

QNLI 2 105k 5.5k 5.4k QA/NLI

RTE 2 2.5k 0.3k 3k NLI
Abbreviations: QA, Question Answering task; NLI, Natural Language Inference
task.
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experimental results of Residual, which relies solely on the re-
sidual score for exiting decision‐making.

For fair comparisons, the methods employing learning‐based
exiting strategies Xin et al. [12]; Balagansky and Gavrilov [13];
Zeng et al. [14]; Mangrulkar et al. [27]; Sun et al. [26] are not
included since they require additional parameters and training
costs in formulating their exiting criteria. In contrast, our
method employs a heuristic exiting strategy for direct exiting
signal computation, facilitating implementation but also con-
straining the model acceleration performance. Besides, early
exiting methods that focus on improving training objectives or
network architectures Li et al. [19]; Ji et al. [28]; Liao et al. [11];
Zhu [29]; Zhu et al. [30] are also excluded, as our method pri-
marily focuses on enhancing exiting strategies.

4.3 | Experimental Settings

Speed Measurement. Since the actual inference time is unstable
across different runs, following previous studies Zhang et al.
[25]; Liao et al. [11], the speed‐up ratio for inference is
measured as the ratio of the total number of layers in the model
to the layers actually executed during forward propagation:

Speed‐up Ratio =
∑

M
m=1M × Nm

∑
M
m=1m × Nm , (11)

where M denotes the total number of layers in the model and
Nm denotes the number of samples exiting from the m‐th layer.
This metric has been demonstrated approximately proportional
to the actual inference time (see Section 4.5).

Training. Our implementation is based on Hugging Face's
Transformers library [43]. We add a single‐layer fully connected
network as the internal classifier at each intermediate layer of
the PLM. All internal classifiers are jointly trained with the
backbone model. Following Zhou et al. [10] and Zhang et al.
[25], we perform a grid search over learning rates of {1e‐5, 2e‐5,
3e‐5, 5e‐5}, and batch sizes of {16, 32, 128}. The maximum

sequence length is set to 128. We employ a linear decay learning
rate scheduler and the AdamW optimiser [44]. All experiments
are performed on two RTX4090 GPUs with 24GB.

Inference. Following prior research [20, 25], we set the batch
size to 1 for the inference stage. This setting emulates a
common industry situation where requests from various users
are received sequentially. We set the number of principal
components D for each intermediate layer as the minimum
value that ensures the cumulative variance contribution rate
exceeds 85%. This threshold is widely accepted in the field of
PCA Gerst [45]; Zhao and Zhang [46], as it effectively retains
the main patterns of the data distribution while minimising
noise and redundant information. We set K in Equation (7) to
be half of the total number of samples in the training set. For
fair comparisons, we manually adjust the thresholds for each
task to attain a similar speed‐up ratio to the baseline methods
(approximately 2.00×), and further compare their task
performance.

4.4 | Overall Performance Comparison

In this subsection, we compare the performance‐efficiency
trade‐off of our method with those of the baseline methods.

Table 2 presents the test results of each early exiting method on
the GLUE benchmark using BERT‐base as the backbone model.
The speed‐up ratio is approximately 2.00×. Overall, our method
consistently outperforms all baseline methods across all tasks,
achieving an average speed‐up ratio of 2.17× with minimal
performance degradation compared to the backbone model. It
also surpasses the state‐of‐the‐art baseline E‐LANG by 11% in
inference speed while simultaneously delivering an average
performance improvement of 0.6 points. These observations
demonstrate the effectiveness of integrating local and global
information in facilitating inference efficiency while maintain-
ing task performance. Notably, our method significantly out-
performs the similar DE3‐BERT on most tasks, further
confirming the superiority of the proposed residual score and

TABLE 2 | Test results on the GLUE benchmark using BERT‐base as the backbone model.

Method RTE MRPC QQP SST‐2 QNLI MNLI AVG
BERT‐base‡ 66.4 (1.00�) 88.9 (1.00�) 71.2 (1.00�) 93.5 (1.00�) 90.5 (1.00�) 84.6 (1.00�) 82.5 (1.00�)

BERT‐� 63.9 (2.00�) 85.1 (2.00�) 69.7 (2.00�) 91.0 (2.00�) 86.7 (2.00�) 80.8 (2.00�) 79.5 (2.00�)

DeeBERT† 64.3 (1.95�) 84.4 (2.07�) 70.4 (2.13�) 90.2 (2.00�) 85.6 (2.09�) 74.4 (1.87�) 78.2 (2.02�)

Right‐tool 64.6 (1.92�) 84.2 (2.04�) 70.5 (2.04�) 89.3 (1.92�) 86.2 (1.96�) 77.6 (2.04�) 78.7 (1.99�)

PABEE† 64.0 (1.81�) 84.4 (2.01�) 70.4 (2.09�) 89.3 (1.95�) 88.0 (1.87�) 79.8 (2.07�) 79.3 (1.97�)

PCEE‐BERT 67.1 (1.89�) 86.4 (2.13�) 70.9 (1.96�) 92.3 (1.92�) 88.8 (2.17�) 82.2 (1.80�) 81.3 (1.98�)

E‐LANG 67.2 (1.96�) 87.0 (1.98�) 71.0 (1.89�) 92.2 (2.05�) 89.6 (1.89�) 83.0 (1.96�) 81.7 (1.96�)

F‐PABEE 67.3 (1.85�) 87.5 (2.16�) 70.7 (1.92�) 92.3 (1.96�) 89.2 (2.14�) 82.2 (2.08�) 81.5 (2.02�)

DE3‐ 65.7 (1.99�) 86.6 (1.98�) 71.2 (2.16£) 92.5 (2.02�) 90.0 (2.07�) 83.2 (2.04�) 81.5 (2.04�)

Residual 67.0 (1.93�) 87.1 (2.18�) 70.6 (2.07�) 92.2 (2.04�) 88.9 (1.98�) 82.5 (1.92�) 81.4 (2.02�)

Ours 68.2 (1.95£) 88.2 (2.59£) 71.0 (2.05�) 92.9 (2.14£) 90.2 (2.35£) 83.3 (1.96£) 82.3 (2.17£)
Note: † and ‡ denote the baseline results taken from GPFEE [11] and the original papers, respectively. Other baseline results are based on our implementation.
We report F1‐score for MRPC and QQP and accuracy for other tasks. The best results are marked in bold.
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dual‐level information integration strategy. Interestingly, we
observe that our method achieves more significant performance
improvements over the baseline methods on small datasets. For
instance, on the small datasets RTE and MRPC, our method
surpasses the competitive E‐LANG by 1.0 and 1.2 points,
respectively, while improvements on the remaining larger
datasets are limited to a maximum of 0.7 points. We attribute
this to the model's overfitting on small datasets, which results in
an excessively optimistic estimation of prediction uncertainty
when relying solely on the model outputs for individual sam-
ples, potentially undermining the reliability of exiting decisions.
In this scenario, leveraging prior knowledge from the sample
population indicated by residual scores is particularly crucial for
accurately estimating prediction uncertainty. Hence, the per-
formance gains from incorporating residual scores become
increasingly significant. Additionally, the performance of our
method even outperforms that of the original BERT‐base on the
RTE task. This suggests that our method effectively mitigates
the overthinking problems in PLMs by allowing easy samples to
exit at appropriate intermediate layers. It enables accurate pre-
dictions using high‐quality shallow‐layer representations rather
than excessively complicated deep‐layer representations,
enhancing task performance while minimising redundant
computations.

We also compare the performance‐efficiency trade‐off curves of
our method and three competitive baseline methods using the
same fine‐tuned multi‐exit PLM. Figure 4 shows the experi-
mental results on a representative subset of GLUE. Each point
on the curve corresponds to a set of selected thresholds, whose
horizontal and vertical coordinates represent the corresponding
speed‐up ratio and task performance. Our method consistently
outperforms the baseline methods that rely solely on local in-
formation across nearly all tasks and speed‐up ratios. Notably,
as the speed‐up ratio increases, our method exhibits a more
gradual decline in task performance compared to baselines,
demonstrating its superiority in high acceleration scenarios.
This effectiveness stems from our integration of local and global

information at both the decision and feature levels, which en-
hances the reliability of exiting decisions and facilitates a better
performance‐efficiency trade‐off.

4.5 | In‐Depth Analysis

We conduct an in‐depth analysis to illustrate the working
mechanism of our method, further validating the interpret-
ability of our proposed dual‐level information integration
strategy. To ensure consistent and convincing results, we
conduct experiments on a representative subset of GLUE,
including SST‐2, QNLI, MNLI, and QQP.

Ablation Studies. As mentioned in Section 3.4, our method in-
tegrates global information from residual scores with local in-
formation from energy scores at both the decision and feature
levels to enable reliable exiting decisions. To explore the
contribution of local and global information in exiting decision‐
making, and validate the necessity of conducting dual‐level in-
formation integration, we conduct ablation studies on local in-
formation, global information and decision‐level information
integration, respectively.

Figure 5 shows the performance‐efficiency trade‐off curves us-
ing different exiting strategies on a representative subset of
GLUE. For each task, the experimental results are based on the
same model trained as illustrated in Section 3.5. According to
Figure 5, our two‐stage hybrid exiting strategy and the one‐stage
hybrid exiting strategy UAP consistently outperform any single
strategy using either residual scores or energy scores across all
tasks. This observation confirms the effectiveness of integrating
global information from residual scores with local information
from energy scores, indicating that these two types of

FIGURE 4 | Performance‐efficiency trade‐offs using different early
exiting methods on four GLUE development sets.

FIGURE 5 | Performance‐efficiency trade‐offs using different exiting
strategies on four GLUE development sets. Ours denotes the proposed
two‐stage exiting strategy, while Residual, E‐LANG and UAP
represent one‐stage exiting strategies based on the residual score,
energy score and UAP score, respectively.
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information can mutually correct each other to enhance the
reliability of exiting decisions.

Furthermore, the proposed two‐stage hybrid exiting strategy
demonstrates a superior trade‐off between performance and
efficiency compared to the one‐stage hybrid strategy UAP,
which integrates local and global information solely at the
feature level. We attribute this to the following reasons. In
contrast to feature‐level information integration, decision‐level
information integration can avoid information loss and pre-
serve the integrity of each information source, providing diverse
perspectives for exiting decision‐making. Hence, the effect of
decision‐level information integration cannot be replaced by
feature‐level integration. This demonstrates the necessity of
integrating local and global information at both the decision and
feature levels, which facilitates their mutual correction and
further enhances the reliability of exiting decisions.

DIS Analysis for Exiting Signals. Difficulty Inversion Score (DIS)
was first introduced by CascadeBERT Li et al. [19] to evaluate
the capability of exiting signals in distinguishing easy samples
from hard samples. A higher DIS indicates greater consistency
between the exiting signal and sample difficulty, which facili-
tates prediction uncertainty estimation and leads to more reli-
able exiting decisions.

To investigate the impact of integrating local and global infor-
mation on the discriminative capability of exiting signals, we
compare the DIS of various exiting signals on the development
sets of SST‐2 and QNLI, as shown in Table 3. The experimental
results are based on the outputs of layers 2, 6 and 10. We see
that, compared to exiting signals utilising a single information
source, the proposed UAP score exhibits a higher DIS in nearly
all cases. This suggests that, by integrating global information
from residual scores with local information from energy scores
at the feature level, the proposed UAP score demonstrates a
stronger discriminative capability across various layers and
tasks, which is crucial for making reliable exiting decisions.

Statistics of Exiting Decisions. We adopt two types of error rates,
that is Premature Exiting Rate and Delayed Exiting Rate, to
evaluate the reliability of exiting decisions.

� The Premature Exiting Rate is defined as the percentage of
‘exit’ decisions made under the condition that incorrect
early predictions are provided by internal classifiers.

� The Delayed Exiting Rate is defined as the percentage of
‘continue’ decisions made under the condition that correct
early predictions are provided by internal classifiers.

On one hand, we employ the Premature Exiting Rate to indicate
the model's tendency to emit samples prematurely with incor-
rect early predictions, which may hinder the task performance
of early exiting models. On the other hand, we utilise the
Delayed Exiting Rate to reflect the model's tendency to delay the
exiting of samples with correct early predictions, which may
cause redundant computations and prolong the inference time.
These two error rates offer insights into the reliability of exiting
decisions from different perspectives. The exiting decisions are
considered sufficiently reliable only when both the Premature
Exiting Rate and the Delayed Exiting Rate are adequately low.

Figure 6 presents the two error rates for exiting decisions across
various early exiting methods. We observe that methods solely
using global information consistently exhibit lower Premature
Exiting Rates and higher Delayed Exiting Rates compared to
those solely using local information in nearly all cases. This
suggests that the singleness of information sources limits the
reliability of exiting decisions: solely relying on local informa-
tion overlooks the global insights from the sample population,

TABLE 3 | DIS analysis for each exiting signal at different layers on
the development sets of SST‐2 and QNLI.

Method
SST‐2 QNLI

L = 2 L = 6 L = 10 L = 2 L = 6 L = 10
PCEE‐
BERT

66.3 73.2 75.2 54.5 65.9 70.7

F‐PABEE 71.2 78.3 81.0 55.6 68.3 71.6

E‐LANG 72.5 78.8 82.8 57.3 75.1 76.0

Residual 71.8 80.5 80.9 56.2 77.9 77.2

UAP 75.6 82.2 81.0 59.4 79.8 79.1
Note: The best results are marked in bold.

FIGURE 6 | Error rate statistics for exiting decisions across various
early exiting methods. Results are reported on the development sets
of SST‐2 and QNLI at speed‐up ratios of 2.00×, 3.00× and 4.00×.
We collect the prediction results and exiting decisions for each
sample across all executed layers, meaning that each sample
provides a sampling for every layer it processed. The Premature
and Delayed Exiting Rates are then calculated based on this data.
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exacerbating the premature exiting of samples with incorrect
early predictions, while exclusive use of global information
disregards individual sample‐specific details, which exacerbates
the delayed exiting of samples with correct early predictions. In
contrast, our method effectively reduces both the Premature
Exiting Rate and the Delayed Exiting Rate by jointly considering
local and global information, facilitating the reliability of exiting
decisions.

Additionally, it is noteworthy that both error rates in our
method are significantly lower than those in UAP, which adopts
a one‐stage exiting strategy integrating local and global infor-
mation only at the feature level. This finding is consistent with
the observations shown in Figure 5. We attribute this to the
decision‐level information integration, which effectively pre-
serves the advantages of individual information sources and
facilitates their mutual correction. This demonstrates the ne-
cessity of integrating local and global information at both the
decision and feature levels to enhance the reliability of exiting
decisions.

Visualisation of Sample Exiting Layers. To explore the distribu-
tion of exiting layers in the feature space, we visualise the
sample's exiting layers using t‐SNE projection van der Maaten
and Hinton [47] based on the outputs of the sixth layer. Figure 7
shows the visualisation results and the corresponding task

performance under various speed‐up ratios for the SST‐2 and
QNLI tasks. Each point represents a sample, with its colour
indicating the corresponding exiting layer. It is intuitive that
samples far from the classification boundary are generally
considered easy, while those near the boundary are often
deemed more challenging. As shown in Figure 7, easy samples
tend to exit at shallow layers, whereas hard samples are more
likely to exit at deeper layers. Additionally, as the speed‐up ratio
continues to increase, the exiting layer of samples gradually
decreases, leading to improved inference efficiency but also
causing a certain level of performance degradation. These ob-
servations are consistent with our intuition, further validating
the effectiveness of our method.

Computational and Storage Costs. Table 4 shows the computa-
tional complexity of each module in our model. Note that the
computational complexity introduced by R and α in Equa-
tion (6) are excluded, as they are computed only once before the
inference stage, and their results can be shared across all sam-
ples during inference. We observe that the computational
overhead incurred by making exiting decisions is only 1.2M per
layer for each sample, which is negligible compared to the
1813.5M of an encoder block. This confirms that the exiting
decision‐making process is computationally efficient and will
not impact the model's inference speed. Moreover, since the
model's computational costs are primarily driven by the encoder
blocks, they are approximately proportional to the number of
layers executed. This further validates the use of saved layers to
measure model acceleration as shown in Equation (11).

Table 5 compares the parameter volumes of our early exiting
model with those of the original backbone BERT‐base. We find
that for a task involving 2 (or 3) classes, our method introduces
only 16.92K (or 25.38K) parameters by incorporating an internal
classifier at each intermediate layer of the backbone model,
leading to a minimal 0.015% (or 0.023%) increase in the model's
storage costs. Additionally, the exiting decision‐making module
in this paper is parameter‐free, further demonstrating the stor-
age efficiency of our method.

FIGURE 7 | Exiting layer distribution on the development sets of
SST‐2 and QNLI under various speed‐up ratios. The corresponding
task performance is provided in parentheses. Neg and Pos denote
negative and positive samples, respectively. The colour represents the
sample's exiting layer.

TABLE 4 | Computational complexity of each module in our model.

Module
FLOPs

C = 2 C = 3
Embedding 786.4K 786.4K

Encoder 1813.5M 1813.5M

Pooler 1.2M 1.2M

Classifier 3.1K 4.6K

Exiting Decision‐Making∗ 1.2M 1.2M
Note: C denotes the number of classes. The ∗ indicates the module
introduced by our method.

TABLE 5 | Comparison of parameter volumes.

Model
#Params

C = 2 C = 3
BERT‐base 109.48M 109.48M

Ours þ16.92K þ25.38K
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Based on the above analysis, our method is efficient in terms of
both storage and computation.

Analysis of Speed Measurements. To investigate whether the
speed measurement based on saved layers in Equation (11) can
accurately reflect model acceleration, we collect the total
number of executed layers and inference time for all samples
across various UAP thresholds on the SST‐2 development set
as shown in Table 6. We observe that the model's actual
inference time is approximately proportional to the total
number of executed layers, with a Pearson correlation coeffi-
cient of up to 0.99 between them. This aligns with our
observation in Table 4 that the model's computational over-
head during inference is approximately proportional to the
number of layers executed. These observations confirm that
the speed measurement in Equation (11) can serve as a proxy
for the model's actual runtime or computational costs, accu-
rately reflecting model acceleration. Given that the actual
inference time is typically unstable across different runs, we
use saved layers as the metric for model acceleration in this
paper.

Analysis of Cross‐Domain Generalisation. To validate the
generalisation capability of our method on cross‐domain data,
we establish the source and target datasets that share the
same labels but have different distributions. We train the
proposed model using the source dataset and then test it on
the target dataset. Preciously, we choose the IMDb and SNLI
datasets as the targets, while the SST‐2 and MNLI datasets
serve as their corresponding sources. The IMDb and SST‐2 are
sentiment classification tasks, containing film reviews labelled
as positive or negative. The SNLI and MNLI are natural

language inference tasks, comprising sentence pairs labelled as
entailment, contradiction or neutral regarding their logical
relationships.

In Table 7, we report the experimental results on the target
datasets for each early exiting method. We choose the state‐of‐
the‐art cross‐domain early exiting method CeeBERT Bajpai and
Hanawal [48] as the baseline. CeeBERT employs a score‐based
exiting strategy, with the softmax score as its exiting signal. It
introduces an unsupervised online learning algorithm to
determine the optimal thresholds for the target datasets, thus
facilitating efficient unsupervised cross‐domain inference for
PLMs.According to Table 7, our method exhibits slightly
inferior performance on the target datasets compared to the
baseline CeeBERT.This is attributed to the fact that our
method relies on the prior knowledge acquired from the
training set, specifically the principal space spanned by the
first D principal components of the training data. While this
prior knowledge can enhance the reliability of exiting decisions
for in‐domain data by providing a global perspective, its ben-
efits may be diminished in cross‐domain scenarios due to
distributional differences between training and test data. These
distribution differences can even affect the reliability of exiting
decisions, leading to sub‐optimal performance‐efficiency trade‐
offs of PLMs. This issue warrants further research and
exploration.

Analysis of Statistical Significance. To evaluate the statistical
significance of our method's improvements over the baseline
methods in low acceleration scenarios, we conduct one‐sided t‐
tests. Specifically, we collect experimental results from models
trained with 5 different seeds for both our method and the
baselines under speed‐up ratios of 1.30×, 1.60× and 1.90×,
respectively. We then calculate the mean and standard devia-
tion of the performance across different models for each
method and speed‐up ratio as shown in Table 8. The one‐tailed
t‐tests at a significance level of 0.05 further confirm the statis-
tically significant improvements of our method over the base-
lines, providing strong evidence for the effectiveness and
superiority of our proposed method in low acceleration
scenarios.

Generality on Other Backbones. To explore the generalisation
capability of our method across different backbones, we conduct
experiments with ALBERT Lan et al. [2], which is a more
lightweight and efficient variant of BERT. In Table 9, we report
the test results of our method compared to the competing
baselines on a representative subset of GLUE using the
ALBERT‐base backbone. The results suggest that our method
consistently outperforms the baseline methods by a clear
margin on all tasks, demonstrating its strong generalisation
capability across various PLMs.

TABLE 6 | Total executed layers and inference time for all samples in
the SST‐2 development set across various thresholds for the UAP score.

Threshold Executed layers Inference time (s)
0.00 10,464 16.95

0.02 9560 16.57

0.04 7051 15.13

0.06 5819 13.45

0.08 4858 12.86

0.10 4146 12.43

0.13 3475 11.71

0.16 2896 11.62

0.20 2296 10.60

0.23 1906 9.70

0.26 1651 9.55

0.30 1350 9.29

0.32 1174 9.67

0.34 1002 9.75

0.36 885 8.82

0.38 872 9.12

0.40 872 9.12

1.00 872 9.11

TABLE 7 | Experimental results on the target datasets for each
method.

Method SST‐2_IMDb MNLI_SNLI
CeeBERT 81.0 (2.95�) 79.4 (2.63�)

Ours −0.3 (2.94�) −0.4 (2.61�)
Note: The datasets are formatted as (source_target).
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5 | Conclusion

In this paper, we propose a novel two‐stage early exiting
method using PCA and three‐way decisions. Our method
effectively enhances the reliability of exiting decisions by
integrating global information from residual scores with local
information from energy scores at both the decision and
feature levels, yielding a better trade‐off between task perfor-
mance and inference efficiency for PLMs.Our method is simple
yet effective. Extensive experiments on the GLUE benchmark
validate the superiority, generality and interpretability of our
method, with negligible additional computational or storage
costs.
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