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Abstract. Large-scale pre-trained language models such as BERT
have contributed significantly to the development of NLP. However,
those models require large computational resources, making it dif-
ficult to be applied to mobile devices where computing power is
limited. In this paper we aim to address the weakness of existing
input-adaptive inference methods which fail to take full advantage
of the structure of BERT. We propose Dynamic Planning in BERT, a
novel fine-tuning strategy that can accelerate the inference process of
BERT through selecting a subsequence of transformer layers list of
backbone as a computational path for an input sample. To do this, our
approach adds a planning module to the original BERT model to de-
termine whether a layer is included or bypassed during inference. Ex-
perimental results on the GLUE benchmark exhibit that our method
reduces latency to 75% while maintaining 98% accuracy, yielding
a better accuracy-speed trade-off compared to state-of-the-art input-
adaptive methods.

1 Introduction

Recently, pre-training language models (PLMs) have shown pow-
erful capabilities in Natural Language Processing (NLP), achieving
sota-level results in a tremendous amount of tasks. Despite the pro-
motion in accuracy, the number of parameters of those PLMs, such
as BERT [2], RoBERTa [17] and XLNet [36], reaches millions or
even billions, which renders them costly to do inference. This draw-
backs make it even more challenging when we perform the inference
on mobile devices due to sluggish computation speed. Therefore, it
is desirable to minimize the inference time of the PLMs while main-
taining an acceptable accuracy.

In order to deal with the above-mentioned issues, approaches
have been proposed to accelerate the inference, such as early exit-
ing [34], knowledge distillation [20], and quantization [24] pruning
[7], among which early exiting is a reference acceleration method de-
signed for models with repetitive architecture. Recently, early exiting
was applied to the variants of BERT, which consist of a sequence of
transformer layers [27] and a task-specific classifier. According to
the degree of difficulty of tasks, early exiting could be performed on
one of the intermediate classifiers through a specific exiting decision
mechanism during inference. In this work we focus on designing a
novel mechanism of early exiting.

From the observation that lower layers of PLMs may capture more
syntactic information while higher layers may capture more high-
level semantic information [26], we conjecture that each transformer
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Figure 1. Comparison of inference between early exiting and dynamic
planning.

layer has different functionalities. Previous early exiting approaches
reduce the computation of several of the top layers to achieve infer-
ence acceleration [22, 34]. Due to the constraint of the mechanism,
however, the calculation of the bottom and middle layers could not
be bypassed during inference, which means the inference path (com-
posed of different layers of the PLMs) of a task cannot be selected
“freely”.

To address those issues, we propose DPBERT, which stands for
Dynamic Planning for BERT, a novel framework that constructs
an inference path with arbitrary transformer layers skipped. As de-
scribed in [30], in the field of computer vision, deep representations
are only necessary for a small percentage of images, and thus it
can achieve model acceleration through adding a dynamic planning
mechanism to ResNet [8], i.e., it determines whether a layer of a
convolutional neural network should be included when processing a
given image. Inspired by the above work, we assume that it is also ef-
fective to apply dynamic planning mechanisms in BERT, since BERT
consists of multiple repetitive networks similar to ResNet. Given the
input text, we construct hidden states corresponding to the trans-
former layers, which determine the planning decision of the layers.
After that, we build a planning policy network corresponding to each
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transformer layer to map hidden states to decision actions, i.e., skip-
ping or executing the subsequent layer.

Figure 1 compares the inference procedure between previous early
exiting approaches and our DPBERT. In previous early exiting, the
inference process skips all of the layers that are after a layer being
determined to be skipped (and directly calculates the classification
or regression result based on the layers that are before the first layer
being skipped). In comparison, our DPBERT determines whether a
transformer layer is included in the inference procedure, allowing
various combination of transformer layers for inference. We conjec-
ture that our DPBERT possesses better trade-offs between model per-
formance and inference time based on the flexible planning mecha-
nism.

Learning an efficient planning strategy is critically and challeng-
ing. To compress the computation while maintaining accuracy, it is
important to appropriately bypass the unnecessary transformer lay-
ers in BERT for each input sample. During inference, a sequence of
transformer layers is decided whether to be included into the com-
putational path or not. To solve this sequential decision problem, we
add reinforcement learning to our framework, using token represen-
tation as state and planning networks as policy network. Through re-
warding the actions of skipping layers but maintaining accuracy, our
model learns to accomplish a better accuracy-speed trade-off. We ex-
perimentally demonstrate that the addition of reinforcement learning
is more effective compared to soft approximations (Section 4.7).

In summary, our contributions are as follows:

• We present DPBERT, a novel and universal input-adative infer-
ence mechanism. Compared with early exiting, it allows unre-
stricted choice of computational path for input samples.

• We propose a multi-stage training approach incorporating rein-
forcement learning that allows for a shorter computational path
while preserving as much of the model’s effectiveness as possible.

• Extensive and massive experiments are conducted on GLUE
benchmark. Compared to BERT, DPBERT can accelerate infer-
ence by up to 1.34× while maintaining 98% accuracy.

2 Related Work

The existing mainstream inference acceleration methods for pre-
trained models fall into two main types: (1) Static approaches re-
duce the computational effort of each sample inference by reducing
the model parameters, i.e. there is no difference in the layers that
each sample passes through. (2) Input-Adaptive approaches allow
the model to select different computational paths based on instances
during inference. Therefore, simpler input instances require shorter
model paths to complete the inference. In this way, the computation
time of model inference can be effectively reduced. The method we
propose belongs to the second category mentioned above.

2.1 Static Approaches

There are various established techniques to speed-up model inference
in the context of deep learning. Some of these methods have been
shown to be effective in PLMs acceleration.

Knowledge Distillation [9] offers a practical way to transfer the
knowledge stored in a teacher model to a lightweight student model,
which is more computationally effective. Pruning [5, 18] removes re-
dundant parameters or unimportant modules such as attention heads
and feed forward layers of the model. Quantization [24, 32] is a
method to lowers the demand for the numbers of bits while run-
ning and storing a model. Matrix decomposition [13] decomposes the

large vocabulary embedding matrix into two smaller matrices, mak-
ing it easier to grow the hidden size without significantly increasing
the size of the parameters size of the vocabulary embedding. These
static approaches usually require pre-training the model from scratch.
In these ways, all the input samples have to go through a fixed com-
putational graph. In comparison, input-adaptive approaches can as-
sign different computation path to samples.

2.2 Input-Adaptive Approaches

An alternative strategy for enhancing the efficiency of the model is to
perform adaptive inference for various input samples. This method
allocated fewer resources to certain parts of the input, thereby po-
tentially reducing inference time. Adaptive Computation Time [6]
presents a trainable halting mechanism to construct computational
paths adaptively when inferring. Extended from it, early exiting is
explored to apply in pre-training language models. Depending on dif-
ferent metrics or strategies, early exit allowed the model to stop the
computation at any layer of the network during the inference phase
and obtain the final result immediately through the corresponding
additional classifier. RightTool [23] uses the calibrated confidence
scores of classifiers to make exit decisions. FastBERT [16] and Dee-
BERT [34] evaluated a classifier’s confidence based on the entropy
of the output probability distribution and decided to terminate when
it exceeds a set threshold. BERxiT [35] proposed to apply a learning-
to-exit network module to make the decision and extended early exit
to regression tasks. CascadeBERT [15] found that early exiting faces
a performance bottleneck under high speed-up ratios and thus they
proposed a new framework based on cascading mechanism.

However, early exiting does not allow arbitrary skipping of lay-
ers in the model due to its mechanism, i.e., the model can only save
the computation of the top layers. In the field of computer vision,
BlockDrop [33] and SkipNet [30] used reinforcement learning to de-
termine the dynamic planning computation graph for the inference
phase. In this way, the model was able to construct a specific com-
putational graph for each sample without restrictions. Inspired by
the recent work, we propose DPBERT, a novel pre-training model
acceleration framework that learning to construct a sample-specific
computational path by discarding redundant transformer layers.

3 Methodology

To address that early exiting can only skip the computation of the top
transformer layers, we develop DPBERT, which modifies fine-tuning
and inference of BERT model with no change in pre-training. It adds
one planning network to each transformer layer, which determines
whether to execute the next layer. If the decision is to execute it,
it will be computed normally as the original BERT. Otherwise, the
output of the current transformer layer will skip the computation of
the next transformer layer and be directly input to the subsequent
network layer. An overview of DPBERT is shown in Figure 2.

3.1 Model Architecture

The model architecture of DPBERT is shown in Figure 2. We can
see that DPBERT consists of backbone and planning module. A 12-
layers transformer encoder and an additional classifier compose the
backbone model, while planning module is a sequence of planning
networks correspond to transformer layers.
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Figure 2. The inference process of DPBERT, where the subsequence of transformer layers varies based on the complexity of instance. It shows a sequence of
dynamic planning strategy. During inference, whether each transformer layer is executed or not is determined by the action output from the corresponding

planning network. When the action is executing, the current layer is included in the computational path (marked in green in the figure), and when the action is
skipping, the current layer is bypassed (marked in red in the figure).

3.1.1 Backbone Model

The backbone consists of two parts: an embedding layer and a chain
of transformer layers [28]. These structures are in line with those of
BERT. A common inference process of BERT can be described as
the input instance passes through transformer layers and classifiers
to predict the result.

In detail, given an input sentence x = [w0, w1, ..., wn] of length
n, the model will first embed it as vector representations e as (1):

e = Embedding(x) (1)

where e is the summation of word, position, and segment embed-
dings. Then the word representations pass will through a series of
transformer layers to extract feature like (2):

hi = Transi(hi−1) (2)

where Transi is the ith transformer layer, hi(i = 0, 1, ..., L) rep-
resents the hidden state produced by ith layer, and h0 = e. The
number of transformer layers is L.

Finally, the hidden vectors of the last layer goes through the output
layer to predict the class label distribution or a value (for regression,
assuming an output dimension of 1 for the output).

3.1.2 Planning Module

Based on the framework of the backbone model, we make changes to
the part of transformer layers so that the model can freely construct
the computational paths based on the input instances during infer-
ence. We propose to add a corresponding lightweight planning net-
work Plani to decide whether to enter the layer Transi. In this case,
the number of calculation paths that can be selected by the model in-
creases to 2L, indicating that the samples of different difficulty could
pass through paths of various lengths. We input the hidden state of

the ith layer to the corresponding planning network and makes a de-
cision whether the next layer to be executed or not.

ai = Plani(hi−1) (3)

Where ai is a binary action. When ai = 1 means that the ith trans-
former layer will be executed and vice versa. To avoid yielding too
complex calculations, we apply a lightweight fully connected net-
work as then planning network and expect it to make the decisions
for the subsequent transformer layer based on the previous hidden
state. However, if the hidden state of all tokens is applied as input,
the planning network will be still so computationally intensive that
inference acceleration cannot be achieved. Therefore, we only select
the hidden vector corresponding to some of these tokens as the state
for decision-making.

In the original BERT model, a single-layer fully-connected net-
work is attached to the final transformer layer as the classifier, and
then the classifier is updated with backbone jointly. Finally, The
classifier outputs the prediction which is derived from the vector
corresponding to the CLS token and the other word-vectors are ig-
nored. This process gradually converges the information to the hid-
den state corresponding to the token CLS, which means that it con-
tains a wealth of classification knowledge. Therefore, in this paper,
we only regard the hidden state corresponding to CLS as the priori
knowledge for planning module. Concretely, the planning network
is a lightweight one-layer fully-connected network which takes the
hidden state hi

CLS as input and provides the decision action ai at the
ith layer:

si = sigmoid(hi−1
CLS AT + b) (4)

where A and b are both learnable parameter, which are not shared
between different planning networks. We map the output of the plan-
ning network as a binary action like (5):

ai = I(si > 0.5) (5)
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Depending on the decision action, the model will choose to execute
or bypass the next layer. The process is as follows:

hi = aiTransi(hi−1) + (1− ai)hi−1 (6)

In contrast to the original BERT model where the hidden state has
to go through all layers, the hi in DPBERT is only passed a subse-
quence of the backbone model guided by the planning module. In
order to balance model performance and inference latency, it is criti-
cal for planning networks to identify layers that redundant to a sam-
ple. Consequently, we elaborate how the planning network learn to
choose the inference computation path through reinforcement learn-
ing in Section 3.2.

3.2 Model Training

For downstream inference, DPBERT requires three training steps:
backbone fine-tuning, the planning networks initialization and rein-
forcement learning for the entire model. In the first stage, we use the
original method to fine-tune the backbone model. Then, we add the
planning module and train it with the parameters in the backbone
frozen. In the last stage, the backbone and the planning module need
to be updated jointly in the second stage.

3.2.1 Fine-tuning for Backbone

For the downstream tasks, we take as input the task-specific data to
fine-tune the backbone model. At this stage, the planning module is
not yet operational and the inference procedure of the transformer
layer is the same with the original BERT model [2].

3.2.2 Initialization for Planning Module

In the second stage, we need to tune planning module because the
parameters of the planning networks are initialized at random. To
compute the gradient, we relax the output of the planning network to
a continuous range of [0,1]. In other words, the sigmoid results are
directly utilized as the output of the planning networks, i.e. ai = si,
thus allowing for gradient back propagation. With the parameter
of the backbone frozen, We perform supervised training with task-
specific labelled data. This approach can effectively initialize the pa-
rameters of the planning network. Subsequently, we jointly train the
backbone and planning module to enable the model to discard redun-
dant layers while maintaining excellent ability.

3.2.3 Reinforcement Learning for the Entire Model

Since DPBERT make a series of discrete decisions at planning mod-
ule, we use reinforcement learning to solve this process. In the con-
text of policy estimation, we frame the task of estimating the plan-
ning function as follows. The planning policy is defined as a function
taking input as the hidden state hi and output the probability distri-
bution over the planning action ai, representing executing(ai=1) or
bypassing(ai=0) the ith transformer layer:

π(hi−1) = P(Plani(hi) = ai) (7)

where Plani(i = 1, 2, ..., L) is the set of policy networks that need
to be updated in our proposal framework. We define the sequence of
planning decision samples starting from input x as:

a = [a1, ..., aL] ∼ πTransθ (x) (8)

where Transθ = [Trans1θ, ...,TransLθ ] is the sequence of network lay-
ers parameterized by θ and ai ∈ {0, 1}. The planning reward Ri

corresponding to the planning network Plani is defined as the future
rewards:

Ri =
1

L

L−i∑
i=0

(1− ai)Ci − βL(ŷ(x, Fθ,a, y)) (9)

where the constant Ci is the cost of executing Transi and we set
it to 1 in our experiment. L is the loss function corresponding to
the downstream task. The adjustable hyperparameter β can balance
accuracy and model acceleration.

In general, the greater the acceleration of the model, the worse the
performance of the model, and vice versa. Thus, we need to con-
strain the degree of acceleration of the model. To control exactly the
extent, We define a metric to estimate the number of layers the model
skipped during inference:

μ =
1

L

L∑
i=1

si (10)

where si is the softmax output of Equation (4). Given a target rate t,
we impose an equality constraint μ = t by introducing a violation
penalty:

ξ = (μ− t)2 (11)

Introducing the penalty term into the gradient update process, we
define the overall objective function as:

J (θ, π) = L(ŷ(x, Fθ,a ∼ π(x), y)−λ1Ea

[ L∑
i=1

Ri

]
+λ2ξ (12)

The first component in Equation (12) is the task-specific function
for which the gradient can be calculated directly, while the second
component is the expected rewards for planning decisions whose
gradients can be obtained by reinforcement learning. λ1, λ2 ∈ R

are two hyperparameters that balance the model acceleration and the
skip rate.

4 Experiments

In this section, we evaluate the effectiveness of DPBERT on the
GLUE benchmark with comparison to state-of-the-art baselines.

4.1 Datasets

We evaluate our proposed approach on six classification datasets and
one regression dataset of the GLUE benchmark [29]. Specifically, we
test on Recognizing Textual Entailment (RTE) [29], Microsoft Re-
search Paraphrase Matching(MRPC) [3], Multi-Genre Natural Lan-
guage Inference Matched(MNLI-m), Multi-Genre Natural Language
Inference Mismatched(MNLI-mm) [31], Question Natural Language
Inference (QNLI) [19], Quora Question Pairs(QQP)1 and Stanford
Sentiment Treebank (SST-2) [25] for the classification task; Seman-
tic Textual Similarity Benchmark(STS-B) [1] for the regression task.
Note that we exclude WNLI [14] following the original BERT paper
[2].

For evaluating, we use accuracy as the metric for RTE, SST-2,
QNLI, MNLI-m and MNLI-mm. The average of accuracy and F1
are applied for QQP and MRPC. The results on STS-B are reported
with the average of the Spearman and Pearson correlation. Mattew’s
correlation is used for CoLA.
1 https://www.quora.com/q/quoradata/First-Quora-Dataset-Release-

Question-Pairs
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Model speed-up CoLA
(8.5K)

MNLI-(m/mm)
(393K)

SST-2
(67K)

QNLI
(105K)

MRPC
(3.7K)

QQP
(364K)

RTE
(2.5K)

STS-B
(5.7K) Avg

Dev.Set
BERT-base 1.00× 57.2 84.7 92.1 91.3 88.1 89.8 67.9 88.3 82.4
Layer Drop 1.94× 45.4 80.7 90.7 88.4 85.9 88.3 65.2 85.7 78.8
DistilBERT 1.63× 51.3 82.2 91.391.391.3 89.289.289.2 87.5 88.5 59.9 86.9 79.6
DEEBERT 1.33× 41.2 79.2 90.5 87.0 82.9 86.4 64.6 - 76.0
BERxiT 1.40× 42.0 81.9 90.7 88.0 81.8 88.9 63.2 87.7 78.0
PaBEE 1.33× 51.1 82.1 90.6 87.9 82.6 89.089.089.0 65.7 88.7 79.7
DPBERT(ours) 1.34× 56.856.856.8 82.582.582.5 90.890.890.8 88.788.788.7 87.887.887.8 88.3 66.866.866.8 88.788.788.7 81.381.381.3

Test Set
BERTbase 1.00× 52.1 84.0 93.5 90.5 88.9 71.2 66.4 85.8 79.1
DPBERT(ours) 1.34× 53.5 82.8 91.9 88.4 86.5 69.3 65.9 83.5 77.7

Table 1. Overall results on the GLUE benchmark. Results of development sets are averaged over 3 runs and we submit the model with the highest score to the
leaderboard to obtain the results of test sets. We average the speed-up ratio across 9 tasks and obtain the overall speed-up ratio. The numbers under each dataset

represent the number of training samples. We mark "-" on STS-B for DEEBERT since it do not support regression.

4.2 Baselines

For the tasks mentioned above, we compare our method with three
types of baselines and methods:

• Backbone models: we choose 12-layer BERT-base model re-
leased by Google [2].

• Static approaches: We report the performance of LayerDrop [4],
an effective weight tuning method. For knowledge distillation, we
include the results of DistilBERT [21].

• Input-adaptive inference: The early exiting methods including
DEEBERT [34], PABEE [37] and BERxiT [34] constraint the de-
gree of speed-up through a threshold.

Following the settings in the previous study [37], we search over
a set of thresholds to find the one producing the best performance
for the baselines. In this process, we constrain the speed-up ratio be-
tween 1.30× to 1.96× (the speed-up ratios of BERT-9L and -6L, re-
spectively) to make a fair comparison. The results provided in some
baselines are based on different datasets or models. For example,
DEEBERT only provides results for the test set; BERxiT’s compari-
son metric is the number of layers skipped instead of inference time;
PABEE’s research are based on ALBERT. Therefore, we reproduce
the results of these baselines without changing the hyperparameters
in the original settings.

4.3 Experiment Setup

Training We added a sequence of fully-connected networks cor-
responding to the transformer layers as planning module. For fine-
tuning and planning module initialization, we train separately 5
epochs with a learning rate of 2e-5 using AdamW [12]. For reinforce-
ment learning, we perform grid search over batch sizes of {8, 16, 32},
learning rates of {2e-5, 3e-5, 4e-5, 5e-5}, β of {5, 20, 35, 50} and
λ1 of{0.1, 0.5, 1, 1.5} with an AdamW optimizer. We exploited a
dynamic planning mechanism and selected the model with the best
performance on the development set. We implemented DPBERT on
the base of Hugging Face’s Transformers. We conducted our experi-
ments on a single Nvidia 1080Ti 12GB GPU.

Inference Following prior work [34, 35], we evaluate latency by
performing inference on a per-instance basis. To simulate a common

MODEL RTE MRPC SST-2 STS-B

DPBERT 66.8 87.8 90.8 88.7

DPBERT-soft 51.6 82.8 85.7 83.8

Table 2. Influence of reinforcement learning on the model accuracy. We
denote by DPBERT-soft the scheme with soft output of planning network.

latency-sensitive production scenario when handling individual re-
quests from various users, we set the batch size for inference as 1.
The result we report is median performance over 3 runs with dif-
ferent random seeds. For DPBERT, we set the target rate t = 0.4
in the overall comparison to keep the speed-up ratio between 1.30×
and 1.96× while obtaining good performance following table 2. We
further analyse the behaviour of DPBERT with different target rate
settings in Section 4.5.

4.4 Comparison with Baselines

The experimental results of our DPBERT approach and baselines are
shown in Table 1. We first report the result on the development set.
With comparison to baselines, we can see that our DPBERT out-
performs all baselines on the track of enhancing the inference ef-
ficiency of BERT, which verifies the effectiveness of our proposed
approach. Due to the use of additional corpus (a concatenation of
English Wikipedia and Toronto Book Corpus [38]) for pre-training
as origin BERT, DistilBERT performs better on some data-sensitive
tasks such as SST-2 and QNLI, while DPBERT maintains an advan-
tage in the average score. For the Input-adaptive methods track, our
approach outperforms DEEBERT on all tasks. BERxit and PABEE
employs more sophisticated early-exit mechanisms to accelerate the
inference, and further enhances the performance. However, DPBERT
still achieves better performance on the majority of tasks except QQP.
Overall, our approach speeds up the inference of BERT by 1.34×
while retaining 98% accuracy.

To further demonstrate the effectiveness and the robustness of our
approach, we submitted our model predictions to the official GLUE
evaluation server2 to obtain results on the test set, as summarized in
the second part of Table 1. We can see that the performance of our
approach is reduced by only 2% compared to the backbone model.

2 https://gluebenchmark.com/
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4.5 Perfomance-Latency Curve

In order to investigate the relationship between speed-up ratio
and performance on DPBERT, we explore the performance-latency
curves by adjusting the target rate and early exiting threshold. The re-
sults generated on the development set of SST-2 and QNLI are shown
in Figure 3. We can see that the model performance is inversely
proportional to speed-up ratio. Comparing the results between DEE-
BERT and DPBERT with respect to the trade-off between accuracy
and inference time, we can see that DPBERT outperforms DEEBERT
on SST-2 consistently. On QNLI, DEEBERT yields slightly higher
accuracy at low speed-up ratio. However, our DPBERT outperforms
the former in most cases. In addition, we can also see that DPBERT
produces a flatter curve on both tasks compared to DEEBERT, indi-
cating that DPBERT maintains better performance with high speed-
up ratio compared to traditional early exiting.

4.6 Selection of Computational Path

In this section, we explored the specific implementation of the dy-
namic planning mechanism. In the previous section, we mentioned
that dynamic planning provides more computational path choices rel-
ative to early exiting, which facilitates finding the optimal trade-off
between model speed-up and performance.

To further demonstrate the versatility brought by dynamic plan-
ning, we calculated the frequency of different layers being chosen
across datasets and result is shown in Figure 4. From the distribution
we can observe that our proposal focuses more on lexical and syntax
information in bottom and middle layers on MNLI, while it focuses
on using more top layers to capture semantic knowledge in RTE.It
illustrates that that our approach could choose computational paths
more freely according to different tasks as well as samples (Section
4.8) as opposed to the early exiting model that can only skip the top
layer.

4.7 Ablation Study

To investigate the effectiveness of reinforcement learning, We con-
ducted ablation study through changing the training process and ob-
jective function. Before the joint training, We kept fine-tuning the
backbone and initialization for the planning module. In the third
stage (Section 3.2.3), we relaxed the output of the planning net-
work to a continuous range of [0,1], similar to the second stage
(Section 3.2.2). Additionally, the second component about reinforce-
ment learning was removed in Equation (12) while training the whole
model. We denote this method by DPBERT-soft. We report the re-
sults on the development set of four tasks in GLUE benchmark.

The results of two methods are shown in Table 2. We adjusted the
target rate such that the speed-up ratio is the same for both methods.
From the table, we can see that the performance decreases when we
remove the module corresponding to reinforcement learning, which
indicates that our reinforcement learning framework is effective for
the model to learn the policy for planning. In order to find the sub-
sequence of transformer layers that yields the best accuracy-speed
trade-off, the planning module of the model needs to make a se-
quence of decision actions. Compared to supervised learning, our
reinforcement learning framework that considers long-term reward
is better suited to finding the optimal solution to sequential decision
problems, indicating that our approach with the planning module
based on reinforcement learning performs more effectively.

4.8 Case Study

In this section, we investigate the characteristics of dynamic plan-
ning through conducting a particular case study on various datasets
in GLUE benchmark. As show in Table 3, we present a variety of
examples and their corresponding layers included in computational
graph during inference in the development set of MNLI and QNLI.
As summarized in the previous work[10], BERT embeds a rich hier-
archy of linguistic signals: surface information at the bottom, syntac-
tic information in the middle, semantic information at the top, which
means that the functions of computational graphs made up of differ-
ent layer combinations are different. We explore whether DPBERT
matches the computational graph with the appropriate functionality
to the characteristics of the example.

In the first example about MNLI, a task about sentence pair rela-
tional reasoning, we can observe that the hypothesis simply changes
the order of words compared to the premise. The relation of the sen-
tence pair can be inferred depending on surface information and sim-
ple syntactic knowledge. Therefore, our approach selects the first six
layers to be the computational path. Compared with the former, the
second example is obviously more complicated. The keywords in the
premise and hypothesis are similar, such as "villages" and "develop".
However, the apparent content of their expressions varies consider-
ably. To understand their semantic information, DPBERT increases
the layers at the middle and top. The second part of Table 3 presents
the examples of QNLI, a task aims to predict whether the context
contains the answer to the question. As shown in the first example,
there is rare overlap of lexical information of the question and an-
swer, so it is easy to analyze that this is a negative example. There-
fore, our method executes only four layers at the bottom for it while
including more top layers in the computational graph for the second
example, which presents question and context with similar keywords
thus requiring further analysis.

Through the examples above, we can see that DPBERT tends to
assign the bottom layer to the superficial example while executing
more high layers for uncertain samples. It demonstrated that our ap-
proach can construct the computational path based on the difficulty
of sample during inference.

5 Conclusion

In this paper, we presented DPBERT, a straightforward but effec-
tive approach to select a subsequence of transformer layers list of
backbone as the computational graph for each sample. Specifically,
DPBERT accomplishes this by adding a sequence of planning net-
work corresponding to the transformer layer to decide whether a
layer is included in the path during inference. To find the optimal
trade-off of model speed-up and accuracy, we introduce reinforce-
ment learning in the training framework and update the parameters
of planning module based on policy optimization. Our experiments
show significant results on nine datasets on GLUE benchmark. Em-
pirical results have demonstrated that DPBERT could achieve 98%
performance of BERT while significant decreasing inference time.
Compared to prior input-adaptive techniques, it offers significantly
better trade-off between accuracy and inference time. Furthermore,
we demonstrated that dynamic planning brings more versatility com-
pared to early exiting i.e. provides more computational path choices.
For future work, we plan to extend DPBERT to other variant model of
BERT (e.g., ALBERT) and try to apply our approach to the models in
natural language generation domain to explore whether it works on
this task. in addition, integrating our input-adaptive technique with
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Figure 3. Performance-latency curve on the development set of two datasets in GLUE. The horizontal coordinate is the percentage of inference latency
relative to the BERT-base.

MNLI RTE

Figure 4. The distributions of layers executed during inference.

Dataset Example layers

MNLI

Premise: You and your friends are not welcome here, said Severn.
Hypothesis: Severn said the people were not welcome there.
Label: entailment

1 2 3 4 5 6

Premise: Other villages are much less developed, and therein lies the essence of
many delights.
Hypothesis: If more people lived in the villages the development would skyrocket.
Label: neutral

1 2 3 4 5 6 8 10 11 12

QNLI

Question: What is the hottest temperature record for Fresno?
Context: Measurable precipitation falls on an average of 48 days annually.
Label: not entialment

1 3 4 5

Question: Agassiz’s approach to science combined observation and what?
Context: When it came to explaining life-forms, Agassiz resorted to matters
of shape based on a presumed archetype for his evidence.
Label: not entialment

1 3 4 5 9 10 12

Table 3. Case study of the dynamic planning.

static methods (e.g., knowledge distillation) might potentially result
in higher efficiency, which we intend to investigate in the future. It
would also be interesting to investigate the integration of symbolic
planning model learning [41, 40, 39, 11] into DPBERT to help im-
prove the explainability of dynamic planning.
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