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ABSTRACT

Transformer-based models demonstrate state of the art results
on several natural language understanding tasks. However,
their deployment comes at the cost of increased footprint and
inference latency, limiting their adoption to real-time appli-
cations. Early exit strategies are designed to speed-up the
inference by routing out a subset of samples at the earlier lay-
ers of the model. Exiting early causes losing model accuracy.
In order to optimize the trade-off between model accuracy
and latency, we propose Pyramid Dynamic Inference (PDI),
a scheme that encourages fast inference via boosting the per-
formance of early exit heads. PDI allows for more confident
early inference by injecting stronger classifiers at earlier layers.
It also prevents a significant increase in the model footprint
by gradually shrinking the classifiers as the semantic capacity
of the deeper transformer layers increase. Experiment results
show that PDI outperforms the baselines on both accuracy and
latency on the GLUE benchmark.

1. INTRODUCTION

Natural Language Understanding (NLU) refers to a collection
of tasks to infer semantics from a text source and is a key
technology behind commercial voice assistants (VAs) such as
Google Home, Alexa, Siri and more. Recent advancements
in deep learning and in particular the development of large
transformer-based models have led to substantial accuracy in-
creases in a variety of semantic inference tasks [1, 2, 3]. With
the rising usage of VAs because of the everyday convenience
they deliver1, having a single central model is only scalable
up to a certain point. Furthermore, more users are concerned
about how their data is processed. Therefore, data privacy and
low response latency become key factors in ensuring a good
user experience in addition to accuracy. ‘On-device’ or ‘Edge’
processing has become a key technology for enabling these
features [4, 5]. However, edge processing faces limited compu-
tational, memory and storage resources, which is a bottleneck
in deploying complex transformer-based models [6].

1https://www.statista.com/statistics/973815/
worldwide-digital-voice-assistant-in-use/

Recently, there have been significant efforts to optimize
large models such as BERT for on-device use. Several studies
focusing on reducing the model footprint have investigated
structure pruning [1, 7], progressive module replacement [8],
quantization [9, 10, 11], knowledge distillation [4, 12, 6] and
matrix factorization approaches [13, 14, 15, 16]. These studies
report achieving 35%-87% size reduction. However, a trade-
off is made in accuracy with degradation of up to 10% in some
approaches [13]. Moreover, owing to the computational load
of the remaining sparse structure of the compressed model
in standard GPU implementations, the reduction in model
parameters does not always translate to significant inference
speedup. Other studies have explored techniques to reduce the
runtime latency by introducing dynamic inference and early
exit strategies. Authors in [17] proposed inserting exit points
at different layers of the network and used the entropy of a
classification result as a measure of confidence to route the
samples. In [18] authors used the same scheme in a Spoken
Language Understanding (SLU) setup. A fine-tuning strategy
is proposed in [19] that extends early exiting to tasks other than
classification. In most existing techniques, an early exit route is
chosen only if its confidence is above a certain threshold. Their
major drawback is that since early layers have limited semantic
capacity, they demonstrate low confidence on complex sample.
Therefore, enforcing early exit would result in accuracy drop.
FastBERT [20] tries to reduce the accuracy loss by a speed-
tunable model that uses a self-distilling strategy to train the
parameters of the intermediate exit heads.

In this work, we aim to provide a better platform of trade-
off between accuracy and speedup. We present Pyramid Dy-
namic Inference (PDI), a scheme that encourages fast inference
while retaining the model performance by boosting the early
exit heads in VC-dimension sense [21]. PDI makes up for the
limited capacity of earlier layers of the model to infer complex
semantics by injecting stronger classifiers to boost the confi-
dence at these layers. As we progress to deeper transformer
layers and the network can extract more complex semantics,
PDI gradually shrinks the classifier, thereby preventing the
model footprint from significant increase. Compared to Fast-
BERT our model uses a depth-dependent strategy to choose
the complexity of the exit heads and employs a hybrid loss to
train the parameters of these heads. The main contributions of

https://www.statista.com/statistics/973815/worldwide-digital-voice-assistant-in-use/
https://www.statista.com/statistics/973815/worldwide-digital-voice-assistant-in-use/
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Fig. 1: Training phases of the PDI scheme. Parameter update of each module from one phase to the next is shown through different colors.

this paper are: (1) We propose PDI, a novel early exit scheme,
that helps early layers of the model retain confidence in in-
ferring semantically complex samples, thereby encouraging
early exit among a larger input space. (2) We optimize the
accuracy, latency and footprint trade-off by leveraging PDI
in conjunction with model compression, demonstrating a vi-
able transformer model candidate for real-time applications on
resource constrained devices.

2. METHODOLOGY

2.1. PDI Architecture

Although our approach is architecture agnostic, we choose
DistilBERT as our backbone model, which is an already com-
pressed distilled model, comprised of an embedding layer
followed by 6 transformer layers [6]. The output of each layer
hi is defined as:

hi = ℓi(hi−1). (1)

where ℓi represents transformer layer i, with h0 being the
output of the embedding layer.

In this study, we focus on sequence classification as the
final task of our model. To this purpose, a classifier head is
attached to the last transformer layer, which outputs a distri-
bution over the set of possible class labels. To decrease the
average inference time of the model, we add intermediate exit
classifier heads onto different transformer layers. At inference
time, if an intermediate classifier outputs a label with high
certainty, further inference is stopped and this output is taken
as the final output of the model. We define the uncertainty of
the classifier j, denoted by uj , as the normalized entropy of
its output distribution, pj :

uj =

∑C
c=1 pj(c) logpj(c)

log 1/C
, (2)

where C denotes the number of classes. We exit from layer j
if uj < τ , where τ is the certainty threshold. The larger the
value of τ , the more chance of exiting from lower layers, i.e.
higher inference speed.

Our approach is based on the observation that intermediate
classifiers with higher accuracy are more likely to output labels
with high certainty [20]. Therefore, we improve the accuracy
of intermediate classifiers by using a pyramidal structure for
the classifiers: we attach stronger classifiers at the shallower
layers of the transformer and decrease the complexity of the
classifiers as we go deeper in the transformer layers of the
model. The assumption behind this approach is that since
earlier layers of the network provide weaker semantic infor-
mation, a stronger classification head could help balance such
weakness. However, adding bigger intermediate classifiers
comes at the cost of increasing the total number of model pa-
rameters and an increased footprint. To compensate for that,
we compress the base model even further using module replac-
ing [8]. To do so, we replace each two transformer layers of
DistilBERT with one transformer layer. Our results show that
such compression reduces the model size by ≈ 32%, while re-
taining 98.9% of DistilBERT performance. The intermediate
classifiers are attached to the layers of the reduced size model.

2.2. Model Training

As shown in figure 1, the training of our proposed PDI scheme
consists of four phases. In phase 1, we fine-tune DistilBERT
on the downstream task. We then apply module replacing
on the fine-tuned DistilBERT in phase 2. Phase 3 performs
task-specific fine-tuning on the the model from phase 2. We
then use the model from phase 3 as the base model for early
exiting, by attaching intermediate classifiers in a pyramidal
structure, while other model parameters are frozen.

We use a hybrid loss function to train the intermediate clas-



sifiers: 1) A classification loss with the ground truth labels as
the target, and 2) A self-distillation loss that uses the output of
the final classifier as the target. In this setup, the final classifier
serves as the teacher classifier for training the intermediate
(student) classifiers. The hybrid loss is a weighted sum of
these two losses:

Ljoint =

M−1∑
j=1

αLCL(pj , c) + (1− α)LKD(pj ,pM ), (3)

where M denotes the number of model layers, c is the one-
hot ground truth vector, α is the weight hyperparameter, LCL

is the classification loss, and LKD is the knowledge (self-)
distillation (KD) loss, which is defined by the cross-entropy
between the outputs of student and teacher classifiers. We
show in section 3.4.2 that using the hybrid loss can improve
the performance of the model.

3. EXPERIMENTS

3.1. Datasets

We evaluate our model on the GLUE benchmark [22, 23, 24,
25, 26, 27]. For SST-2, MNLI-m, MNLI-mm, QNLI and
RTE we use accuracy as the classification metric. The F1 and
accuracy are used for MRPC and QQP. Pearson and Spearman
correlation are used for STS-B and CoLA is evaluated based
on Matthew’s correlation. The results are reported for the
development sets of GLUE.

3.2. Baselines

• DistilBERT: A 6-layer pretrained DistilBERT with a 2-
layer fully-connected classifier fine-tuned on each task,
i.e. the model in phase 1 in Fig. 1.

• DistilBERT with Module Replacing (MR): A 3-layer
compressed DistilBERT using MR and fine-tuned on
each task, i.e. the model in phase 3 in Fig. 1.

• FastBERT on DistilBERT with MR: A compressed
DistilBERT using MR with intermediate classifiers at
each layer. All the intermediate classifiers of this model
have the same architecture as the final classifier, i.e. a
2-layers fully-connected classifier. Also we only use
self-distillation loss to train the intermediate classifiers.

3.3. Experiment Results

To build the pyramid structure, we inject a four-layer fully-
connected classifier head at the first layer of the model, a
three-layer fully-connected classifier head at the second layer,
and a two-layer classifier at the last layer. Table 1 compares
the number of parameters of the proposed architecture with
the baselines. PDI has ≈ 1.5% more number of parameters

Table 1: Comparison of total number of model parameters.

Model # of param.
DistilBERT 66.9M
DistilBERT with MR 45.6M
FastBERT 46.8M
PDI (our model) 47.5M

compared to FastBERT, due to deeper student classifiers. We
set α = 0.5 during training, based on the validation set.

Table 2 shows the classification results and relative infer-
ence time of different models on the GLUE benchmark. We
use DistilBERT with MR as the baseline for the inference time
and normalize other models’ speedups with respect to that. As
expected, DistilBERT is constantly slower (speedup factor of
0.53×) compared to the baseline due to having more transform-
ers layers and no early exit heads. We report the results over
three different values of certainty thresholds, τ , for FastBERT
and PDI. This table demonstrates that across all datasets and
values of τ , the proposed PDI scheme outperforms FastBERT
on both classification metrics and speedup factors. Since the
student classifiers of PDI are more accurate (and more certain
about their output as we will see in the next section) com-
pared to that of FastBERT, there is a higher chance that PDI
exits in its earlier layers. At τ = 0.4, PDI achieves on average
3.38× and 1.69× speedup compared to the original 6-layer
DistilBert and DistilBERT with MR, respectively. While for
the same value of τ , there is only 2.5% and 1.5% accuracy
degradation compared to the original 6-layer DistilBert and
DistilBERT with MR, respectively. Moreover, the classifier
heads add negligible complexity to the model compared to
other model components, allowing PDI to further improve its
speedup compared to other baselines.

3.4. Further Analysis

Here we provide more insight about PDI performance. We
study the output of each individual classifier as well as the
role of each contributing factor to our model performance. For
this investigation we use the QQP dataset, however the results
show the same trends for the other datasets.

3.4.1. Layer-wise Analysis

Fig. 2 shows the output of each intermediate classifiers for
both PDI and FastBERT. As we can see in the top figures, PDI
classifiers are more accurate than FastBERT across all uncer-
tainty intervals. Also, the accuracy of both models degrade
as the uncertainty increases. On the other hand, the middle
figures show that, for the lower values of uncertainty, the in-
termediate classifiers of PDI can predict the labels for more
samples. For example the first classifier of PDI predicts the
label for 53% of the samples with uncertainty less than 0.25,
compared to the 43% for FastBERT. The bottom figures show
the accuracy and speedup of the models. For larger values of
τ the gap between the accuracy of the models enlarges. How-
ever, since for a large τ (τ > 0.9) almost all samples exit from



Table 2: Experiment results (median of 5 runs) on the development set of the GLUE benchmark in terms of classification metrics (Cls.) and
inference speed-ups.

Model τ
CoLA (8.5K) MNLI (393K) MRPC (3.7K) QNLI (105K)

Cls. speedup Cls. speedup Cls. speedup Cls. speedup
DistilBERT - 43.6 0.53× 79.0 0.53× 87.5 0.53× 85.3 0.53×
DistilBERT with MR - 41.8 1.00× 77.8 1.00× 86.8 1.00× 84.3 1.00×

FastBERT
0.2 41.7 1.26× 76.9 1.24× 84.9 1.42× 84.0 1.66×
0.4 36.4 1.55× 73.2 1.49× 80.5 1.63× 80.3 1.75×
0.5 35.3 1.79× 72.6 1.84× 79.5 1.84× 78.9 2.00×

PDI (our model)
0.2 41.8 1.36× 77.2 1.29× 86.2 1.49× 84.0 1.67×
0.4 40.8 1.83× 76.8 1.45× 85.8 1.71× 83.2 1.82×
0.5 39.3 2.01× 75.8 1.85× 85.1 2.05× 82.8 2.02×

Model τ
QQP (364K) RTE (2.5K) SST-2 (67K) STS-B (5.7K) Avg.

Cls. speedup Cls. speedup Cls. speedup Cls. speedup Cls.
DistilBERT - 84.9 0.53× 63.4 0.53× 90.7 0.53× 84.7 0.53× 77.38
DistilBERT with MR - 84.5 1.00× 62.8 1.00× 89.6 1.00× 84.3 1.00× 76.48

FastBERT
0.2 84.2 1.43× 62.2 1.13× 89.0 1.20× 83.7 1.32× 75.82
0.4 82.7 1.66× 59.5 1.45× 86.8 1.33× 82.0 1.52× 72.72
0.5 81.3 1.96× 58.3 1.62× 85.9 1.66× 80.9 1.87× 71.65

PDI (our model)
0.2 84.3 1.54× 62.3 1.21× 88.6 1.22× 83.9 1.45× 76.06
0.4 83.8 2.00× 61.4 1.50× 87.9 1.56× 83.0 1.72× 75.38
0.5 83.0 2.07× 61.1 1.76× 86.7 1.78× 82.3 1.99× 74.57
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Fig. 2: Top: Accuracy of intermediate classifiers for each uncertainty
interval. Middle: Density of samples vs uncertainty for intermediate
classifiers. Bottom: Accuracy and Speedup of PDI and FastBERT for
each value of τ .

the first layer, vanilla FastBERT has better speedup. This is
due to the simpler intermediate classifier in the first layer of
FastBERT compared to PDI.

3.4.2. Ablation Study

Here we investigate role of the two distinguishing factors
between PDI and FastBERT: the pyramid structure of the inter-
mediate classifiers and the hybrid loss for training them. We
consider two scenarios. First, a model for which the intermedi-
ate classifiers have pyramid structure but they are trained using
only self-distillation loss, i.e. PDI without hybrid loss (PDI
w/o HL). Second, a model with vanilla FastBERT structured
that is trained using hybrid loss (FastBERT with HL).
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Fig. 3: Effect of contributing factors on the model performance for
the QQP dataset.

Fig. 3 shows the results of this ablation study in terms
of classification accuracy and model speedup. Based on the
results, pyramid structure contributes more to the performance
of the model. Using only the self-distillation loss can be
beneficial in the cases where class labels are not available.
However, the hybrid loss brings more accuracy and speedup to
the model. Moreover, the hybrid loss can always be changed
to the self-distillation loss by setting α = 0.

4. CONCLUSION

In this paper we propose Pyramid Dynamic Inference (PDI) as
a method for early routing in transformer-based architectures.
PDI encourages fast inference by inserting strong classification
heads at earlier layers of the network to boost the accuracy
and certainty of the early routes. In order to prevent significant
footprint increase and to leverage the semantic power of deeper
transformer layers, PDI gradually reduces the complexity of
the exit classifiers as we progress deeper into the network. Our
experiments demonstrate promising results over GLUE bench-
mark where PDI outperforms the state of the art FastBERT
on both accuracy and speedup over almost all tasks. Also,
compared to the original 6-layer DistilBert, PDI achieves on
average up to 3.38× speedup with 29% fewer parameters with
only 2.5% accuracy degradation.We plan to extend this work
to jointly train the exit classifiers and module replacing with a
per-layer τ in a distillation setup. The proposed method can be
used as a parallel strategy with other compression techniques.
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