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Abstract

Large-scale pre-trained transformer models such as BERT have become ubiquitous in Natural
Language Processing (NLP) research and applications. They bring significant improvements to
both academia benchmarking tasks and industry applications: the average score on the General
Language Understanding Evaluation benchmark (GLUE) has increased from 74 to 90+; com-
mercial search engines such as Google and Microsoft Bing are also applying BERT-like models
to search.

Despite their exciting power, these increasingly large transformer-based models are notorious
for having billions of parameters and being slow in both training and inference, making deploy-
ment difficult when inference time and resources are limited. Therefore, model efficiency has
become a more important and urgent problem in the transformer era. In this thesis, we propose
and innovate methods for efficient NLP models. We choose to specifically focus on inference
efficiency: pre-trained models are almost always publicly available, and fine-tuning is performed
on relatively small datasets without strict time constraints; inference, by contrast, needs to be
performed repetitively and typically in a real-time setting.

First, we propose the early exiting idea for transformers. Considering that the transformer
model has multiple layers with identical structures, we try to reduce the number of layers used
for inference by dynamic early exiting. During inference, if an intermediate transformer layer
predicts an output of high confidence, we directly exit from this layer and use the current output
as the final one. We apply the early exiting idea on sequence classification tasks and show that it
is able to greatly improve inference efficiency.

We then explore a few extensions to the early exiting idea: (1) early exiting for low-resource
datasets—in this case, the straightforward fine-tuning methods fail to train the model to its full
potential and we propose a method to better balance all layers of the model; (2) early exiting for
regression datasets—in this case, the output is no longer a distribution where we can directly
estimate confidence, and we design a learning-to-exit module to explicitly learn confidence
estimation; (3) early exiting for document reranking—in this case, the two classes that the model
tries to distinguish are highly asymmetric and we design an asymmetric early exiting method to
better handle this task. We also extend early exiting to another direction—selective prediction. In
this setting, if we have low confidence in the final prediction, we abstain from making predictions
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at all. We propose better ways for confidence estimation and also discuss a few applications for
selective prediction.

Finally, we discuss the combination of multiple efficiency methods, including early exiting
itself and other popular methods such as distillation, pruning, quantization, etc. We propose a
conceptual framework to treat each efficiency method as an operator. We conduct experiments to
show interesting properties of these operatorswhen they combine, which provide useful guidelines
for designing and evaluating the application of combining multiple efficiency methods.

The thesis presents a series of modeling and experimental contributions for efficient trans-
former models. We not only largely reduce the inference time for many NLP and IR applications,
but also provide insights to understand the efficiency problem from a novel perspective.
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Chapter 1

Introduction

In the natural language processing (NLP) and information retrieval (IR) communities, the debate
of smarter vs bigger (better model design and execution vs more data and resources) has been
going on forever.2 In recent years, driven by the notable success of pre-training methods such
as BERT (Devlin et al., 2019), the bigger team is starting to dominate the field. The idea can
be concisely summarized as “重剑无锋 大巧不工” (the heaviest sword does not have a sharp
edge, and the greatest ingenuity is never complicated).3 The heavy sword here is large-scale
pre-trained language models, and they are heavy in two ways. First, they require a large amount
of training data: from pre-trained word embeddings (Mikolov et al., 2013; Pennington et al., 2014)
to pre-trained contextualized representations with Long Short-Term Memories (LSTMs) (Peters
et al., 2018), datasets of billions of words are necessary.4 Second, large and sophisticated model
architectures, namely the transformer model (Vaswani et al., 2017), have become the de facto
standard choice (Radford et al., 2019; Devlin et al., 2019). Since the advent of BERT (Devlin
et al., 2019), different types of pre-trained language models have started to emerge, such as
XLNet (Yang et al., 2019), RoBERTa (Liu et al., 2019), T5 (Raffel et al., 2020), Electra (Clark

2One of the latest: https://twitter.com/lintool/status/1377661127283326977.
3 This is a quote from the kungfu novel The Return of the Condor Heroes by the Chinese writer Jin Yong. The

original context is that for fighters with enough strength, they can simply use heavy swords and brute force, while
sharp sword edges or complicated kungfu skills are not necessary.

4 The size of the latest dataset, C4, on which the T5 model (Raffel et al., 2020) is trained, is 800 GB after cleaning
and 6 TB before: https://www.tensorflow.org/datasets/catalog/c4.
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et al., 2020), GPT-3 (Brown et al., 2020), Switch Transformer (Fedus et al., 2021), and so on.
Despite the increasingly large sizes and fancy model training techniques, the core idea behind
these models remains the same: get as much data as possible, find a large model with enough
capacity to learn the pattern of data, and burn lots of energy to power GPUs and even TPUs to
train the model.

This simple idea works well, and these increasingly large pre-trained language models have
brought significant improvements to both academia benchmarking tasks and industry applications.
For example, on the General Language Understanding Evaluation benchmark (GLUE) (Wang
et al., 2018a), which is one of the most widely-used benchmarks covering a wide range of
common NLP applications, the average score has improved from the pre-BERT state of the art’s
74, to BERT’s 82, and to T5’s 90;5 commercial search engines such as Google6 and Microsoft
Bing7 are also applying BERT-like models to improve the quality of search results.

1.1 Challenges

All is fine, except the sword is getting too heavy in a lot of cases, where the large amount
of hardware resource and computing time is a luxury. Despite their exciting power, these
transformer-based models are notorious for being enormous in size. For example, the number of
model parameters has increased from a two-layer bi-directional LSTM’s 1million, to BERTlarge’s
300 million, to GPT3’s 175 billion, and to Switch Transformer’s over 1 trillion. Moreover, these
newmodels are slow in both training and inference. For example, onMRPC (Dolan and Brockett,
2005), one of the datasets from GLUE, BERTbase’s inference for one example takes about 100
milliseconds with a high-end GPU (Xin et al., 2020a), and the number of FLOPs is several orders
of magnitude higher than that of an LSTM (Xin et al., 2021b). When the number of inference
examples increases, or when these large models need to be deployed on low-end or edge devices,
the cost of running the models and inference latency become non-trivial factors. Therefore,

5https://gluebenchmark.com/leaderboard

6https://blog.google/products/search/search-language-understanding-bert

7https://azure.microsoft.com/en-us/blog/bing-delivers-its-largest-improvement-in-

search-experience-using-azure-gpus/
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improving the efficiency of transformer-based NLP models has become an important and urgent
problem.

In this thesis, we discuss model efficiency for NLP tasks in the transformer era. We hope
that smarter can be combined with bigger—design better efficiency methods for large models
and make the heavy sword accessible to more kungfu fighters that do not possess the originally
necessary brute force. The application of transformers typically involves three stages: pre-
training, fine-tuning, and inference. Among the three stages, we choose to focus on inference
efficiency for the following reasons: Pre-training is typically done with abundant resources and
model checkpoints are often publicly shared for repetitive use. Fine-tuning is done on relatively
small task-specific datasets without strict time constraints. Inference, by contrast, needs to be
performed at a much higher frequency and with a much lower tolerance for latency. Therefore,
improving inference efficiency is broadly meaningful to the community.

1.2 Early Exiting and Beyond

The transformer model typically consists of several transformer layers, all of which share the
same model architecture. Therefore, a natural idea for efficient inference is to reduce the depth
of the model by using only a fraction of all layers. More concretely, the early exiting idea is an
adaptive computation method that dynamically executes each layer sequentially and terminates
inference when a certain layer’s output satisfies the exiting criterion (Figure 1.1). The inspiration
comes from a well-known observation in the computer vision community: in deep convolutional
neural networks, deeper layers typically produce more detailed and finer-grained features (Zeiler
and Fergus, 2014). For data points where coarse-grained features produced by shallower layers
suffice, the early exiting idea reduces the computation for deeper layers and improves inference
efficiency. We make the first attempt of applying the early exiting idea to NLP tasks on sequence
classification tasks from theGLUE benchmark, including tasks such as sentiment analysis (Socher
et al., 2013), paraphrasing (Dolan and Brockett, 2005), entailment classification (Williams et al.,
2018), linguistic acceptability judgment (Warstadt et al., 2019), etc. In Chapter 3, we provide
detailed design and experiments, using transformer models BERT (Devlin et al., 2019) and its
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Figure 1.1: Early exiting model overview. There are n layers in total; blue blocks are transformer
layers and orange blocks are classifiers. This diagram will be used in Chapter 3 and Chapter 5.

variant RoBERTa (Liu et al., 2019) as the backbone models.8 We use the most straightforward
way to enable early exiting: take a fine-tuned transformer model, freeze its parameters, add extra
classifiers to it, and only fine-tune these additional classifiers. Since we work with classification
tasks, the output of each classifier is a probability distribution, from which we can easily obtain
the confidence of the prediction (simply take the maximum entry of the distribution). We then
compare the confidence with a threshold, based on which we make the early exiting decision. We
show that the idea is capable of reducing up to 50% of inference time, depending on the dataset
and backbone model. We publish the discoveries as the DeeBERT paper (Xin et al., 2020a),
which is the first paper to discuss early exiting for transformers.

The combination of early exiting and transformers is not limited to any specific task, dataset,
or backbone model. Rather, it can be extended to other scenarios, with adequate modifications.
We discuss several such extensions in Chapters 4 to 5.

The first extension is from classification to regression, described in the first part of Chapter 4.
For regression tasks, since the output of the model is just a single value, it is hard to estimate how

8Backbone model is the model on which we apply the efficiency method.
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confident the model is in this output. We train an auxiliary module alongside the main model
to explicitly estimate the model’s confidence. During training, the auxiliary module predicts
the mean squared error (MSE) of the main model; during inference, the output of the auxiliary
module replaces the confidence of distribution and is compared with the threshold. We publish
the work as the first part of the BERxiT paper (Xin et al., 2021a).

The second extension is for low-resource datasets, described in the second part of Chapter 4.
The original method to fine-tune the model is intuitive, but may not be ideal, especially in the case
where training data is not enough to train the entire model well. Another straightforward way is to
start from a pre-trained model and fine-tune the entire multi-output structure together. This fine-
tuning method sacrifices the accuracy of the final layer but improves the intermediate layers. We
discuss a combination of the two fine-tuning methods mentioned above, which leads to a better
balance between all layers and provides better accuracy–efficiency trade-offs for low-resource
datasets. We also provide analyses that reveal interesting properties of the combination of early
exiting and transformers. We publish the work as the second part of the BERxiT paper (Xin et al.,
2021a).

The third extension is for document reranking, described in Chapter 5. Document reranking
is part of the retrieve–process pipeline, also known as the retriever–reader system (Chen et al.,
2017). The pipeline is useful for tasks such as web search (Nogueira and Cho, 2019), grounded
generation (Lewis et al., 2020b), open domain question answering (Karpukhin et al., 2020), etc.
In this pipeline, the first stage is to use a retriever to retrieve information needed for the task,
and the second stage is to process retrieved information to generate the final output. The first
stage retriever is typically a token-based model such as BM25 (Robertson and Jones, 1976),
which is fast but relatively inaccurate. The second stage processor (or reader) is typically a
transformer model, which is more accurate than the first stage retriever but also slower. In
our experiments, we focus on document reranking for web search. It is originally formulated
as a binary classification task: the query–document pair is classified as relevant or irrelevant.
However, considering the two classes are highly asymmetric, naïvely applying the vanilla early
exiting leads to poor performance. We specifically design an asymmetric early exiting method,
which greatly improves over the original baseline. Our analyses on choosing asymmetric early
exiting thresholds also show the necessity for such a method. We publish the work as the Early
Exiting MonoBERT (EEMB) paper (Xin et al., 2020b).
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Early exiting is the idea of adaptively allocating computing resources to data points to match
their “difficulty”. Extrapolating this idea, we can allocate no computing resource (or as little
as possible) to data points that are the most difficult and hopeless to get right. This is the
selective prediction scenario (Geifman and El-Yaniv, 2017) and we discuss its combination with
transformers in Chapter 6. We present a simple regularization method to improve confidence
estimation for transformers and we demonstrate with experiments that the regularization indeed
produces transformer models with confidence that is more aligned with their correctness. We
further discuss selective prediction and confidence estimation in two applications.

• The no-answer problem: in a classification task, if a test set example has a label that is
unseen in the training set, the model should abstain from making predictions at all. We
enable this by thresholding the model’s confidence. The proposed regularization trick
improves the model’s accuracy under this setting.

• The classifier cascade: we have a series of models of various accuracy and efficiency,
and we try to allocate different inference examples to them to achieve the best accuracy–
efficiency trade-off. We show that making the allocation according to the confidence of the
base model (faster but less accurate) provides improvements compared with the random
allocation baseline. Applying the regularization further improves the trade-off.

We publish the work as the Art of Abstention paper (Xin et al., 2021b).

Early exiting is just one of the efficiency methods, and there is nothing preventing us from
combining it with others. In Chapter 7, we discuss the combination of early exiting and other
efficiency methods, such as pruning (McCarley et al., 2019), distillation (Sanh et al., 2019), and
quantization (Shen et al., 2020). Conceptually, we consider each efficiencymethod as an operator,
apply them sequentially to a pre-trained transformer model, and study the accuracy–efficiency
trade-off of the final model. We study the commutativity and cumulativeness of these operators.
For commutativity, we demonstrate that the operators are practically commutative: swapping the
order of applying them has little effect on the final result. For cumulativeness, we show that, with
minor exceptions, these operators are cumulative: the accuracy and efficiency of the final model
can be estimated by combining the accuracy and efficiency of individual operators. From the
empirical perspective, these observations make it easier to apply multiple efficiency operators to
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transformer models and to estimate their performance without repetitive experiments. From the
theoretical perspective, it also provides an interesting topic for studying the interaction between
different efficiency methods and evaluating their contribution using methods such as Shapley
value (Shapley, 1997). We summarize the work as the Efficiency Pipeline manuscript (Xin et al.,
2022).

Finally, in Chapter 8, we conclude the thesis and discuss interesting future directions for
further research on this topic.

1.3 Contributions

There are six major contributions in the thesis, arranged in Chapters 3 to 7. We summarize these
contributions here:

• Inspired by the fact that different layers of the transformer model extract features of different
granularity, we initialize the exploration to accelerate transformermodels with early exiting.
In addition to necessarymodifications of themodel architecture, we also develop a two-stage
fine-tuning strategy that preserves the original BERT model’s effectiveness. We conduct
experiments to show that the early exiting idea is able to save up to 50% of inference time
for sequence classification tasks. Furthermore, we analyze the early exiting pattern and
show that for each example, the model is able to adaptively choose the exiting layer with
the best accuracy–efficiency trade-off.

• Following the success of applying early exiting to sequence classification tasks, we design
the learning-to-exit idea to extend early exiting to sequence regression. We add a one-layer
feed forward network (FFN) as an auxiliary confidence estimator to explicitly estimate the
confidence of themodel, which is not directly available in regression tasks. Our experiments
show that the learning-to-exit idea is able to capture model confidence effectively and
thereby speedups regression tasks by more than 2×.

• Different from straightforward fine-tuning methods used in other baselines, we present a
novel alternating fine-tuning method that is specifically suitable for low-resource datasets.
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By combining training objectives from others, alternating fine-tuning is able to find the
intersection between optimal regions for different layers in the parameter space. The
benefit of the novel fine-tuning method is greater for low-resource datasets where balancing
different layers is more difficult. Our experiments show that for low-resource datasets, the
accuracy of the model produced by alternating fine-tuning is 2 ∼ 3% higher than that from
joint fine-tuning, given the same efficiency constraint.

• Document reranking is a very important and unique task for NLP and IR. We analyze the
intrinsic asymmetry of this task and propose asymmetric early exiting for it. We conduct
experiments to show that we can achieve more than 3× acceleration with less than 1%

drop in model effectiveness. We further analyze the behavior of different early exiting
thresholds, which further expose the asymmetry of document reranking.

• We explore the idea of selective prediction for transformers, and propose a regularization
method to improve the accuracy of confidence estimation. We evaluate and compare the
effectiveness of different methods of confidence estimation in not only the standard setting,
but also two other virtual settings that we propose, namely the no-answer problem and the
classifier cascade.

• We present a novel conceptual framework to consider multiple efficiency methods as
operators, and conduct extensive experiments to study their properties. We show their
commutativity and cumulativeness, which are highly important and useful for designing,
evaluating, and applying efficiency operators in practice. Furthermore, the framework
provides a new perspective for understanding them theoretically.
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Chapter 2

Background

The advent of BERT (Devlin et al., 2019) in late 2018 changes the community with its great
power, quickly rendering pre-trained transformers (Vaswani et al., 2017) as the de facto standard
approach for many NLP research topics. In this chapter, we introduce the transformer model and
summarize previous efficiency methods developed for transformers.

2.1 Model Architecture: Transformers and Training

2.1.1 Transformers Architecture

The transformer architecture (Vaswani et al., 2017) is proposed to supersede Recurrent Neural
Networks (RNN) (Pineda, 1987), and more specifically, its popular variants Long Short Term
Memory (LSTM) (Hochreiter and Schmidhuber, 1997) and Gated Recurrent Units (GRU) (Cho
et al., 2014), for processing sequential inputs. Similar to RNNs, transformers take as input a
vector sequence {xt}nt=1 and output another vector sequence of the same length {yt}nt=1. For
sequence processing, one of the most important challenges is to model the interaction between
tokens. In RNNs, input tokens interact with each other through the recurrent function and decide
the output for the next recurrent step. The transformer architecture, on the other hand, completely
relies on the attention mechanism (Bahdanau et al., 2014) for token interaction. Not having to
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Figure 2.1: The model structure of a transformer layer (left) and the multi-head attention mecha-
nism (right).9

rely on recursion enables transformers to run in a highly parallel manner and eventually allows
them to grow in size, capacity, and power.

Attention is a method to give a “summary” of a set of inputs based on a query, and an input
contributes more to the summary if the input is more relevant to the query. Concretely, the
summary is the weighted sum computed as follows:

yt =
n∑
i=1

at,ixi. (2.1)

Here, at,i are referred to as weights and xi as value vectors (the inputs mentioned above). Despite
its fancy name, attention is simply a way to compute the weights at,i. It takes as input a query
vector q and a set of key vectors {ki}ni=1, and outputs n weights corresponding to each of the key
vectors:

Attn(q;k1, · · · ,kn) = softmax(q>k1, · · · ,q>kn) ∈ [0, 1]n. (2.2)

In the case of transformers, at,i in Equation (2.1) is the ith entry of Attn(xt;x1, · · · ,xn). In
fact, in Equations (2.1) to (2.2), the query, key, and value vectors are all {xt}nt=1, just in different
arrangements of the subscripts. In practice, a more sophisticated version of attention, namely
multi-head attention, is used for transformers. In each head of multi-head attention (marked with
a superscript k), the input vectors {xt}nt=1 are mapped to separate query, key, and value spaces

9 These two diagrams are taken from the original Transformer paper (Vaswani et al., 2017).
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Hyper-parameter Typical value Explanation

Layers 12 Number of transformer layers used
Hidden size 784 Dimension of vectors xt
Attention heads 12 The max attention head index k
Max sequence length 512 The max time step t

Table 2.1: Hyper-parameters used in a typical transformer (BERTbase).

with the projection matricesW (k)
Q ,W (k)

K , andW (k)
V . Finally, the output of multi-head attention is

the concatenation of outputs of all individual heads, followed by an output projection matrixWO:

yt = WO Concat
k

[
n∑
i=1

a
(k)
t,i W

(k)
V xi

]
, (2.3)

{a(k)t,i }ni=1 = Attn(W
(k)
Q xt;W

(k)
K x1, · · · ,W (k)

K xn). (2.4)

Here Concat
k

stands for concatenating values from different attention head indices k.

The multi-head attention mechanism deals with input token interaction. Apart from the
attention sublayer, the transformer layer has another FFN sublayer (Figure 2.1). For each sublayer,
there is a residual connection (He et al., 2016) that goes around it, and a layer normalization
module (Ba et al., 2016) that follows the sublayer and the residual connection. All these combined
constitute one transformer layer, and in most applications, a transformer model is a stack of
multiple transformer layers. Typically, all the layers share the same architecture, but they have
independent weights.

It may be useful to list hyper-parameters used in transformers (Table 2.1), since manymethods
to improve transformers’ efficiency boil down to decreasing one or more hyper-parameters.

2.1.2 Pre-training, Fine-tuning, and Inference for Transformers

We now introduce how to train a transformer model in what is known as the pre-train and fine-
tune pipeline. In the original paper (Vaswani et al., 2017), transformers are merely proposed as
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a model architecture and deployed in a standard way: randomly initialize all parameters, train
the model on the training set, and evaluate the model on the test set. Inspired by work on
pre-training RNNs on unlabelled data before fine-tuning it on the target training set (Dai and Le,
2015; Peters et al., 2018), several papers apply the pre-training trick to transformer-based models,
including GPT (Radford et al., 2019), BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019),
XLNET (Yang et al., 2019), ALBERT (Lan et al., 2020), ELECTRA (Clark et al., 2020), etc.

At the very beginning, all parameters in the model are randomly initialized. Pre-training aims
to update model parameters on unsupervised corpora. The high-level idea of the pre-training task
is to predict a part of the sequence given the context information, and in order to do well, the
model needs to have the ability to model textual data. There are two categories of unsupervised
pre-training objectives: (1) Autoregressive—the model tries to predict the token xt given the
preceding subsequence {xi}t−1i=1; (2) Autoencoding—the model is given a sequence {xi}ni=1 where
one or more tokens are masked, and the model tries to predict these masked tokens given the
unmasked ones. BERT, for example, uses an autoencoding objective, masked language modeling,
where random words are replaced with a mask and the model learns to recover the masked word
based on its context. Regardless of the concrete objective, after pre-training, the model can be
used as a text encoder to produce a sequence of output vectors where information of the input
token sequence is encoded. Given a downstream task, the model is further fine-tuned by feeding
the output vectors of the encoder to a newly-added task-specific classifier to make predictions.
For example, for sequence-level classification tasks such as sentiment analysis, one of the output
vectors is fed into an FFN that serves as the sentiment classifier; for token-level classification
tasks such as span prediction and named entity recognition, each of the output vectors is fed into
an FFN that serves as the token type classifier. Parameters from both the original encoder and
the downstream-task-specific classifier are jointly updated during fine-tuning. The entire model
is finally used for inference and evaluation, in which case, transformer models are used in the
same way as traditional machine learning models.

Transformer models are designed to accommodate a sequence pair (s1, s2) as input, and the
pair is concatenated as follows:

[CLS] s1 [SEP] s2 [SEP]

Here, [CLS] and [SEP] are special tokens for marking the beginning of input and separating
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the two sequences.10 In the case of using a single sequence as input, s2 is simply an empty
string. After concatenation, the input sequence is tokenized with WordPiece embeddings (Wu
et al., 2016), where special tokens such as [CLS] and [SEP] are also considered as a part of the
vocabulary and have their own embeddings. An embedding layer, which is randomly initialized
before pre-trained, converts the input token sequence into a sequence of embeddings, and feeds
them into the first layer of the transformer. The output corresponding to the [CLS] token is
usually regarded as the “sequence” embedding and is used for classification for sequence-level
classification tasks.

Transformers are much more complex than RNNs, not only conceptually but also computa-
tionally. Therefore, improving the efficiency of transformer-based models has become a more
interesting and important problem as they become dominating in NLP applications. Efforts to
improve efficiency in the three stages, pre-training, fine-tuning, and inference, have mainly been
put on pre-training and inference. Working in an unsupervised manner, pre-training requires
only plain text corpora, which can be extremely large in size. This makes pre-training extremely
computationally extensive and time consuming.11 Luckily, for people who do not work directly on
pre-training, pre-trainedmodels are often publicly available and can be directly used. Fine-tuning,
on the other hand, is typically done on a labeled dataset that is inevitably smaller. Efficiency
for fine-tuning is rarely a concern for most scenarios.12 Comparatively, people care more about
inference efficiency, especially for online cases where users are sensitive to latency.13

2.2 Related Work: Efficiency Methods for Transformers

We introduce existing efficiency methods for transformers applied to NLP tasks. We do not aim
to be exhaustive here, but instead focus on work that is more related to subsequent chapters.

10CLS is short for classifier and SEP for separator.
11 Pre-training time: BERTbase takes 4 days on 16TPUs; RoBERTalarge takes 1 day on 1024GPUs; the notoriously

enormous GPT-3 (Brown et al., 2020) takes more than 300 GPU-years.
12 Fine-tuning BERTbase on the SST-2 sentiment analysis dataset takes about an hour on one GPU.
13 In a certain IR case, the latency per query is 2000ms for BERT and less than 20ms for most pre-BERT

models (Hofstätter and Hanbury, 2019).
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2.2.1 Structured Pruning

Pruning (Han et al., 2015) aims to reduce model size and/or accelerate model execution by
removing unnecessary or unimportant parts of the model. Conventionally, effort on pruning
focuses on unstructured pruning in that it removes individual weights of parameter matrices and
vectors, e.g., the work by Frankle and Carbin (2019). While unstructured pruning creates sparse
weights in the model, it does not directly improve runtime efficiency, since the sparsity in weights
does not easily convert to a reduction in computation. Structured pruning (Anwar et al., 2017),
on the other hand, removes model parts at a higher level (e.g., an entire row or column of the
weight matrix), and can be directly applied to reduce computation (Figure 2.2a). In the case of
transformers, structured pruning typically focuses on reducing the number of layers, the length
of input/intermediate sequences, the number of attention heads, etc. After structured pruning,
the model typically requires rewiring, where we reorganize the remaining structure to form a
compact smaller model.

Number of layers In the computer vision community, there has been work on using reinforce-
ment learning to learn a policy to skip some of the modules/layers of a neural network (Lin et al.,
2017; Wang et al., 2018b; Wu et al., 2018). For NLP, Layerdrop (Fan et al., 2020) proposes to re-
duce the number of layers by using structured dropout. Different from traditional dropout, where
single weights are randomly disconnected from the network during training, structured dropout
randomly disconnects larger units such as an entire layer. Conceptually, structured dropout is
to traditional dropout as structured pruning is to unstructured pruning. By dropping out layers
during fine-tuning, Layerdrop makes the model less susceptible to accuracy degradation brought
by layer removal during inference.

Early exiting is another important idea for reducing the number of layers, but since it is closely
related to this thesis, we will discuss the details in Section 2.2.2.

Input/intermediate sequence length In the original setting for transformermodels, each layer’s
input and output sequences have the same length. However, an intermediate transformer layer can
also take only a part of the previous layer’s output as the input for its multi-head attention com-
putation, thereby reducing the effective intermediate sequence length. In fact, most pre-trained
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transformer models use a fixed sequence length that is much larger than needed by downstream
fine-tuning tasks,14 and this is a heavy waste of computation (recall that the complexity of the
attention mechanism is quadratically proportional to sequence length). PoWER-BERT (Goyal
et al., 2020) is the first attempt to do so at the fine-tuning stage: it gradually reduces the sequence
length as going into deep layers, before eventually reducing the sequence length to 1 at the final
layer, which is enough for sequence-level prediction. Length-Adaptive Transformer (Kim and
Cho, 2020) extends the idea to tasks other than sequence-level prediction (such as token-level
prediction), by first reducing the sequence length and then recovering missing tokens’ outputs.
Funnel Transformer (Dai et al., 2020) further extends the idea to pre-training: at each transformer
layer, the sequence is shortened from the previous layer by reducing the number of query vectors
in the multi-head attention mechanism; at the final layer, the sequence length is recovered by
merging outputs of previous layers.

Number of attention heads Following the effort of Voita et al. (2019) to analyze redun-
dancy in attention heads, Michel et al. (2019) show that directly removing attention heads after
training/fine-tuning does not significantly degrade the model’s effectiveness and argue that in a lot
of cases, multiple attention heads may not be necessary. MobileBERT (Sun et al., 2020) leverages
the observation to propose a faster BERT model: at each transformer layer, a funnel-like structure
is used to first reduce the model’s hidden size (the dimension of vectors to be processed by the
multi-head attention mechanism, which is the most time-consuming part), and then to recover the
original hidden size at the end of the layer. In addition to the smaller hidden size, fewer attention
heads are used. Experiments show that MobileBERT achieves comparable accuracy with BERT
while using fewer parameters and less inference time.

2.2.2 Early Exiting

Early exiting is an important structured pruning idea to reduce the number of layers: it terminates
the computation of a model at an intermediate layer and immediately makes the final prediction
without going through the remaining layers (Cambazoglu et al., 2010). There have been a number

14 For example, BERT is pre-trained with sequence length 512, while the maximum sequence length required by
GLUE tasks is 128.
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Figure 2.2: Diagrams for efficiency methods. The model consists of an embedding layer (EMB)
at the bottom, a few transformer layers in the middle, and a classifier (CLS) at the top. Green
blocks represent parameters available from fine-tuning, and yellow blocks represent parameters
that are initialized and optimized after fine-tuning. (a): pruning removes unimportant parts of the
original model and rewires the connection; (b): early exiting adds extra classifiers for intermediate
transformer layers; (c): Distillation initialized a new student model and distill knowledge from
the original teacher model.

of publications on early exiting for transformer models, and they roughly fall into two categories
which we dub as explicit early exiting and implicit early exiting. The difference between these
two categories lies in how the model makes the decision of continuing/exiting after each layer. In
explicit early exiting, a separate module of the model, called the halting unit, explicitly predicts
whether or not to halt the computation; while in implicit early exiting, the decision is made based
on the model’s prediction, e.g., comparing the maximum predicted probability with a threshold.

Explicit early exiting The idea of explicit early exiting starts from Adaptive Computation
Time (ACT) (Graves, 2016a). A halting unit is injected into the model itself, and thus the
model makes two predictions together: the task prediction, e.g., the probability distribution of a
classification task, and the exiting prediction, i.e., whether to exit here and to output the latest
task prediction. It is assumed that the task prediction gets better and better as more computation
resources are used, and therefore the latest prediction is used. During training, the loss function
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is computed from the chosen task prediction; a layer penalty is also applied as a regularizer
to encourage the model to use fewer layers while maintaining the prediction quality. Universal
Transformer (UT) (Dehghani et al., 2019) is proposed as the ACT application on transformers.
In typical transformer models such as BERT, each word in the input sequence is processed
by a fixed number of layers (with possibly different parameters), while in UT, each word is
processed by the same transformer layer (i.e., transformers layers with shared parameters), but for
a different number of times, depending on the halting unit’s output. FollowingUT,Depth-Adaptive
Transformer (DAT) (Elbayad et al., 2020) and Faster-Depth-Adaptive transformer (FDAT) (Liu
et al., 2021) extend the idea of UT in the following two ways: (1) transformer layers no longer
share parameters; (2) instead of training the halting unit along with the “main” model, it is now
trained with explicit supervision—in DAT, the “ground truth” layer is the one with the highest
accuracy/likelihood (depending on the task), and in FDAT the “ground truth” layer is chosen by
estimating mutual information between each word and the label or estimating the reconstruction
loss when each word is masked from the language model.

Implicit early exiting The idea of implicit early exiting for deep learning model is proposed
in BranchyNet (Teerapittayanon et al., 2016). In implicit early exiting, the model makes only
the task prediction, and the exiting decision is implicitly made based on properties of the task
prediction. Our published work, DeeBERT (Chapter 3; Xin et al., 2020a), falls into this category
(Figure 2.2b). Somewhat coincidentally, Right-Tool-for-the-Job (RTJ15) (Schwartz et al., 2020)
and FastBERT (Liu et al., 2020), which also apply implicit early exiting to NLP tasks, are
published at the very venue as DeeBERT. The core idea is very similar, and the differences lie
in how the model is fine-tuned and how exiting decisions are made. RTJ fine-tunes the entire
model (i.e., all transformer layers and classifiers) by minimizing the simple sum of all layers’ loss
functions, and FastBERT fine-tunes the model with self-distillation, as proposed by Zhang et al.
(2019a) and Phuong and Lampert (2019) for computer vision tasks. Both RTJ and FastBERT
make exiting decisions by comparing the confidence (the maximum predicted probability) with
some thresholds. PAtience-Based-Early-Exiting (PABEE) (Zhou et al., 2020) comes out not
more than a few months after those three. It trains the network by minimizing a weighted sum
of all layers’ loss functions (the weight is the layer’s index), and it makes the prediction based

15Short for Right Tool for the Job—the paper does not provide a concise name for the method.
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on “patience”—if the model’s prediction is stable for a few layers (predicting the same class for
classification or predicting close values for regression), then the model is confident enough to
halt the computation. Cascade Transformer (Soldaini and Moschitti, 2020) is another instance of
implicit early exiting that specifically deals with ranking problems: it works on a batch of examples
(likely documents to be ranked), and discarded a fixed proportion of non-relevant examples at
each layer, based on their predicted relevance.

Early exiting can be regarded as constructing a series ofmodels where the computation of previous
models can be reused. In this sense, it is also closely related to literature from the computer
vision community (Huang et al., 2018; Yu et al., 2019).

2.2.3 Other Methods

Knowledge distillation Distillation (Hinton et al., 2015) aims to “distill” knowledge from a
large, effective, and likely costly teacher model to a small, efficient, and likely less effective
student model (Figure 2.2c). The distillation process is, typically, first using the teacher model to
annotate a dataset and then training the student model with the annotation. Differences between
each method lie in how to annotate with the teacher, how to choose the student architecture, and
how to train the student with the teacher’s annotation. Tang et al. (2019) perform task-specific
distillation into non-transformer architectures such as LSTMs: the teacher is a BERT model that
has already been fine-tuned on a specific task; a transfer dataset is constructed by augmenting the
original training set with rule-based approaches; the teacher model is used to annotate the transfer
dataset; the student model is trained on the transfer dataset by aligning its prediction logits with
the teacher. Patient Knowledge Distillation (PKD) (Sun et al., 2019) also performs task-specific
distillation, but the student models are transformers with fewer layers and smaller hidden sizes;
furthermore, they perform patient distillation, in that they align not only logits predicted by
teachers and students, but also hidden states in intermediate layers. DistilBERT (Sanh et al.,
2019) extends the idea to both task-agnostic and task-specific distillation: first the student model
learns from a pre-trained but not fine-tuned teacher, then it further learns from another teacher that
has been fine-tuned on a specific task; the student can also, after the first stage learning, be directly
fine-tuned on a specific task instead of learning from a proxy teacher. TinyBERT (Jiao et al.,
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2020) combines the above work: the student models are smaller transformers; both task-agnostic
and task-specific distillation are considered; both general distillation (aligning prediction logits)
and transformer-specific distillation (aligning embedding matrices, attention matrices, hidden
states, etc. of intermediate layers) are used.

It is also worth mentioning that knowledge distillation and structured pruning are not mutually
exclusive. For example, in some cases (Kim andCho, 2020), peoplemayfirst use structure pruning
to obtain a smaller model, and then use distillation to train a specific part of the smaller model.

Quantization and hardware-related approaches Quantization (Courbariaux et al., 2014; Lin
et al., 2016) aims to use fewer bits than normal to store parameters and perform the computation
of a deep learning model, and has been applied to transformer models (Shen et al., 2020; Zhang
et al., 2020). Hardware-Aware Transformer (Wang et al., 2020) is proposed to search for an
adequate transformer model configuration (e.g., attention head numbers, layer numbers, inter-
layer connection styles), based on the given hardware and latency constraints. However, these
methods are less related to the thesis and we therefore omit the details.

2.3 Experimental Setup: Datasets, Implementation, and Pre-
trained Checkpoints

In this section, we introduce factors in our experimental setup that are available from previous
papers and online resources.

Many chapters of the thesis discuss general NLP applications, therefore we use the GLUE
benchmark (Wang et al., 2018a). The benchmark includes 10+ datasets, among which we use the
following classification and regression ones.

• RTE (Recognizing Textual Entailment) (Bentivogli et al., 2009) is a classification task.
Given a pair of sentences, the task is to predict whether the second sentence is an entailment
of the first one.
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• MRPC (Microsoft Research Paraphrase Corpus) (Dolan and Brockett, 2005) is a classifi-
cation task. Given a pair of sentences, the task is to predict whether they are semantically
equivalent.

• SST-2 (Stanford Sentiment Treebank) (Socher et al., 2013) is a classification task. Given a
single sentence of movie review, the task is to predict whether the sentiment is positive or
negative.

• QNLI (Question Natural Language Inference) (Rajpurkar et al., 2016; Wang et al., 2018a)
is a classification task. Given a question and a sentence, the task is to predict whether the
sentence contains the answer to the question.

• QQP (Quora Question Pairs) (Sharma et al., 2019) is a classification task. It is also
a semantic equivalence judgment dataset like MRPC, but the sentence pairs are Quora
questions.

• MNLI (Multi-genre Natural Language Inference) (Williams et al., 2018) is a classification
task. It is also an entailment judgment dataset like RTE, but there are three classes:
entailment, contradiction, and neutral.

• STS-B (Semantic Textual Similarity Benchmark) (Cer et al., 2017) is a regression task.
Given a pair of sentences, the task is to predict a score from 1 to 5 for how semantically
similar the sentences are.

For regression experiments, since GLUE has only one regression dataset, we additionally use
SICK (Sentences Involving Compositional Knowledge) (Marelli et al., 2014). Similar to STS-B,
given a pair of input sentences, the task is to predict a score from 1 to 5 for how related the
sentences are.

Statistics of these classification and regression datasets are listed in Table 2.2.

Our implementation of transformers is adapted from the Huggingface Transformer Li-
brary (Wolf et al., 2020). The library also provides pre-trained model checkpoints, and we
use the following ones as backbone models in our experiments.

• BERTbase-uncased and BERTlarge-uncased
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Dataset # Classes Train / Dev / Test

RTE 2 2.5k / 0.3k / 3.0k
MRPC 2 3.7k / 0.4k / 1.7k
SST-2 2 67k / 0.9k / 1.8k
QNLI 2 105k / 5.5k / 5.5k
QQP 2 364k / 40k / 391k
MNLI 3 393k / 9.8k / 9.8k

STS-B 1 8.6k / 1.5k / 1.4k
SICK 1 4.4k / 4.9k / –

Table 2.2: Statistics of NLP datasets used in the thesis. STS-B and SICK are regression datasets,
thus # Classes = 1.

• RoBERTabase and RoBERTalarge

• ALBERTbase-v2

• DistilBERTbase-uncased
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Chapter 3

Early Exiting for Sequence Classification

Asmentioned in Section 2.2.2, early exiting can be regarded as a structured pruning idea to reduce
the number of layers in the transformer model. We apply early exiting to pre-trained transformer
models such as BERT and RoBERTa, and conduct experiments on sequence classification tasks
from the General Language Understanding Evaluation benchmark (GLUE) (Wang et al., 2018a).
The results are published in the DeeBERT paper (Xin et al., 2020a).

3.1 Overview

To accelerate inference for BERT-likemodels,16we proposeDeeBERT:Dynamic early exiting for
BERT. The inspiration comes from a well-known observation in the computer vision community:
in deep convolutional neural networks, higher layers typically produce more detailed and finer-
grained features (Zeiler and Fergus, 2014). Therefore, we hypothesize that, for BERT, features
provided by the intermediate transformer layers may suffice to classify the easier input examples.

DeeBERT accelerates BERT inference by adding extra classifiers to transformer layers, so that
after each transformer layer, there is an exit point through a classifier (Figure 3.1). All transformer
layers and classifiers are jointly fine-tuned on a given downstream dataset. At inference time,
after an example goes through a transformer layer, it is passed to the adjacent classifier. If the

16Henceforth, we often use BERT to refer to other transformer models similar to BERT.
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Figure 3.1: DeeBERT model overview. There are n layers in total; blue blocks are transformer
layers and orange blocks are classifiers.

classifier is confident of the prediction, the result is returned; otherwise, the example is sent to
the next transformer layer.

In this chapter, we conduct experiments on BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019) with six sequence classification tasks from the GLUE benchmark, showing that
DeeBERT is capable of accelerating model inference by up to∼40% with minimal model quality
degradation on downstream tasks. Further analyses reveal interesting patterns in the models’
transformer layers, as well as redundancy in both BERT and RoBERTa.

3.2 Modeling Details

DeeBERT modifies fine-tuning and inference of BERT models, leaving pre-training unchanged.
It adds one classifier for each transformer layer. An inference example can exit earlier at an
intermediate classifier, without going through the rest of the transformer layers. The last classifier
is the classification layer of the original BERT model.
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3.2.1 DeeBERT at Fine-Tuning

Backbonemodel The backbone model is an n-layer pre-trained transformer model. It is a stack
of n transformer layers, pre-trained on large corpora in a self-supervised manner. We denote the
ith layer’s hidden state corresponding to the [CLS] token as hi:

hi = fi(x; θ1, · · · , θi), (3.1)

where x is the input sequence, θi is the parameters of the ith transformer layer, and fi is the
mapping from input to the ith layer hidden state.

Classifiers In the original BERT paper (Devlin et al., 2019), the way to fine-tune the model is
to attach a classifier to the final transformer layer, and then to jointly update both the backbone
model and the classifier. The classifier is a one-layer fully-connected network. It takes as input
the final layer hidden state hn and outputs a prediction, which is a probability distribution over all
classes for classification tasks. To enable early exiting, we instead attach a classifier gi(·) to every
transformer layer, i.e., there are n classifiers in total. Each classifier can make its own prediction,
e.g., for the ith layer,

ŷi = gi(hi;wi), (3.2)

where wi is the parameters of the ith classifier. In this way, the model can accelerate inference by
exiting earlier.

Fine-tuning For fine-tuning on a downstream task, the loss function of the ith classifier is

Li(D) =
1

|D|
∑

(x,y)∈D

H(y, ŷi), (3.3)

whereD is the fine-tuning training set, (x, y) the feature–label pair of an example, hi the ith layer’s
hidden state (generated fromx), andH the cross-entropy loss function. We use a two-stagemethod
to fine-tune the network: First, we update all transformer layers and the last classifier with the
loss function Ln; this stage is identical to BERT fine-tuning in the original paper (Devlin et al.,
2019). Second, we freeze all parameters fine-tuned in the first stage, and then update all but the
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Algorithm 1 DeeBERT’s entropy-based early exiting inference (input: x)
for i = 1 to n do
ŷi = gi(hi;wi)

if entropy(ŷi) < S then
return ŷi

end if
end for
return ŷn

last classifier with the loss function
∑n−1

i=1 Li. The reason for freezing parameters of transformer
layers is to keep the optimal output quality for the last classifier; otherwise, transformer layers
are no longer optimized solely for the last classifier, which generally worsens model quality. The
objective functions can be written as

Stage 1: min
θ1,··· ,θn
wn

Ln; (3.4)

Stage 2: min
w1,··· ,wn−1

n−1∑
i=1

Li. (3.5)

This two-stage fine-tuning can also be regarded as starting from a fine-tuned model, adding extra
classifiers to it, and fine-tuning only these new classifiers. In the case where fine-tuned models
are already available, this only requires minimal extra effort to enable early exiting.

3.2.2 DeeBERT at Inference

The way DeeBERTworks at inference time is shown in Algorithm 1. We quantify an intermediate
classifier’s confidence in its prediction using the entropy of the output probability distribution.
When an input example x arrives at an intermediate classifier, the classifier compares the entropy
of its output distribution ŷi with a preset threshold S to determine whether the example should
be returned here or sent to the next transformer layer.

It is clear from both intuition and experimentation that a larger S leads to a faster but less
accurate model, and a smaller S leads to a more accurate but slower one. In our experiments, we
vary S based on this principle.
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We also explore using ensembles of multiple layers instead of a single layer for the classifier,
but this does not bring significant improvements. The reason is that predictions from different
layers are usually highly correlated, and a wrong prediction from an intermediate layer is unlikely
to be “fixed” by the layers before it. Therefore, we stick to the simple yet efficient single-output
layer strategy.

3.3 Experimental Setup

We apply DeeBERT to both BERT (Devlin et al., 2019) and RoBERTa (Liu et al., 2019), and
conduct experiments on six sequence classification datasets from the GLUE benchmark: SST-
2, MRPC, QNLI, RTE, QQP, and MNLI (Section 2.3). Inference runtime measurements are
performed on a single NVIDIA Tesla P100 GPU. Hyperparameters such as hidden state sizes,
learning rates, fine-tuning epochs, and batch sizes are kept unchanged from the Huggingface
Transformer library (Wolf et al., 2020). There is no early stopping and the checkpoint after full
fine-tuning is chosen.

3.4 Experimental Results

3.4.1 Main Results

We vary DeeBERT’s accuracy–efficiency trade-off17 by setting different entropy thresholds S,
and compare the results with other baselines in Table 3.1. Model quality is measured on the test
splits, and the results are provided by the GLUE evaluation server. Efficiency is quantified with
the wall-clock inference runtime, including both CPU and GPU runtime, on the entire test set,
where examples are fed into the model one by one. For each run of DeeBERT on a dataset, we
choose three entropy thresholds S based on accuracy–efficiency trade-offs on the development
set, aiming to demonstrate the following cases: (1) the maximum runtime savings with minimal

17 In the term accuracy–efficiency trade-off, we use accuracy to broadly refer to model quality metrics, including
accuracy itself, precision/recall, F1 score, etc.—depending on the task.
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SST-2 MRPC QNLI RTE QQP MNLI-(m/mm)

Acc Time F1 Time Acc Time Acc Time F1 Time Acc Time

BERTbase

Baseline 93.6 36.72s 88.2 34.77s 91.0 111.44s 69.9 61.26s 71.4 145min 83.9/83.0 202.84s
DistilBERT −1.4 −40% −1.1 −40% −2.6 −40% −9.4 −40% −1.1 −40% −4.5 −40%

DeeBERT
−0.2 −21% −0.3 −14% −0.1 −15% −0.4 −9% −0.0 −24% −0.0/−0.1 −14%
−0.6 −40% −1.3 −31% −0.7 −29% −0.6 −11% −0.1 −39% −0.8/−0.7 −25%
−2.1 −47% −3.0 −44% −3.1 −44% −3.2 −33% −2.0 −49% −3.9/−3.8 −37%

RoBERTabase

Baseline 94.3 36.73s 90.4 35.24s 92.4 112.96s 67.5 60.14s 71.8 152min 87.0/86.3 198.52s
LayerDrop −1.8 −50% - - - - - - - - −4.1 −50%

DeeBERT
+0.1 −26% +0.1 −25% −0.1 −25% −0.6 −32% +0.1 −32% −0.0/−0.0 −19%
−0.0 −33% +0.2 −28% −0.5 −30% −0.4 −33% −0.0 −39% −0.1/−0.3 −23%
−1.8 −44% −1.1 −38% −2.5 −39% −1.1 −35% −0.6 −44% −3.9/−4.1 −29%

Table 3.1: Comparison between baseline (original BERT/RoBERTa), DeeBERT, and other ac-
celeration methods. LayerDrop only reports results on SST-2 and MNLI. Time savings of
DistilBERT and LayerDrop are estimated by reported model size reduction.

performance drop (< 0.5%), (2) the sweet point (elbow point) of trade-offs, and (3) the runtime
savings with moderate performance drop (2%− 4%). Chosen S values differ for each dataset.

We also visualize the trade-off in Figure 3.2. Each curve is drawn by interpolating a number
of points, each of which corresponds to a different threshold S. Since this only involves a
comparison between different settings of DeeBERT, the runtime is measured on the development
set.

From Table 3.1 and Figure 3.2, we observe the following patterns:

• Despite differences in baseline performance, both models show similar patterns on all
datasets: the performance (accuracy/F1 score) stays (mostly) the same until runtime saving
reaches a certain turning point, and then starts to drop gradually. The turning point typically
comes earlier for BERT than for RoBERTa, but after the turning point, the performance of
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Figure 3.2: DeeBERT quality and efficiency trade-offs for BERTbase and RoBERTabase models.

RoBERTa drops faster than for BERT. The reason for this will be discussed in Section 3.4.3.

• Occasionally, we observe spikes in the curves, e.g., RoBERTa in SST-2, and both BERT
and RoBERTa in RTE. We attribute this to possible regularization brought by early exiting
and thus smaller effective model sizes, i.e., in some cases, using all transformer layers may
not be as good as using only some of them.

Compared with other BERT acceleration methods such as distillation and structured dropout,
DeeBERT has the following two notable advantages:

• Instead of producing a fixed-size smaller model like DistilBERT (Sanh et al., 2019),
DeeBERT produces a series of options for faster inference. This is equivalent to a sequence
of models with increasing sizes where each model can reuse the computation of previous
ones. Users have the flexibility to choose from these models according to their demands.

28



0 10 20 30 40 50 60 70 80 90
Expected Savings (%)

0
10
20
30
40
50
60
70
80

M
ea

su
re

d 
S

av
in

gs
 (%

)

base: SST-2
BERT
RoBERTa

0 10 20 30 40 50 60 70 80 90
Expected Savings (%)

0
10
20
30
40
50
60
70
80

M
ea

su
re

d 
S

av
in

gs
 (%

)

base: MRPC
BERT
RoBERTa

Figure 3.3: Comparison between expected saving (x-axis) and actual measured saving (y-axis),
using BERTbase and RoBERTabase models.

• Unlike DistilBERT and LayerDrop (Fan et al., 2020), DeeBERT does not require further
pre-training of the transformer model, which is considerably more time-consuming than
fine-tuning.

3.4.2 Expected Savings

As the measurement of runtime might not be stable, we propose another metric to capture
efficiency, called expected saving, defined as

1−
∑n

i=1 i×Ni∑n
i=1 n×Ni

, (3.6)

where n is the number of layers and Ni is the number of examples exiting at layer i. Intuitively,
the expected saving is the fraction of transformer layer execution saved by using early exiting. The
advantage of this metric is that it remains invariant between different runs and can be analytically
computed. For validation, we compare this metric with measured saving in Figure 3.3. Overall,
the curves show a linear relationship between expected savings and measured savings, indicating
that our reported runtime is a stable measurement of DeeBERT’s efficiency.
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Figure 3.4: Accuracy of each classifier for BERTbase and RoBERTabase.

3.4.3 Layer-wise Analyses

In order to understand the effect of applyingDeeBERT to bothmodels, we conduct further analyses
on each classifier layer. Experiments in this section are also performed on the development set.

Output Performance by Layer For each classifier, we force all examples in the development
set to exit at the designated layer, measure the output quality, and visualize the results in Figure 3.4.

From the figure, we notice the difference between BERT and RoBERTa. The output quality
of BERT improves at a relatively stable rate as the index of the exit classifier increases. The
output quality of RoBERTa, on the other hand, stays almost unchanged (or even worsens) for a few
layers, then rapidly improves, and reaches a saturation point before BERT does. This provides
an explanation for the phenomenon mentioned in Section 3.4.1: on the same dataset, RoBERTa
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Figure 3.5: Results for BERTlarge and RoBERTalarge.

often achieves more runtime savings while maintaining roughly the same output quality, but then
quality drops faster after reaching the turning point.

We also show the results for BERTlarge andRoBERTalarge in Figure 3.5. From the two plots on
the right, we observe signs of redundancy that both BERTlarge and RoBERTalarge share: the last
several layers do not show much improvement compared with the previous layers (performance
even drops slightly in some cases). Such redundancy can also be seen in Figure 3.4.

Number of Exiting Examples by Layer We further show the fraction of examples exiting at
each classifier for a given entropy threshold in Figure 3.6.

Entropy threshold S = 0 is the baseline, and all examples exit at the last layer; as S increases,
gradually more examples exit earlier. Apart from the obvious, we observe additional, interesting
patterns: if a layer does not provide better-quality output than previous layers, such as layer 11
in BERTbase and layers 2–4 and 6 in RoBERTabase (which can be seen in Figure 3.4, top left),
it is typically chosen by very few examples; popular layers are typically those that substantially
improve over previous layers, such as layers 7 and 9 in RoBERTabase. This shows that an entropy
threshold is able to choose the fastest classifier among those with comparable quality, and achieves
a good trade-off between quality and efficiency.
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Figure 3.6: Number of output examples by layer for BERTbase and RoBERTabase. Each plot
represents a separate entropy threshold S.

3.5 Summary

In this chapter, we discuss DeeBERT, our initial attempt to apply early exiting to transformer
models for NLP. It is an effective method that exploits redundancy in BERTmodels to achieve bet-
ter accuracy–efficiency trade-offs. Experiments demonstrate its ability to accelerate BERT’s and
RoBERTa’s inference by up to∼40%, and also reveal interesting patterns of different transformer
layers in BERT models.
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Chapter 4

Early Exiting for Sequence Regression and
Low-Resource Datasets

In this chapter, we discuss two improvements over DeeBERT (Chapter 3). The results are
published in the BERxiT (BERT + ExiT) paper (Xin et al., 2021a). The first improvement is to
extend DeeBERT to regression tasks. DeeBERT and other similar work such as RTJ (Schwartz
et al., 2020) design early exiting based on the assumption that the model’s output is a probability
distribution, which is not always the case. Inspired by explicit early exiting, we insert a learning-
to-exit (LTE) module alongside the early exiting classifiers. The second improvement is a
more sophisticated method for fine-tuning the early exiting model for low-resource datasets.
DeeBERT’s two-stage fine-tuning emphasizes the final layer’s quality, while RTJ’s joint fine-
tuning emphasizes earlier layers’ quality. We propose alternating fine-tuning which alternates
the objective function between those of two-stage and joint fine-tuning, and thereby combining
the advantages of both. More importantly, the improvement over joint fine-tuning is larger for
low-resource datasets.
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Figure 4.1: Multi-output structure of early exiting BERT. There are n layers in total; blue blocks
are transformer layers, orange blocks are classifiers, and green blocks are exiting decision making
modules. The green blocks are the difference between this diagram and Figure 3.1.

4.1 Overview

Early exiting (Schwartz et al., 2020; Xin et al., 2020a; Liu et al., 2020) has been proposed to
accelerate the inference of BERT and models with similar architecture, i.e., those comprising
multiple transformer layers (Vaswani et al., 2017) with a classifier at the top. Instead of using
only one classifier, additional classifiers are attached to each transformer layer (see Figure 4.1),
and the entire model is fine-tuned together. At inference time, the example can perform early
exiting through one of the intermediate classifiers.

While previous early exiting papers provide promising accuracy–efficiency trade-offs, im-
provements are necessary for two important components: fine-tuning strategies and exiting de-
cision making. In these papers, fine-tuning strategies are relatively simple and fail to take full
advantage of the pre-trained model’s effectiveness; we propose a novel fine-tuning strategy, Alter-
nating, for this multi-output model. Moreover, previous work makes exiting decisions based on
the confidence of output probability distributions, and is hence only applicable to classification
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tasks; we extend it to other tasks by proposing the learning-to-exit idea. With carefully designed
fine-tuning strategies and methods for making exiting decisions, the model can achieve better
accuracy–efficiency trade-offs and can be extended to regression tasks.

We refer to these improvements collectively as BERxiT, and apply it to transformer-based
models including BERT, RoBERTa (Liu et al., 2019), and ALBERT (Lan et al., 2020); we also
apply it on top of another accelerated variant of BERT, DistilBERT (Sanh et al., 2019). We
conduct experiments on datasets including classification and regression tasks, and show that our
method can save up to 70% of inference time with minimal quality degradation. We also show
that the early exiting idea is capable of providing insight into the inner mechanism of pre-trained
models.

4.2 Model Structure and Fine-Tuning

The model structure, including the backbone model and classifiers, is the same as introduced in
Section 3.2.1. The only difference is that for regression tasks, the output of classifiers is a scalar,
but we still refer to these one-layer networks as classifiers for naming consistency.

We discuss how to fine-tune this multi-output network. To recap Equation (3.3), the loss
function for the ith layer classifier is

Li(D) =
1

|D|
∑

(x,y)∈D

H(y, ŷi), (4.1)

whereD is the fine-tuning training set, (x, y) the feature–label pair of an example, ŷi layer’s output
(generated from x), and H the task-specific loss function, e.g., cross-entropy for classification
tasks and mean squared error (MSE) for regression tasks.

The most straightforward fine-tuning strategy is perhaps minimizing the sum of all classifiers’
loss functions and jointly updating all parameters in the process. We refer to this strategy as Joint,
which is used in RTJ (Schwartz et al., 2020):

min
θ1,··· ,θn
w1,··· ,wn

n∑
i=1

Li. (4.2)
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If we hope to preserve the best model quality for the final layer, the desired fine-tuning strategy
is Two-stage, which is used in DeeBERT (Chapter 3). The first stage is identical to vanilla BERT
fine-tuning: updating the backbone model and only the final classifier. In the second stage, we
freeze all parameters updated in the first stage, and fine-tune the remaining classifiers. Objectives
in the two stages are as follows.

Stage 1: min
θ1,··· ,θn
wn

Ln (4.3)

Stage 2: min
w1,··· ,wn−1

n−1∑
i=1

Li (4.4)

These two fine-tuning strategies are not ideal. Intuitively, in this multi-output network, loss
functions of different classifiers interfere with each other in a negative way. Transformer layers
have to provide hidden states for two competing purposes: immediate inference at the adjacent
classifier and gradual feature extraction for future classifiers. Therefore, achieving a balance
between the classifiers is critical. Two-stage produces final classifiers with optimal quality at the
price of earlier layers, since most parameters are solely optimized for the final classifier. Joint
treats all classifiers equally, and therefore its final classifier is less effective than that of Two-stage.
To combine the advantages, we propose a novel fine-tuning strategy, Alternating. It alternates
between two objectives (taken from Equation (4.2) and Equation (4.3)) for odd-numbered and
even-numbered iterations.

Odd: min
θ1,··· ,θn
wn

Ln (4.5)

Even: min
θ1,··· ,θn
w1,··· ,wn

n∑
i=1

Li (4.6)

Combining objectives from Joint and Two-stage, Alternating has the potential to find the
most preferable region in the parameter space, i.e., the intersection between optimal regions for
different layers.

36



4.3 Exiting Decision Making

After the entire model (including the backbone and all classifiers) is fine-tuned, it can perform
early exiting for an inference example. In this section, we discuss two methods to make exiting
decisions.

4.3.1 Confidence Thresholding

When the model is “certain” enough of its prediction at an intermediate layer, the forward
inference can be terminated, saving computation of the remaining layers.

For classification tasks, a straightforward measurement of the prediction certainty is the
entropy of the output prediction, which is used in DeeBERT (Chapter 3). Similarly, we can also
use the maximum entry of the output distribution, which we refer to as confidence and is used
in previous work (Schwartz et al., 2020; Liu et al., 2020). Confidence yields similar results to
entropy, and is also simpler and faster to calculate. Before inference starts, a confidence threshold
is chosen. In forward propagation, the confidence of the output at each layer is compared with the
threshold; if it is larger than the threshold at a certain layer, the example exits and future layers
are skipped.

4.3.2 Learning to Exit

While using a confidence or entropy threshold is straightforward and effective, it is exploiting the
fact that the classifier’s output is a probability distribution in classification tasks. This is generally
not the case for other tasks such as regression. To address the gap, we propose learning-to-exit
(LTE) as a substitute when the distribution is unavailable.

The ith layer hidden state hi is a vector in the embedding space. Intuitively, different regions
of the embedding space have different certainty levels. For instance, in binary classification
tasks, regions closer to the decision boundary have a lower certainty level, and this is explicitly
expressed as a lower confidence of the output probability distribution. But even when certainty
cannot be explicitly measured, we can still train an auxiliary LTE module to estimate such a
metric by learning to distinguish different certainty levels in the embedding space.
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Concretely, the LTE module is a simple one-layer fully-connected network. It takes as input
the hidden state hi and outputs the certainty level ui of the example at the ith layer:

ui = σ(c>hi + b), (4.7)

where σ is the sigmoid function, c is the weight vector, and b is the bias term.

The loss function for the LTE module is a simple MSE between ui and the “ground truth”
certainty level at the ith layer ũi:

Ji = ||ui − ũi||22. (4.8)

For classification, the ground truth certainty level is whether the classifier makes the correct
prediction:

ũi = 1[arg max
j

ŷ
(j)
i = y], (4.9)

where ŷi is the output probability distribution at the ith layer and ŷ
(j)
i is its j th entry. For regression,

the ground truth certainty level is negatively related to the prediction’s absolute error:

ũi = 1− tanh(|ŷi − y|), (4.10)

where the tanh functions ensures that ũi is in the range [0, 1]. In both cases, ũi is larger when the
predicted value of the model is closer to the ground truth label.

To apply LTE, we initialize the LTE module together with classifiers and it is shared among
all layers. We train the LTE module jointly with the rest of the model by substituting Li in
Equations (4.2) to (4.6) with Li + Ji. At inference time, we use the certainty level predicted
by the LTE module as a proxy for confidence: if the predicted certainty level is higher than the
chosen threshold, the inference example performs early exiting.

4.4 Experimental Setup

We evaluate different fine-tuning strategies and early exiting methods on BERT models. We
conduct experiments on the following dataset: RTE, MRPC, SST-2, QNLI, QQP, MNLI, STS-B,
and SICK (Section 2.3).
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RTE MRPC SST-2 QNLI QQP MNLI STS-B SICK

BERTbase 5.8 8.4 18.0 110.4 856.8 209.4 33.2 107.8
BERTlarge 11.6 17.4 35.9 223.2 1952.8 400.3 61.3 209.8
ALBERTbase 6.5 9.4 18.5 114.6 864.8 204.8 31.6 104.2
DistilBERT 3.0 4.3 9.1 55.4 407.1 106.2 15.9 50.9

Table 4.1: Inference runtime in seconds for each model and dataset.

We conduct grid search on experimental settings such as the optimizer, learning rates, hidden
state sizes, and dropout probabilities, and discover that it is best to keep original settings from the
Huggingface Transformers library (Wolf et al., 2020). Random seeds are also unchanged for fair
comparisons. For BERT, ALBERT, and DistilBERT, we fine-tune for 3 epochs; for RoBERTa,
we fine-tune for 10 epochs; no early-stopping or checkpoint selection is performed.

Experiments are done on a single NVIDIA P100 GPU. For inference, we use a batch size of 1
(since we need to perform early exiting based on each individual example’s difficulty). Inference
runtime for the entire dev set for all models and datasets is shown in Table 4.1. RoBERTa
has the same model structure as BERT, and therefore its runtime is also very close to that of
BERT. Note that this is affected by the computing environment and may vary between different
runs. Numbers of parameters for BERT and ALBERT backbone models can be found in the
paper by Lan et al. (2020). RoBERTa shares the same model structure as BERT and has the
same number of parameters. Numbers of parameters for early-exiting-specific modules, such
as additional classifiers and the LTE module, are on the order of thousands, and are therefore
negligible compared with those of backbone models (millions).

Most results in this chapter use the dev split, since the large number of evaluations we need
are forbidden by the GLUE evaluation server. The only exception is Table 4.2, where we report
model accuracy–efficiency trade-offs on the test split.
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4.4.1 Efficiency Metrics

While DeeBERT mainly uses measured wall-clock runtime as the efficiency metrics (Chapter 3),
in this chapter we instead use average exit layer of all inference examples. This is equivalent to
the expected savings mentioned in Section 3.4.2. We choose this new metric for the following
three reasons.

It is linear w.r.t. the amount of computation. Inference time computation in our model occurs
in the following parts: the embedding layer, transformer layers, classifiers, and the LTE module
(if used). If a layer is chosen, i.e., the exit layer is after it, all components of the layer (transformer,
classifier, LTE module) are used and incur computation costs. Additionally, embedding look-up
(selecting a column in the matrix) is much faster than the above components (involving matrix-
vector multiplication), and can therefore be neglected.

It is stable across different runs. With a fine-tuned model, an inference example’s exit layer
only depends on the confidence (or LTE-predicted certainty) at each layer and the threshold. On
the other hand, direct measurement of wall-clock runtime is frequently affected by competing
processes and fluctuates between different runs.

The computation overhead of early exiting is negligible. With the above reasons, there is
only one concern left for using the average exit layer as the efficiency metric: how do additional
layers in our model (including the additional classifier and possibly the LTE module) compare
with transformer layers in the original BERT paper? We estimate FLOPS used in one example’s
inference as follows. Since we will eventually end up with orders of magnitude differences, we
use the big-theta asymptotic notation for estimation.

Most computation is incurred for matrix and vector multiplication. Using the naïve imple-
mentation, the cost for multiplying two vectors in Rd is Θ(d), and the cost for multiplying a
matrix in Rd1×d2 and a vector in Rd2 is Θ(d1d2).

We denote d as the hidden state size of our model (768 for base models and 1024 for large
models), c as the number of classes (less than 4 in our experiments), n as the sequence length
(typically in the hundreds), and h as the number of heads in multi-head attention (12 for base and
16 for large).
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The classifier is a one-layer fully-connected layer, mapping a vector in Rd to an output in Rc,
therefore the cost is Θ(cd). Similarly, the cost of the LTE module is Θ(2d), since its output is
always a vector in R2.

The transformer layer mainly consists of multi-head self-attention, an FFN layer, and two layer
normalization modules. Layer normalization is much faster than the other two and we therefore
neglect it. The FFN layer maps n vectors from Rd to Rd, therefore the cost is Θ(nd2). The
multi-head attention18 computes h individual uni-head attention. For each uni-head attention,
the mapping from original query, key, and value vectors (Rd) to head-specific ones (Rd/h) incurs
a cost of Θ(nd2/h); calculating the attention results incurs a cost of Θ(nd/h). Therefore the
total cost here is Θ(nd2 + nd) = Θ(nd2). Finally, the results of each head are combined and one
more matrix–vector multiplication is needed, incurring a cost of Θ(nd). The total cost of one
transformer layer is therefore Θ(nd2).

Comparing the above, the ratio of a transformer layer to a classifier/LTE module is

Θ(nd2)

Θ(cd+ 2d)
= Θ(nd). (4.11)

Considering the typical value of n and d (both are in the order of hundreds), the classifier and
the LTE module are several orders of magnitude lighter than the transformer layer. Even with
advanced algorithms and parallel hardware that may accelerate transformer layers, we can still
safely come to the conclusion that the computation overhead of early exit is negligible.

4.5 Experimental Results

4.5.1 Layer-wise Scores Comparison

We discuss three fine-tuning strategies in Section 4.2: Joint (also used in RTJ), Two-stage (also
used in DeeBERT), and Alternating (proposed in this chapter). In tables and figures, they are
labeled respectively as joint, 2stg, and alt. We compare these three fine-tuning strategies

18Details can be found in the paper by Vaswani et al. (2017).
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(a) Layer-wise relative scores of the three fine-tuning
strategies on classification datasets.
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(b) Accuracy–efficiency trade-offs using confidence
for exiting decisions.

Figure 4.2: Results for BERTbase.

in Figure 4.2a and Figure 4.3a, respectively for BERTbaseand RoBERTabase/ALBERTbase.19 We

19While we present the results on all datasets for BERTbase, we only present those for low-resource datasets for
RoBERTabase/ALBERTbase, since the differences are the most notable for low-resource ones (as we will show later).

42



0 5 10

70

80

90

100

RTE

2stg joint alt

0 5 10

90

95

100

MRPC

0 5 10
90

100

110

120

130

RTE

0 5 10

95

100

MRPC

Average Exit Layer

R
el

at
iv

e
S

co
re

(%
)

(a) Layer-wise relative scores of the three fine-tuning
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(b) Accuracy–efficiency trade-offs using confidence
for exiting decisions.

Figure 4.3: Results for RoBERTabase (top row) and ALBERTbase (bottom row).

show each fine-tuning strategy’s layer-wise score curves: each point in the curve shows the output
score at a certain exit layer, i.e., all examples are required to exit at this layer for evaluation. More
specifically, we report relative scores, and the 100% baseline is the original score of the vanilla
models without early exiting, which is also the score of the final layer of Two-stage because of
parameter freezing in its second stage.

We observe the following from the figures:

• Two-stage is unsatisfying. While it achieves the best score at the final layer, it comes at a
large cost of other layers, especially for non-low-resource datasets.

• Alternating is better than Joint in later layers, and weaker in earlier layers. However, as we
will see in the next section, when we evaluate accuracy–efficiency trade-offs of confidence-
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based early exiting, the weakness of Alternating in earlier layers is no longer substantial,
while its advantage is preserved.

• The difference between Joint and Alternating is larger for low-resource datasets, where the
training set is insufficient to fine-tune all layers well simultaneously.

• Interestingly, for ALBERTbase, Alternating’s relative scores are higher than 100% in the
final layers. We speculate that this is because of the parameter-sharing nature of ALBERT
and the small sizes of the datasets: better supervision for intermediate layers also helps the
final layer.

4.5.2 Early Exiting Trade-offs Comparison

From the previous section, we see that Two-stage is visibly less preferable than the other two.
Therefore in this section, we focus on the comparison between Joint and Alternating by showing
their accuracy–efficiency trade-offs when confidence thresholding is used for making exiting
decisions.

We visualize the trade-offs between Joint and Alternating in Figure 4.2b and Figure 4.3b.
We also compare Alternating and other baselines by showing detailed numbers in Table 4.2
using results from the test set. Dots in the figures and alt rows in the table are generated by
varying the confidence threshold, and the thresholds are chosen to show trade-offs at different
average exit layers. In addition to the comparison between Joint and Alternating, we add another
strong baseline, DistilBERT (Sanh et al., 2019), to BERTbase’s results in Figure 4.2b. We
apply Alternating fine-tuning and early exiting on top of DistilBERT (labeled as db+alt), and the
rightmost point of the curve is DistilBERT itself without early exiting (the green:). Observations
from the table and figures are as follows:

• On the test set (Table 4.2), early exiting with Alternating fine-tuning saves a large amount
of inference computation, with only minimal quality degradation, compared with vanilla
inference.
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RTE MRPC SST-2 QNLI QQP MNLI-(m/mm) STS-B

Score Layer Score Layer Score Layer Score Layer Score Layer Score Layer Score Layer

BERTbase

raw 66.4 12 88.9 12 93.5 12 90.5 12 71.2 12 84.6/83.4 12 85.8 12

alt
101% −44% 99% −30% 98% −65% 99% −42% 99% −56% 99%/99% −37% 95% −50%
99% −54% 97% −56% 96% −79% 98% −63% 97% −75% 97%/97% −57% 91% −67%
96% −64% 94% −74% 94% −87% 95% −71% 93% −84% 93%/92% −72% 85% −75%

db 86% −50% 97% −50% 98% −50% 97% −50% 98% −50% 97%/97% −50% 94% −50%
db+alt 86% −55% 97% −60% 98% −75% 97% −72% 98% −76% 96%/97% −66% 93% −66%

BERTlarge

raw 70.1 24 89.3 24 94.9 24 92.7 24 72.1 24 86.7/85.9 24 86.5 24

alt
95% −33% 99% −32% 100% −32% 97% −62% 98% −74% 99%/99% −36% 97% −39%
94% −46% 98% −46% 99% −61% 95% −73% 96% −82% 96%/97% −57% 90% −62%
88% −62% 94% −71% 96% −78% 91% −83% 91% −89% 90%/90% −75% 76% −80%

Table 4.2: Test set results comparing baselines (raw BERTbase/BERTlarge, from the original
paper), DistilBERT, and early exiting with Alternating fine-tuning. Metric for model quality:
score for raw baselines and relative scores for others. Metric for model efficiency: total layers
for raw; relative saved layers for others (w.r.t. raw models).

• Compared with Joint, Alternating inherits its benefits discussed in the previous section:
better trade-offs at higher scores (larger average exit layer). Additionally, its improvements
are larger in smaller datasets.

• Alternating’s weakness at more aggressive exiting (smaller average exit layer) is minimized.
Take Figure 4.2b as an example, we report the area of one curve above the other as a
numerical metric: joint over alt and alt over joint is respectively (0.4, 13.5) for RTE,
(0.9, 8.8) for MRPC, and (0.2, 18.2) for SST-2. The advantage of Alternating indicates
that later layers intrinsically contribute more to early exiting performance, partly because
the final layer’s score is the upper bound for all previous layers (ignoring randomness in
training). This shows that the Joint fine-tuning strategy, which treats all layers equally, is
not ideal.
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Figure 4.4: Comparing layer-wise score of Alternating with LTE-based early exiting on top of
Alternating. BERTbase is the backbone.

• In most cases, Alternating outperforms DistilBERT, which requires distillation in pre-
training and is therefore much more resource-demanding. It also further improves model
efficiency on top of DistilBERT, suggesting that early exiting can be further combined with
other acceleration methods (see Chapter 7).
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Method Relative Score Speedup Avg. Exit Layer

pabee
99% 2.1 5.7
98% 2.4 5.0

alt-lte
99% 2.2 5.4
98% 2.6 4.6

Table 4.3: Comparing LTE with PABEE on STS-B.

4.5.3 Learning to Exit Performance

To examine the effectiveness of LTE, we apply it on top of models fine-tuned with Alternating.
We show the results in Figure 4.4 on four datasets, 2 classification and 2 regression.

We use the layer-wise score of Alternating as the baseline: if we want to save x% inference
runtime, a straightforward way is to use the first (100− x)% layers for every example, regardless
of its difficulty. LTE is expected to dynamically allocate resources based on an example’s
difficulty and therefore outperform this baseline. From the figures for QNLI and QQP, we
observe that the blue curves are substantially above the orange curves, i.e., LTE provides better
accuracy–efficiency trade-offs than the layer-wise baseline, achieving the same model quality
with less computation. For regression tasks STS-B and SICK, the layer-wise baseline reaches its
maximum score at relatively early layers, leaving little room for LTE to perform. Nevertheless,
LTE still outperforms the baseline, especially in earlier layers (note that the scale of y-axis is
larger for regression tasks—from 0 to 100%).

In Table 4.3, we also compare LTE with the patience-based baseline PABEE (Zhou et al.,
2020), which comes out at roughly the same time as BERxiT.We show their speedups and average
exit layers at the same relative scores. PABEE does not provide exact speedup numbers; therefore
we estimate the values from their figures. We can see that Alternating fine-tuning plus LTE is
marginally better than PABEE on regression tasks.

We further compareLTE-predicted certainty for each layerwith layer-wise scores in Figure 4.5.
We observe large differences of predicted certainty both within and across layers, showing that
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Figure 4.5: Comparison of each layer’s score and learned certainty. Yellow box-plots: distribution
of certainty at each layer; blue curve: relative score.

the LTE module is able to learn not only layer-specific information, but also example differences
within the same layer. Also, predicted certainty is generally positively correlated with scores.
This further demonstrates that the LTE module successfully captures certainty information based
on the model’s hidden state.

LTE extends confidence-based early exiting to tasks other than classification. Furthermore,
our LTE module is more straightforward and intuitive than DAT (Elbayad et al., 2020), yet
achieves comparable results with classification tasks.

4.5.4 Prediction Confidence as a Probe

So far, we have only regarded prediction confidence as something produced by the black-box
model and used it for making early exiting decisions. In this section, we show an example of how
confidence is related to a human-interpretable feature, demonstrating its potential to reveal the
inner mechanisms of transformer models.

We choose two datasets, MRPC and QQP, where the task is to predict whether two input
sequences are semantically equivalent. Intuitively, the BLEU score (Papineni et al., 2002)
between the two sequences, which measures n-gram matching, may be related to the prediction.
At each output layer, we first divide all dev set examples into two subsets by whether they are
predicted as positive or negative; then, we calculate the BLEU-4 score for each example, and
calculate the Pearson correlation between BLEU scores and confidence in each subset; finally, we
compare the correlation for both subsets in each layer, along with the layer-wise relative scores,
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Figure 4.6: Comparison between BLEU–confidence correlation (red and blue) and layer-wise
scores (black).

in Figure 4.6.

We notice that the BLEU scores and predicted confidence show the strongest correlation in
layers where the model quality starts to improve (layer 4–5 in MRPC20 and 2–3 in QQP). After
these layers, the correlation gradually weakens. It suggests that in the early layers, the model relies
more on simple features such as n-gram matching for making semantic judgments: the higher
the BLEU score is, the more certain it is for making positive predictions and the less certain it
is for negative ones; however, with more layers, the model acquires the ability to look beyond
the BLEU score, reducing its reliance on n-gram matching and achieving better performance.
Therefore, with MRPC as an example, analyzing differences between layers 3 and 4 may reveal
how the model detects n-gram matching, and analyzing differences between layers 4 and 6 may
reveal advanced semantic features learned by the model.

20In MRPC, the first three layers only make positive predictions due to the highly imbalanced training label
distribution.
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4.6 Summary

To improve early exiting for BERT, we present BERxiT, including the Alternating fine-tuning
strategy which outperforms methods from previous papers and the LTE idea which extends
early exiting to a broader range of tasks. Experiments show the effectiveness of Alternating in
providing better accuracy–efficiency trade-offs and the successful application of LTE to regression
tasks. They also show that early exiting is cumulative with other acceleration methods such as
DistilBERT and has the potential for model interpretation.
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Chapter 5

Early Exiting for Document Reranking

We apply early exiting to BERT for document reranking and publish the results in the Early
Exiting MonoBERT paper (EEMB) (Xin et al., 2020b). This is of particular interest, not only
because reranking is an important task of the second stage of the retrieve–process pipeline, but
also because it is fundamentally different from sequence classification tasks in GLUE (Chapter 3)
and requires special design in early exiting.

5.1 Overview

In this chapter, we study how to accelerate the inference of BERT-based document reranking
models. We follow the framework of MonoBERT (Nogueira and Cho, 2019), which performs
binary classification on query–document pairs into relevant/non-relevant. To accelerate inference
for BERT, we employ the idea of early exiting as in DeeBERT (Xin et al., 2020a). Here, extra
classification layers are attached to transformer layers of a pre-trained BERT model (Figure 5.1).
The model is then fine-tuned on the downstream training dataset. At inference time, an example
is sequentially processed by transformer layers and classifiers. If a classifier is confident of its
prediction, it returns the result and inference ends early; otherwise, the next transformer layer
proceeds with the computation. Different from DeeBERT, which treats all classes equally, we use
asymmetric early exiting for document ranking: the exiting threshold for positive predictions is
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Figure 5.1: Overview of early exiting BERT for document ranking. Blue blocks are transformer
layers and orange blocks are classifiers. The model architecture is the same as Figure 3.1.

higher than for negative ones, since the two classes in document ranking are intrinsically different,
and it is natural to allocate more computational resources for positive examples.

We conduct experiments on BERTbase with two document ranking datasets, MS MARCO
passage (Bajaj et al., 2016) and ASNQ (Garg et al., 2019). We compare against Cascade
Transformer (Soldaini andMoschitti, 2020), a recently proposed technique to accelerate inference
in BERT-based document ranking. Results show that our method can reduce inference latency
by up to 2.5× with minimal effectiveness degradation.

5.2 Early Exiting for Document Ranking

The task of concern is document re-ranking, i.e., to rank among a small candidate document set,
which is generated by a faster but less accurate “bag of words” IR technique such as BM25. We
assume in this chapter that the candidate set is provided as input.
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5.2.1 MonoBERT

We first briefly describe MonoBERT (Nogueira and Cho, 2019), the neural reranking model on
which our early exiting model is built.

The input to MonoBERT is a query–document pair (Q,D), which is organized as one input
sequence in the following format, as described in Section 2.1.2:

[CLS] Q [SEP] D [SEP]

The task of MonoBERT is technically binary classification: it produces a probability distri-
bution over two classes, relevant and non-relevant.

MonoBERT is initialized with a pre-trained BERT model (or other models with a similar
architecture such as RoBERTa). A classifier, which is typically a single-layer fully-connected
network, is attached to the last transformer layer of the BERT model; concretely, the classifier
takes as input the last layer hidden state corresponding to the [CLS] token, and outputs the
binary prediction (ŷn in Equation (3.2)). For fine-tuning, the model is updated with binary label
supervision. For inference, a query–document pair’s relevance score is the predicted probability
of the document being relevant, and this score is used for subsequent re-ranking of the candidates.

5.2.2 Fine-Tuning Early Exiting MonoBERT

Our model, early exiting MonoBERT, is a multi-output variant of BERT which enables early
exiting. Similar to MonoBERT, we start with a pre-trained BERTbase model with n transformer
layers and attach n classifiers to it (Figure 5.1). A classifier is an FFN layer that outputs a
probability distribution over two classes. To recap Section 3.2.1, at the ith layer, the hidden state
and the output probability distribution are

hi = fi(x; θ1, · · · , θi), (5.1)

ŷi = gi(hi;wi) = (ŷposi , ŷnegi ), (5.2)

and the loss function is
Li(D) =

1

|D|
∑

(x,y)∈D

H(y, ŷi). (5.3)

53



We simply use the Joint fine-tuning strategy described in Section 4.2, since with abundant
training data that the document ranking task typically provides, this simple fine-tuning method
yields good results and is also the fastest:

min
θ1,··· ,θn
w1,··· ,wn

n∑
i=1

Li. (5.4)

5.2.3 Asymmetric Early Exiting

After the multi-output model is fine-tuned, it is used for inference with early exiting. When an
inference example is fed into the model, it is processed sequentially by each transformer layer
and classifier. If the ith layer classifier is confident of the prediction ŷi, early exiting is performed
and subsequent transformer layers are skipped. We define the confidence of ŷi as the higher
probability of the two classes, ŷposi and ŷnegi . Finally, documents are ranked according to their
predicted probability of the positive class ŷposi .

In previous early exiting BERT for NLP papers, symmetric early exiting is used, i.e., if
the model’s confidence exceeds a threshold, the example exits. The early exiting algorithm is
therefore symmetric with respect to all classes. In the case of early exiting for document ranking,
however, there are two fundamental differences from NLP applications. Firstly, the two classes
(relevant and non-relevant) are clearly not symmetric: we only care about relevant documents,
and the more relevant they are, the more computation resources should be allocated to them.
Secondly, for positive examples, confidence is not only the criterion for early exiting, but also the
score for subsequent re-ranking.

To bridge the differences mentioned above, we propose to use asymmetric early exiting for
document ranking. Concretely, we define two thresholds for confidence, Sp and Sn, for positive
(relevant) and negative (non-relevant) predictions, respectively. We will show by experiments
that we should choose a higher positive confidence threshold than the negative one, i.e., if a
document is likely to be non-relevant, then we can stop its inference earlier, but if it is expected
to be relevant, we should be prudent and use more layers to obtain accurate scores. Details are
shown in Algorithm 2.
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Algorithm 2 Asymmetric Early Exiting
for i = 1 to n do
ŷi = gi(hi;wi)

if ŷposi > Sp or ŷnegi > Sn then
return ŷposi

end if
end for
return ŷposn

5.3 Experimental Setup

We apply early exiting on BERTbase and conduct experiments on two datasets for document
ranking, MS MARCO passage (Bajaj et al., 2016) and ASNQ (Garg et al., 2019). We fine-tune
the model on 4 NVIDIA Tesla V100 GPUs, with a batch size of 60. For other hyperparameters
such as learning rate and maximum sequence length, we follow MonoBERT (Nogueira and Cho,
2019) for MS MARCO passage and Cascade Transformer (Soldaini and Moschitti, 2020) for
ASNQ.

MS MARCO passage provides a small version of the training set,21 from which we build
our training set by selecting tuples with unique pairs of query and relevant document, yielding
a dataset of 832k query–document pairs, half relevant and half non-relevant. We fine-tune the
model for 4 epochs. Its development set has 6.9k queries, and for each query there are 1k candidate
documents, among which there is approximately 1 relevant document. Its development set has
6.9k queries, and for each query there is approximately 1 relevant document. For re-ranking,
we use the top 1k candidates generated by BM25 ranking from the Anserini toolkit (Yang et al.,
2017).

ASNQ’s training set22 has 20M query–document pairs. Similar to MS MARCO passage, we
select only unique pairs of query and relevant document, and then complement the dataset with
the same amount of pairs of query and non-relevant document, yielding a training set of 114k
pairs. We fine-tune for 2 epochs. Its development set has 1.3k queries, and each query has, on

21https://msmarco.blob.core.windows.net/msmarcoranking/triples.train.small.tar.gz

22https://github.com/alexa/wqa_tanda

55

https://msmarco.blob.core.windows.net/msmarcoranking/triples.train.small.tar.gz
https://github.com/alexa/wqa_tanda


Method
MRR
@10

Sn Speedup

MB 0.347 1.0×

eeMB

0.343 1.00 1.0×
0.343 (−0%) 0.95 2.6×
0.340 (−1%) 0.90 2.9×
0.336 (−2%) 0.85 3.2×
0.327 (−5%) 0.80 3.5×
0.312 (−9%) 0.75 3.9×
0.290 (−15%) 0.70 4.3×

Table 5.1: MSMARCOpassage devel-
opment set results. MB: MonoBERT;
eeMB: early exiting MonoBERT.

Method
nDCG
@10

MRR Sn Speedup

CT

0.661 0.654 1.0×
0.653 0.653 1.6×
0.650 0.648 1.8×
0.650 0.645 2.0×

eeMB

0.650 0.633 1.00 1.0×
0.650 0.633 0.99 2.5×
0.648 0.632 0.95 3.2×
0.646 0.632 0.90 3.6×
0.638 0.627 0.80 4.1×

Table 5.2: ASNQ development set results.
CT: Cascade Transformer; eeMB: early exit-
ing MonoBERT. Absolute values of nDCG and
MRR scores are not directly comparable be-
tweenCT and eeMB, due to differences in dataset
preparation.

average, 400 candidate documents and 3 relevant ones.

5.4 Experimental Results

We show the trade-offs between model quality and computation of early exiting in Table 5.1 and
Table 5.2 for MS MARCO passage and ANSQ, respectively. Different trade-offs are achieved by
setting various negative confidence thresholds Sn, while Sp is always set to 1; we will provide
detailed analyses of these thresholds later. Inference efficiency is quantified by the average exit
layer of inference examples; this metric is, according to our experiments, proportional to actual
wall-clock runtime, while being invariant across multiple runs (please refer to Section 3.4.2 and
Section 4.4.1 for details).
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Figure 5.2: Comparison between layer-wise scores and early exiting trade-offs.

We can see that in both datasets, early exiting is able to accelerate inference by ∼2.5× while
maintaining the original model effectiveness. It is worth noting that in Cascade Transformer
(CT) (Soldaini and Moschitti, 2020), only a part of the development set is used for evaluation,
and therefore the scores are not directly comparable. However, in terms of relative performance,
our model appears to achieve higher inference speedup with a comparable score degradation. On
the other hand, CT supports inferencewithmultiple examples per batch, while our implementation
of eeMB supports single-example inference only. It is our future plan to enable batch inference
for early exiting.

We also compare confidence-based early exiting trade-offs with layer-wise scores of themodel
in Figure 5.2a and Figure 5.2b. The layer-wise score of the ith layer is obtained by forcing all
inference examples to exit through the classifier at the ith layer. It provides a series of baselines:
if we want to save 50% inference computation for a 12-layer model, a straightforward way is to
use the 6th layer’s classifier for all examples. The first two layers are omitted from the layer-wise
score curves since their scores are too low to be useful. The figures show that the early exiting
idea significantly outperforms the naïve baselines. On the other hand, it also provides us with
an estimate of how many layers are necessary to achieve comparable accuracy as the full model.
In our experiments, it takes about 4 layers, which is 1/3 of the full model. This aligns well with
results from Table 5.1 and Table 5.2.
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Figure 5.3: Comparison between different values of Sp (curves) and Sn (points on a curve).

To analyze the effect of different confidence thresholds, we plot in Figure 5.3 the comparison
of confidence thresholds Sp and Sn using the MS MARCO passage dataset. Results from ASNQ
are very similar and therefore omitted. Each curve corresponds to one Sp value, and points within
a curve are plotted by choosing different Sn values.23

We notice that the trade-off performance is monotonic with respect to the positive confidence
threshold: the higher Sp is, the better the trade-offs are. We speculate the reason is that while
smallerSp improves efficiency by allowingmore examples to exit earlier, the quality of predictions
from earlier layers of relevant examples degrades drastically. Considering the fact that relevant
examples constitute only a tiny fraction of all candidates in both datasets, setting Sp = 1, i.e.,
using as many transformer layers as we can on positive examples, is the optimal choice. On the
other hand, within one curve (a fixedSp), Sn controls the trade-offs between efficiency and quality:
lower Sn allows more negative examples to exit earlier, thus improving efficiency with relatively
small quality degradation. Such asymmetry between Sp and Sn demonstrates the necessity of
using two confidence thresholds instead of one: while we can safely perform early exiting on
negative examples and save computation, we should allocate more resources to positive examples
for more accurate predictions.

23Points on each curve, from left to right, correspond to Sn values in Table 5.1, from bottom to top.
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Figure 5.4: Comparison between different values of Sp (curves) and Sn (points on a curve). This
is similar to Figure 5.3, but using a dataset with a much higher relevant document proportion.

It is worth noting that for datasets with extremely high relevant candidate proportions, 1.0may
no longer by the optimal choice for Sp. We demonstrate such a case by applying the MSMARCO
passage checkpoint on the TREC 2019 Deep Learning Passage test set (TREC-DL) (Craswell
et al., 2020).24 On average, each query has about 100 relevant documents, and we consider the
extreme case of reranking the top 200 documents.25 We use nDCG@100 as the effectiveness
metric, and the results are shown in Figure 5.4. Because relevant documents now constitute about
a half of the candidates, we can see that setting Sp = 1 is no longer the absolute optimal choice; in
fact, there is hardly a single optimal value for Sp. This example shows that while setting Sp = 1

is a good idea most of the time, we need to make proper adjustments for extreme cases.

24 This dataset uses the same passage collection as MS MARCO passage, and the queries are also similar.
Therefore it is reasonable to reuse checkpoints from MS MARCO.

25These top documents are retrieved with BM25, using Pyserini (Lin et al., 2021a).
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5.5 Summary

Wepropose asymmetric early exiting BERT for document ranking, an effectivemethod to improve
model efficiency in IR tasks. Computation resources are allocated to examples according to their
needs. Experiments show that our method is able to achieve different quality–latency trade-offs
by setting different thresholds, and also improves model efficiency over baselines.
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Chapter 6

Selective Prediction for NLP Tasks

The idea of early exiting can be concisely summarized as—we make the prediction as soon as we
are confident. On the other side of the spectrum, another natural idea is—we abstain frommaking
any prediction at all, if we are not confident. This is the setting of selective prediction (El-Yaniv
and Wiener, 2010; Geifman and El-Yaniv, 2017; Moon et al., 2020). We study this problem in
the context of NLP models and tasks, and publish the results in the Art of Abstention paper (Xin
et al., 2021b).

6.1 Overview

Pre-trained language models based on the transformer architecture (Vaswani et al., 2017) have
improved the state-of-the-art results in many NLP applications. Naturally, these models are
deployed in various real-world applications. However, one may wonder whether they are always
reliable, as pointed out by Guo et al. (2017) that modern neural networks, while having better
accuracy, tend to be overconfident compared to simple networks from 20 years ago.

In this chapter, we study the problem of selective prediction (Geifman and El-Yaniv, 2017)
in NLP. Under the setting of selective prediction, a model is allowed to abstain from making
predictions on uncertain examples (Figure 6.1) and thereby reduce the error rate. This is a
practical setting in a lot of realistic scenarios, such as making entailment judgments for breaking
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I enjoyed movies.

Positive

Selective Classi�er Selective Classi�er

I enjoyed movies
before watching this.

Abstain

?

Figure 6.1: Example of a selective classifier that makes a prediction for a confident example (left)
and abstains for an uncertain one (right).

news articles in search engines (Carlebach et al., 2020) and making critical predictions in medical
and legal documents (Zhang et al., 2019b). In these cases, it is totally acceptable, if not desirable,
for the models to admit their uncertainty and call for help from humans or better (but more costly)
models.

Under the selective prediction setting, we construct a selective classifier by pairing a stan-
dard classifier with a confidence estimator. The confidence estimator measures how confident
the model is for a certain example, and instructs the classifier to abstain on uncertain ones.
Naturally, a good confidence estimator should have higher confidence for correctly classified
examples than incorrect ones. We consider two choices of confidence estimators, softmax re-
sponse (SR) (Hendrycks and Gimpel, 2017), and Monte-Carlo dropout (MC-dropout) (Gal and
Ghahramani, 2016). SR directly interprets the output of the final softmax layer as a probability
distribution and the highest probability as confidence. MC-dropout repeats the inference process
multiple times, each time with a different dropout mask, and treats the negative variance of
maximum probability as confidence. Confidence estimation is critical to selective prediction,
and therefore studying this problem also helps relevant tasks such as active learning (Cohn et al.,
1995; Shen et al., 2018) and early exiting (Schwartz et al., 2020; Xin et al., 2020a; Zhou et al.,
2020; Xin et al., 2021a).

In this chapter, we compare selective prediction performance of different NLP models and
confidence estimators. We also propose a simple trick, error regularization, which can be
applied to any of these models and confidence estimators, and improve their selective prediction
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performance. We further study the application of selective prediction on a variety of interesting
applications, such as classification with no valid labels (no-answer problem) and using classifier
cascades for accuracy–efficiency trade-offs. Experiments show that recent powerful NLP models
such as BERT (Devlin et al., 2019) and ALBERT (Lan et al., 2020) improve not only accuracy
but also selective prediction performance; they also demonstrate the effectiveness of the proposed
error regularization by producing better confidence estimators which reduce the area under the
risk–coverage curve by 10%.

6.2 Background

We introduce relevant concepts about selective prediction and confidence estimators, using multi-
class classification as an example.

6.2.1 Selective Prediction

Given a feature space X and a set of labels Y , a standard classifier f is a function f : X → Y . A
selective classifier is another function h : X → Y ∪ {⊥}, where ⊥ is a special label indicating
the abstention of prediction. Normally, the selective classifier is composed of a pair of functions
h = (f, g), where f is a standard classifier and g is the selective function g : X → {0, 1}. Given
an input x ∈ X , the output of the selective classifier is as follows:

h(x) =

f(x), if g(x) = 1,

⊥, if g(x) = 0,
(6.1)

and we can see that the output of g controls prediction or abstention. In most cases, g consists of
a confidence estimator g̃ : X → R, and a confidence threshold θ:

g(x) = 1[g̃(x) > θ]. (6.2)

g̃(x) indicates how confident the classifier f is on the example x, and θ controls the overall
prediction versus abstention level.
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A selective classifier makes trade-offs between coverage and risk. Given a labeled dataset
S = {(xi, yi)}ni=1 ⊂ X × Y and an error function L to calculate each example’s error li =

L(f(xi), yi), the coverage and the selective risk of a classifier h = (f, g) on S are, respectively,

γ(h) =
1

|S|
∑

(xi,yi)∈S

g(xi), (6.3)

r(h) =

∑
(xi,yi)∈S g(xi)li∑
(xi,yi)∈S g(xi)

. (6.4)

The selective classifier aims to minimize the selective risk at a given coverage.

The performance of a selective classifier h = (f, g) can be evaluated by the risk–coverage
curve (RCC) (El-Yaniv and Wiener, 2010), which is drawn by varying the confidence threshold
θ (see Figure 6.2 for an example). Quantitatively, the area under curve (AUC) of RCC measures
the effectiveness of a selective classifier.26

In order to minimize the AUC of RCC, the selective classifier should, intuitively, output
g(x) = 1 for correctly classified examples and g(x) = 0 for incorrect ones. Therefore, an ideal
g̃ has the following property: ∀(xi, yi), (xj, yj) ∈ S, g̃(xi) ≤ g̃(xj) iff li ≥ lj . We propose the
following metric, reversed pair proportion (RPP), to evaluate how far the confidence estimator g̃
is to ideal, given the labeled dataset S of size n:

RPP =

n∑
1≤i,j≤n

1[g̃(xi) < g̃(xj), li < lj]

n2
. (6.5)

RPP measures the proportion of example pairs with a reversed confidence–error relationship, and
the n2 in the denominator is used to normalize the value. An ideal confidence estimator has an
RPP value of 0.

6.2.2 Confidence Estimators

In most cases of deep learning for multi-class classification, the last layer of the classifier is a
softmax activation, which outputs a probability distribution P (y) over the set of labels Y , where

26AUC in this chapter always corresponds to RCCs.
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Figure 6.2: Risk–coverage curves of BERTbase andBERTlarge modelswith SR andMCconfidence
estimators. The legend applies to all sub-plots.

y ∈ Y is a label. In this case, the classifier can be written as

f(x) = ŷ = arg max
y∈Y

P (y), (6.6)

where ŷ is the label with the highest probability.

Perhaps the most straightforward and popular choice for the confidence estimator is softmax
response (Hendrycks and Gimpel, 2017):

g̃SR(x) = P (ŷ) = max
y∈Y

P (y). (6.7)

Alternatively, we can use the difference between probabilities of the top two classes for
confidence estimation. We refer to this method as PD (probability difference).

Gal and Ghahramani (2016) argue that “softmax outputs are often erroneously interpreted as
model confidence”, and propose to use MC-dropout as the confidence estimator. In MC-dropout,
P (ŷ) is computed for a total of R times, using a different dropout mask at each time, producing
P1(ŷ), P2(ŷ), · · · , PR(ŷ). The variance of them is used to estimate the confidence:

g̃MC(x) = −Var[P1(ŷ), · · · , PR(ŷ)]. (6.8)

The negative sign is used here because a larger variance indicates a greater uncertainty, i.e.,
a lower confidence (Geifman and El-Yaniv, 2017; Kamath et al., 2020). By using different
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dropout masks, MC-dropout is equivalent to using an ensemble for confidence estimation, but
does not require actually training and storing multiple models. Nevertheless, compared to SR, the
inference cost of MC-dropout is multiplied by R, which can be a problem when model inference
is expensive.

6.3 Error Regularization

6.3.1 Regularizers

SR and MC-dropout are often used directly out of the box as the confidence estimator. Instead,
we propose a simple regularization trick that can be easily applied at training (or fine-tuning for
pre-trained models) time and can improve the effectiveness of the induced confidence estimators.

Considering that a good confidence estimator should minimize RPP defined in Equation (6.5),
we add the following regularizer to the original training loss function:

Ltotal =
n∑
i=1

H(f(xi), yi) + λLreg, (6.9)

Lreg =
∑

1≤i,j≤n

∆i,j 1[ei > ej], (6.10)

∆i,j = max{0, g̃SR(xi)− g̃SR(xj)}2. (6.11)

Here, H(·, ·) is the task-specific loss function such as cross entropy (H is not the same with
the error function L), λ is the hyperparameter for regularization, g̃SR is the maximum softmax
probability defined in Equation (6.7), and ei is the error of example i at the current iteration—
details to calculate it will be explained in the next paragraph. We use SR confidence here because
it is easily accessible at training time, while MC-dropout confidence is not. The intuition of this
regularizer is as follows: if the model’s error on example i is larger than its error on example j
(i.e., example i is considered more “difficult” for the model), then the confidence on example i
should not be greater than the confidence on example j.

In practice, at each iteration of training (fine-tuning), we can obtain the error ei in one of the
two following ways.
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• Current iteration error We simply use the error function L to calculate the error of the
example at the current iteration, and use it as ei. In the case of multi-class classification, L
is often chosen as the 0–1 error.

• History record error Since we intend to use ei to quantify how difficult an example is,
we draw inspiration from forgettable examples (Toneva et al., 2019). We calculate example
error withL throughout the training process, and use the error averaged from the beginning
to the current iteration as ei. In this case, ei takes value from the range [0, 1].

6.3.2 Practical Approximations

In practice, it is computationally prohibitive to either strictly compute Lreg from Equation (6.10)
for all example pairs, or to calculate history record error after every iteration. We therefore make
the following two approximations.

For Lreg from Equation (6.10), we only consider examples from the mini-batch of the current
iteration. For current iteration error, where ei takes value from {0, 1}, we consider all pairs (i, j)

where ei = 1 and ej = 0. For history record error, where ei takes value from [0, 1], we sort all
examples in the mini-batch by their errors, and divide the mini-batch into 20% of examples with
high error values and 80% of examples with low error values;27 then we consider all pairs (i, j)

where example i is from the former 20% and j from the latter 80%.

For calculating history record error, we compute and record the error values for the entire
training set 10 times per epoch (once after each 10% iterations). At each training iteration, we
use the average of error values recorded so far as ei.

6.4 Experimental Setup

We conduct experiments of selective prediction on NLP tasks. Since the formulation of selective
prediction is model agnostic, we choose the following representative models: (1) BERTbase and

27We choose this 20–80 division to mimic the current iteration error case, where roughly 20% of training examples
have an error of 1 and 80% have an error of 0.
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BERTlarge (Devlin et al., 2019), the dominant transformer-based models of recent years; (2)
ALBERTbase (Lan et al., 2020), a variant of BERT featuring parameter sharing and memory
efficiency; (3) Long Short-Term Memory (LSTM) (Hochreiter and Schmidhuber, 1997), the
popular pre-transformer model that is lightweight and fast.

In this section, we compare the performance of selective prediction of these models, demon-
strate the effectiveness of the proposed error regularization, and show the application of selective
prediction in two interesting scenarios—the no-answer problem and the classifier cascades.

We conduct experiments mainly on three datasets: MRPC, QNLI, and MNLI (Section 2.3).
Following the setting of the GLUE benchmark (Wang et al., 2018a), we use the training set for
training/fine-tuning and the development set for evaluation (the test set’s labels are not publicly
available); MNLI’s development set has two parts, matched and mismatched (m/mm).

The transformers models are taken from pre-trained checkpoints by Huggingface Transform-
ers (Wolf et al., 2020). The LSTM is randomly initialized without pre-training. It is a two-layer
bi-directional LSTM, with a hidden size of 200. On top of it there is a max-pooling layer and a
fully-connected layer.

Training/fine-tuning and inference are done on a single NVIDIA Tesla V100 GPU. Since we
are evaluating the selective prediction performance of different models instead of pursuing state-
of-the-art results, we do not extensively tune hyperparameters; instead, most experiment settings
such as hidden sizes, learning rates, and batch sizes are kept unchanged from the Huggingface
Library. More specifically, all these models are trained/fine-tuned for 3 epochs without early-
stopping or checkpoint selection; the learning rate is 2 × 10−5; a batch size of 32 is used for
training/fine-tuning; the maximum input sequence length is 128; choices for the regularization
hyperparameter λ from Equation (6.9) are shown in Table 6.1.

6.5 Experimental Results

6.5.1 Comparing Different Models

We compare selective prediction performance of different models in Table 6.2. For each model,
we report the performance given by the two confidence estimators, softmax response (SR) and
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Model curr. hist.

LSTM 0.5 0.5
BERTbase 0.05 0.05
BERTlarge 0.1 0.1
ALBERTbase 0.01 0.05

Table 6.1: Choices for λ for different models and regularization methods.

Model Confidence
Estimator

MRPC QNLI MNLI-(m/mm)
F1(↑) AUC(↓) RPP(↓) Acc(↑) AUC(↓) RPP(↓) Acc(↑) AUC(↓) RPP(↓)

LSTM
SR

81.8
101.5 9.0

62.7
1539.1 9.0

65.4/64.3
1984.0/1990.0 6.8/6.6

MC 137.0 11.3 2039.8 11.6 3554.1/3548.1 11.7/11.7

BERT
base

SR
87.7

33.8 3.7
91.6

111.9 1.2
84.9/84.6

514.8/491.7 2.6/2.4
MC 38.3 4.5 130.1 1.3 639.0/677.5 3.4/3.5

BERT
large

SR
89.0

27.0 3.2
92.0

105.6 1.1
86.4/86.0

486.1/470.0 2.5/2.4
MC 35.9 4.3 114.6 1.2 482.0/510.2 2.5/2.6

ALBERT
base

SR
90.9

16.0 2.1
90.9

122.8 1.2
84.7/85.4

469.3/453.5 2.3/2.3
MC 43.9 5.6 160.0 1.6 921.1/878.3 5.0/4.7

Table 6.2: Comparing selective prediction performance of different models and confidence
estimators. All metrics except AUC are in percentages. ↑: higher is better; ↓: lower is better.

MC-dropout (MC). Our preliminary experiments show that the results of using PD for confidence
estimation are very similar to those of SR, and therefore we omit the results of PD. The accuracy
and the F1 score28 measure the effectiveness of the classifier f , RPP measures the reliability of
the confidence estimator g̃, and AUC is a comprehensive metric for both the classifier and the
confidence estimator. The choice of confidence estimator does not affect the model’s accuracy.
We also provide risk–coverage curves (RCCs) of different models and confidence estimators in
Figure 6.2. MC in the table and the figure uses a dropout rate of 0.01 and repetitive runs R = 10.

We first notice that models with overall higher accuracy also have better selective prediction
performance (lower AUC and RPP). For example, compared with LSTM, BERTbase has higher

28We henceforth refer to both accuracy and F1 scores simply as accuracy for the sake of conciseness.
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Figure 6.3: Selective prediction performance of MC-dropout with different numbers of repetitive
runs (x-axis) and dropout rates (marked in the legend). BERTbase is used here. The legend applies
to all sub-plots.

accuracy and lower AUC/RPP on all datasets, and the same applies to the comparison between
BERTbase and BERTlarge. While AUC comprehensively reflects the effectiveness of both the
classifier f and the confidence estimator g̃, RPP measures only the performance of g̃. Since the
classifier’s effectiveness does not directly affect RPP, the consistency of RPP’s and accuracy’s
improvement indicates that sophisticated models simultaneously improve both model accuracy
and confidence estimation. This is in contrast to the discovery by Guo et al. (2017) that sophis-
ticated neural networks, despite having better accuracy, are more easily overconfident and worse
calibrated than simple ones.

We also notice that MC-dropout performs consistently worse than softmax response, shown
by both AUC and RPP. This shows that for NLP tasks and models, model confidence estimated
by MC-dropout fails to align well with real example difficulty. We further study and visualize
in Figure 6.3 the effect of different dropout rates and different numbers of repetitive runs R on
MC-dropout’s selective prediction performance. From the figure we can see that:

• For good MC-dropout performance, the dropout rate should not be too large. If it gets
larger than 0.01, the performance worsens. On the other hand, further reducing the dropout
rate does not lead to improvements.

• MC-dropout needs at least 20 repetitions to obtain results comparable to SR, which is
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Model Reg. MRPC QNLI MNLI-(m/mm)
F1(↑) AUC(↓) RPP(↓) Acc(↑) AUC(↓) RPP(↓) Acc(↑) AUC(↓) RPP(↓)

LSTM
none 81.8 101.5 9.04 62.7 1539.1 8.99 65.4/64.3 1984.0/1990.0 6.81/6.60
curr. 81.2 94.0 7.70 64.7 1376.2 8.51 65.5/64.4 1976.0/1990.5 6.80/6.64
hist. 81.2 92.3 7.58 64.7 1368.0 8.42 65.3/64.6 1974.4/1987.4 6.74/6.71

BERT
BASE

none 87.7 33.8 3.70 91.6 111.9 1.16 84.9/84.6 514.8/491.7 2.55/2.41
curr. 88.1 31.2 3.49 91.9 100.1 1.08 84.6/84.6 479.1/461.8 2.39/2.27
hist. 87.9 30.3 3.51 91.4 113.9 1.20 84.4/84.5 490.7/472.5 2.42/2.32

BERT
LARGE

none 89.0 27.0 3.17 92.0 105.6 1.06 86.4/86.0 486.1/470.0 2.45/2.39
curr. 89.7 20.6 3.05 91.2 98.2 1.04 86.5/85.5 417.7/434.4 2.17/2.17
hist. 89.0 24.4 3.30 92.1 99.4 0.94 85.5/85.9 404.9/400.6 2.25/2.25

ALBERT
BASE

none 90.9 16.0 2.13 90.9 122.8 1.21 84.7/85.4 469.3/453.5 2.32/2.30
curr. 91.4 13.2 1.82 90.9 104.3 1.23 84.7/85.2 451.2/463.9 2.25/2.23
hist. 91.0 16.2 2.18 91.2 117.5 1.12 84.6/85.2 461.1/429.8 2.26/2.30

Table 6.3: Comparing different regularizers (Reg.) for different models and datasets. Selective
prediction performance is measured by AUC and RPP. All metrics except AUC are in percentages.

extremely expensive, especially for transformers.

Although MC-dropout has a sound theoretical foundation, its practical application to NLP tasks
needs further improvements.

6.5.2 Effect of Error Regularization

In this part, we show that our simple regularization trick improves selective prediction perfor-
mance. In Table 6.3, we report the accuracy, AUC, and RPP for each model, paired with three
different regularizers: no regularization (none), current error regularizer (curr.), and history error
regularizer (hist.), as described in Section 6.3.

We first see that applying error regularization (either current or history) does not harm model
accuracy. There are minor fluctuations, but generally speaking, error regularization has no
negative effect on the models’ effectiveness.
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We can also see that error regularization improves models’ selective prediction performance,
reducing AUC and RPP. As we mention in the previous section, AUC is a comprehensive metric
for both the classifier f and the confidence estimator g̃. We therefore focus on this metric in this
section, and we bold the lowest AUC in Table 6.3. We see that error regularization consistently
achieve the lowest AUC values, and on average, the best scores are approximately 10% lower
than the scores without regularization. This shows that error regularization produces confidence
estimators that give better confidence rankings.

The two regularization methods, current error and history error, are similar in quality, with
neither outperforming the other across all models and datasets. Therefore, we can conclude
only that the error regularization trick improves selective prediction, but the best specific method
varies. We leave this exploration for future work.

6.5.3 The No-Answer Problem

In this section, we conduct experiments to see how selective classifiers perform on datasets that
either allow abstention or, equivalently, provide the no-answer label. This no-answer problem
occurs whenever a trained classifier encounters an example whose label is unseen in training,
which is common in practice. For example, in the setting of ultrafine entity typing with more
than 10,000 labels (Choi et al., 2018), it is unsurprising to encounter examples with unseen types.
Ideally, in this case, the classifier should choose the no-answer label. This setting is important yet
often neglected, and there exist few classification datasets with the no-answer label. We therefore
build our own datasets, binarized MNLI and SST-5 (bMNLI and bSST-5), to evaluate different
models in this setting (Table 6.4).

The MNLI dataset is for sentence entailment classification. Given a pair of sentences, the
goal is to predict the relationship between them, among three labels: entailment, contradiction,
and neutral. The SST-5 dataset is for fine-grained sentence sentiment classification. Given a
sentence, the goal is to predict the sentiment of it, among five labels: strongly positive, mildly
positive, strongly negative, mildly negative, and neutral. To convert the original MNLI and SST-5
datasets into our binarized versions bMNLI and bSST-5, we modify the following: for SST-5,
we merge strongly and mildly positive/negative into one positive/negative class; for MNLI, we
simply regard entailment as positive and contradictory as negative. We then remove all neutral
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Dataset #Train #Dev (m/mm) #Labels

MRPC 3.7k 0.4k 2
QNLI 104.7k 5.5k 2
MNLI 392.7k 9.8k/9.8k 3
SST-5 8.5k 1.1k 5
bMNLI 261.8k 9.8k/9.8k 2+1
bSST-5 6.9k 1.1k 2+1

Table 6.4: Dataset statistics. bMNLI/bSST-5 are binarized version of MNLI/SST-5, with two
normal labels and a special no-answer label.

instances from the training set but keep those in the development and test sets. Comparison
between datasets used in the experiments is shown in Table 6.4. This way, in bMNLI and bSST-5,
neutral instances in the development and test sets should be classified as no-answer by the model.
A good model is expected to assign neutral examples in the development and test sets with low
confidence scores, thereby predicting the no-answer label for them.

We report results for these two datasets with the no-answer label in Table 6.5. Accuracy (Acc),
AUC, and RPP have the same meaning from the previous sections. We also consider a newmetric
specifically for the no-answer setting, augmented accuracy (Acc*), which is calculated as follows:
(1) we make a number of attempts by searching a threshold α from 0.7 to 1.0 in increments of
0.01; (2) for each attempt, we regard all examples with predicted confidence lower than α as
neutral, and then calculate the accuracy; (3) among all attempts, we take the highest accuracy as
Acc*. Choosing the optimal α requires knowing the ground-truth answers in advance and is not
practical in reality.29 Instead, Acc* indicates how well a model recognizes examples whose label
is likely unseen in the training set.

We first see that Acc* is consistently higher than Acc in all cases. This is unsurprising, but
it demonstrates that unseen samples indeed have lower confidence and shows that introducing

29Alternatively, one may use a validation set to choose the optimal α. In our experiments, however, we use the
development set for evaluation, since the labels of the test set itself are not publicly available. Holding out a part of
the training set for validation is left for future exploration.
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Model Reg. bSST5 bMNLI-(m/mm)
Acc(↑) Acc*(↑) AUC(↓) RPP(↓) Acc(↑) Acc*(↑) AUC(↓) RPP(↓)

BERT
BASE

none 71.7 74.0 174.7 5.34 63.9/64.2 70.6/70.9 1645.4/1630.7 4.74/4.72
curr. 72.0 73.8 173.5 5.35 63.8/64.2 71.1/71.4 1562.2/1562.1 4.41/4.45
hist. 72.6 74.7 157.4 5.17 63.8/64.1 70.7/71.6 1630.5/1583.2 4.62/4.51

BERT
LARGE

none 73.2 73.7 158.4 5.58 64.8/64.8 72.9/72.5 1861.0/1852.3 5.18/5.16
curr. 73.3 74.2 137.1 4.82 64.5/65.1 72.7/73.2 1476.8/1629.7 4.91/4.68
hist. 73.5 73.7 148.8 4.53 65.0/64.8 73.1/73.2 1695.9/1460.6 4.14/4.11

ALBERT
BASE

none 72.3 73.5 172.4 5.61 64.0/64.3 71.6/72.4 1579.1/1534.4 4.44/4.34
curr. 72.4 73.2 168.0 5.32 63.8/64.2 72.9/72.3 1563.8/1550.9 4.45/4.32
hist. 72.5 73.2 161.0 5.63 63.9/64.4 71.6/73.5 1601.8/1496.3 4.20/4.10

Table 6.5: Selective prediction performance of different models and regularization methods
(Reg.) on two datasets with the no-answer label. All metrics except AUC are in percentages.

the abstention option is beneficial in the no-answer scenario. Also, we observe that error
regularization improves themodels’ selective prediction performance, producing lower AUC/RPP
and higher Acc* in most cases. This further demonstrates the effectiveness of the simple error
regularization trick.

Secondly, we can see that the improvement of Acc* over Acc is larger in bMNLI than in
bSST-5. The reason is that in bMNLI, neutral examples constitute about a third of the entire
development set, while in bSST-5 they constitute only a fifth. The improvement is positively
correlated with the proportion of neutral examples, since they are assigned lower confidence
scores and provide the potential for abstention-based improvements.

6.5.4 Classifier Cascades

In this section, we show how confidence estimation and abstention can be used for accuracy–
efficiency trade-offs. We use classifier cascades: we first use a less accurate classifier for pre-
diction, abstain on examples with low confidence, then send them to more accurate but more
costly classifiers. Here we choose LSTM and BERTbase to constitute the cascade, but one can
also choose other models and more levels of classifiers.
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Figure 6.4: Accuracy–efficiency trade-offs by using classifier cascades. All examples are first
evaluated by LSTM, and then we compare three ways of choosing examples to send to the more
sophisticated model (BERTbase): random selection (Random), SR without regularization (SR),
and SR with history error regularization (SR-hist.). The legend applies to all sub-plots.

We first use an LSTM for all examples’ inference, and then send “difficult” ones to BERTbase.
Since the computational cost of LSTM is negligible30 compared to BERTbase, the key to efficiency
here is correctly picking the “difficult” examples.

In Figure 6.4, we show the results of accuracy/F1 score versus average FLOPs31 per inference
example. Each curve represents a method to choose difficult examples: The blue curves are
obtained by randomly selecting examples, as a simple baseline. The orange and green curves
are obtained by using SR of LSTM as the indicator of example difficulty; the orange curves
represent the LSTM trained with no regularization while the green curves are with history error
regularization. Different points on the curves are chosen by varying the proportion of examples
sent to the more accurate model, BERTbase. A curve with a larger area under it indicates a better
accuracy–efficiency trade-off.

We can see that the blue curves are basically linear interpolations between the LSTM (the
lower-left dot) and BERTbase (the upper-right dot), and this is expected for random selection.
Orange and green curves are concave, indicating that using SR for confidence estimation is, un-

30The cost of BERTbase is ∼ 105 times larger than LSTM here.
31We use the torchprofile toolkit to measure multiply–accumulate operations (MACs), and then double the number

to obtain floating point operations (FLOPs).
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surprisingly, more effective than random selection. Between these two, the green curves (history
error regularization) have larger areas under themselves than orange ones (no regularization), i.e.,
green curves have better accuracy given the same FLOPs. This demonstrates the effectiveness of
error regularization for better confidence estimation.

6.6 Summary

In this chapter, we discuss the problem of selective prediction for NLP. We provide theoretical
background and evaluationmetrics for the problem, and also propose a simple error regularization
method that improves selective prediction performance for NLPmodels. We conduct experiments
to compare different models under the selective prediction setting, demonstrate the effectiveness
of the proposed regularization trick, and study two scenarios where selective prediction and the
error regularization method can be helpful.

We summarize interesting experimental observations as follows:

1. Recent sophisticated NLP models not only improve accuracy over simple models, but also
provide better selective prediction results (better confidence estimation).

2. MC-dropout, despite having a solid theoretical foundation, has difficulties matching the
effectiveness of simple SR in practice.

3. The simple error regularization helps models lower their AUC and RPP, i.e., models trained
with it produce better confidence estimators.

4. Selective prediction can be applied to scenarios where estimating example difficulties is
necessary. In these cases, our proposed error regularization trick can also be helpful, such
as providing better accuracy–efficiency trade-offs.
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Chapter 7

Commutativity and Cumulativeness of
Efficiency Operators

With numerous efficiencymethods available, including early exiting and others such as distillation,
pruning, quantization, etc., it is natural to consider applying multiple methods sequentially to a
model. In this chapter, we study how to construct a pipeline of efficiency methods and apply
them to transformer models.

7.1 Overview

Besides early exiting, a wide variety of efficiency methods have been individually studied for
transformers, like pruning (McCarley et al., 2019), distillation (Sanh et al., 2019), dynamic
sequence length (Kim and Cho, 2020), and quantization (Shen et al., 2020), just to name a
few. With all the individual efficiency methods available, there has also been work on combining
multiple ones, including reducingmultiple dimensions of amodel simultaneously and sequentially
as a pipeline. For example, DynaBERT (Hou et al., 2020) improves model efficiency by first
reducing model width and then reducing depth. Cui et al. (2021) perform pruning and distillation
jointly formodel compression. Lin et al. (2021b) propose a bag of tricks to accelerate the inference
stage of neural machine translation models. Fastformers (Kim and Hassan, 2020) propose a
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pipeline consisting of several components which together provide more than 100× acceleration.
Despite the success of constructing an efficiency pipeline, how these pipelines should be built
in order to achieve the best accuracy–efficiency trade-offs has not been methodically studied.
Firstly, we do not know how to choose components for the pipeline among numerous options,
since time savings often come at the price of accuracy drops, and therefore, naïvely stacking all
available efficiency methods often leads to poor performance. Secondly, even with a chosen set
of efficiency methods, it is unclear whether we need to exhaustively examine all possible orders
to find the best one.

In this chapter, we study how to effectively construct a pipeline of efficiency methods. Among
the three stages of applying transformers, pre-training, fine-tuning, and inference, we assume the
availability of pre-trained models and study different ways of fine-tuning them to achieve better
trade-offs between inference accuracy and efficiency.32 Conceptually, we consider each efficiency
method as an operator applied on a model and study the properties of these efficiency operators.
We conduct experiments with the RoBERTa model (Liu et al., 2019) on a number of NLP tasks
and include the following components in our efficiency pipelines: distillation, structured pruning,
quantization, early exiting, and dynamic length inference. We study two important properties of
efficiency operators: (1) Commutativity: does arbitrarily swapping the order of operators affect
the final accuracy–efficiency trade-off of the model? (2) Cumulativeness: how do the twometrics,
time savings and accuracy drops, compound across multiple operators? For commutativity, we
show that the difference between various orderings of the same set of components is usually
small and negligible in practice. For cumulativeness, we show that time saving and accuracy
drop are both cumulative to the extent that we can estimate the performance of a new pipeline
by combining the results of individual components. These observations make it more convenient
for us to build new pipelines and estimate their performance without having to carry out time-
consuming experiments.

7.2 Modeling Details for Operators

In this section, we introduce modeling details for operators that we use in this chapter.

32 Training henceforth refers to fine-tuning in the chapter.
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7.2.1 Knowledge Distillation

Knowledge distillation (Hinton et al., 2015) improves efficiency by distilling knowledge from a
large and costly teacher model to a small and efficient studentmodel. In the case of transformers,
there are two types of distillation, namely task-agnostic and task-specific, depending on whether
the student model is trained for a specific task.

In this chapter, we focus on task-specific distillation, which corresponds to the fine-tuning
stage. We initialize the student model with a TinyBERT (Jiao et al., 2020) backbone that comes
from task-agnostic distillation. In addition to the most common loss function (teacher supervising
student), which is a soft cross-entropy between output logits of the teacher and the student, we
introduce two other parts for the loss function: (1) mean squared error (MSE) between the
teacher’s and the student’s embedding layers’ outputs; (2) MSE between the teacher’s and the
student’s final transformer layers’ outputs. It has been shown in relatedwork that adding objectives
to align intermediate states of the teacher and the student helps with distillation (Sun et al., 2019;
Sanh et al., 2019). We simply use a ratio of 1 : 1 : 1 for these three parts of the loss function.

7.2.2 Structured Pruning

Pruning removes unimportant parts of the model and increases the sparsity level of the model.
A specific category of pruning, structured pruning (Han et al., 2015; Anwar et al., 2017; Gordon
et al., 2020), removes high-level units of the model, such as a layer, an attention head, or an
entire row/column in an FFN’s weight matrix. Model sparsity induced by structured pruning can
directly translate to faster execution, and therefore we focus on structured pruning in the chapter.

In this chapter, we follow the work by McCarley et al. (2019); Kim and Hassan (2020) and
choose two aspects of the model and prune them separately: the number of attention heads and the
intermediate dimension of the FFN layer within a transformer layer. We calculate the importance
of attention heads and intermediate dimensions with a first-order method: run inference for the
entire dev set and accumulate the first-order gradients for each attention head and intermediate
dimension. We then remove the least important attention heads and intermediate dimensions,
according to the desired sparsity level, and then rewire the model connection so it becomes a
smaller but complete model. After pruning, we perform another round of knowledge distillation
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from the original model to the pruned model as described in the previous subsection, which
further improves the pruned model’s accuracy without sacrificing efficiency.

7.2.3 Dynamic Inference

Dynamic inference (Teerapittayanon et al., 2016; Graves, 2016b; Dehghani et al., 2019) acceler-
ates inference by reducing the amount of computation adaptively, depending on the nature of the
input example. We discuss two types of dynamic inference.

Early Exiting

Early exiting, described in Chapters 3 to 5, is a dynamic depth inference method. For training,
we simply use the Joint fine-tuning method discussed in Chapter 4, since we mostly work
with non-low-resource datasets, where Joint provides good performance with straightforward
implementation and fast training. We also use confidence as the early exiting criterion and
inference is the same as described in Chapter 4.

A special case to notice here is that the training of distillation and pruning needs to be adjusted
after adding early exiting.

• Distillation after early exiting. Whenwe initialize the studentmodel (e.g., fromTinyBERT),
we also add early exiting classifiers to it. For training, the ith layer of the student model
uses the prediction from the 2ith layer of the teacher model as supervision.

• Pruning after early exiting. When we prune the transformer layers, we do not change the
classifiers. For the additional round of distillation, each layer of the student model uses the
prediction from its corresponding layer of the teacher model as supervision.

Dynamic Sequence Length

We use a simple method for length reduction: for each batch, we dynamically set the input
sequence length to the maximum length of inputs within the batch. This reduces the number of

80



zero paddings in input sequences and reduces unnecessary computation. Different from previous
methods, dynamic sequence length does not affect the model’s accuracy.

7.2.4 Quantization

Quantization (Lin et al., 2016; Shen et al., 2020) improves model efficiency by using fewer bits
to store and process data. The idea itself is straightforward, but implementation can be highly
hardware dependent. Since we run inference on CPUs, we first export the trained model to
ONNX33 and then run it with 8-bit quantization, following Fastformers (Kim and Hassan, 2020).

7.3 Experimental Design

In this section, we introduce the detailed design and setups for our experiments.

7.3.1 Conceptual Framework

In our experiments, we work with pipelines consisting of multiple efficiency operators. We
represent a pipeline with a string of bald capital letters, where each letter represents an efficiency
operator and the order of these letters represents their order.

The operators include: Distillation, Structured Pruning, Early Exiting, Dynamic Length, and
Quantization. For example, the string “DEPLQ” represents a pipeline of sequentially applying
the following operators to a fine-tuned model: (1) distill it into a student model; (2) add early
exiting classifiers to it and train; (3) apply structured pruning to make each layer “thinner”
and distill from the unpruned model; and (4) use dynamic length and quantization for the final
inference. Additionally, we use O to represent an “empty” pipeline, i.e., directly applying the
Original fine-tuned model.

Not all combinations of operators constitute a meaningful pipeline. Among the operators
discussed in this chapter, D, P, and E require additional training steps, whileQ and L are directly

33https://onnx.ai/.
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applicable right before inference. Therefore, D, P, and E (Group I) should always appear before
Q and L (Group II) in the pipeline. Moreover, applying D after P does not make sense, since D
initializes a small student, and the efficiency brought by the pruning step cannot be passed over to
the student. With these constraints, the number of meaningful pipelines is significantly reduced.

7.3.2 Datasets and Implementation

We conduct experiments with the RoBERTabase model (Liu et al., 2019) on four sequence classi-
fication tasks: MRPC, SST-2, QNLI, and QQP (Section 2.3). Our implementation of efficiency
methods are adopted from Fastformers (Kim and Hassan, 2020) and DeeBERT (Chapter 3). We
train all the models with an NVIDIA Tesla T4 GPU. We evaluate them with an AMD Ryzen
5800X CPU, where we measure the wall-clock time for inference.

7.3.3 Settings for Pipelines and Operators

Before experimenting with pipelines, we explore the optimal setting (e.g., learning rate, batch
size) for each individual operator and use the same setting in the pipelines. This is a realistic
approach since it is impractical to search for the optimal setting for every component in every
new pipeline.

For training the RoBERTa model, including original fine-tuning, distillation, and training
with early exiting, we use the same hyperparameters as in the Transformers library (Wolf et al.,
2020): learning rate is set to 10−5; batch size is set to 8; all training procedures consist of 10

epochs with no early stopping. For pruning, we prune the number of attention heads from 12

to 8 and the intermediate dimension from 3072 to 1536—in our preliminary experiments, this
combination is a sweet spot on the Pareto frontier.

7.4 Operator Commutativity and Order

Given a set of operators, we naturally wonder about the best order to apply them. Although
this question seems formidable due to the exponentially large number of possible orderings, we
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Figure 7.1: Different orderings of the same set of operators have similar trade-off curves. The
title of each subfigure shows the set of operators; each color represents a dataset; each marker
shape represents a component ordering.

show that the question is actually simpler than expected: on the one hand, we have eliminated a
number of invalid orderings as described in Section 7.3; on the other, we show that operators are
commutative in the remaining ordering candidates.

7.4.1 Commutative Properties of Operators

In this subsection, we show how commutative these operators are, i.e., how much difference
swapping their orders makes. We discuss the two groups separately.

Group I We show the results of swapping the order of operators from Group I in Figure 7.1.
Since early exiting is involved, which means the model can achieve different trade-offs between
accuracy and inference time, we present each ordering as a trade-off curve, where points are
drawn by varying the early exiting threshold of confidence. We can see that when we use the
same set of operators, different orderings have similar trade-off curves, in most cases.

Exceptions exist, however, in the E+P combination on the MRPC dataset. We hypothesize
that this is due to training randomness, since MRPC has smallest size of all. In order to study
randomness, we repeat the experiment with additional random seeds and show in Figure 7.2
the results on MRPC. We can see that (1) the gap between the mean curves is smaller than the
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Figure 7.2: Comparing the results of a single run (solid lines; same as the ones from Figure 7.1)
and the results frommultiple runs (dashed lines for the mean and shaded areas for 95% confidence
intervals).

gap between curves corresponding to using a single seed; (2) the mean curve of each ordering
lies within the 95% confidence interval (95% CI) of other orderings. This shows that the
differences between tradeoff curves of different orderings can, at least partly, be attributed to
training randomness.

To further quantify the degree of dissimilarity between different orderings, we define and
calculate the distance between tradeoff curves. The distance between two tradeoff curves is
defined as the maximum accuracy (y-axis) difference at the same inference time (x-axis) point.
We compare distances between tradeoff curves (1) generated by the same operator order but with
different random seeds; and (2) generated by different operator orders. We show the results in
Table 7.1. We can see that while tradeoff curves generated by the same operator order tend to have
a smaller average distance, the difference between same/different orders is typically small and the
one-standard-deviation (1-SD) intervals of both sides always overlap. Although we are unable to
find a suitable significance test since the distances are not independent, the above analysis shows
that the difference of distances between curves from same/different orders is likely not significant.
More importantly, as shown in Figure 7.2, the gap between mean curves of different orderings
is smaller than the deviation caused by different random seeds. Therefore, in practice, we can
regard the operators as commutative.
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Dataset Order D+E P+E D+P+E

MRPC
Same 1.57± 0.69 2.31± 0.85 1.53± 0.62

Diff. 1.74± 0.40 4.12± 1.10 2.59± 0.97

SST-2
Same 1.30± 0.39 1.64± 0.46 1.49± 0.53

Diff. 1.48± 0.46 1.84± 0.62 1.98± 0.82

QNLI
Same 2.24± 1.20 4.40± 2.49 3.41± 2.51

Diff. 3.93± 0.82 4.58± 2.39 4.91± 2.44

QQP
Same 2.38± 1.36 2.11± 0.86 2.30± 1.05

Diff. 3.64± 1.14 3.30± 1.27 4.56± 1.71

Table 7.1: The mean and the standard deviation (SD) of distances between trade-off curves
belonging to same/different orders (the same ordering is run with multiple random seeds). For
all entries, the 1-SD intervals of same/different orders overlap.

Group II The two operators, Q and L, are independent of each other, and therefore their order
can be arbitrarily swapped (i.e., they are strictly commutative by definition). We show the results
of applying Q and/or L at the end of different pipelines in Table 7.2. We do not report the
accuracy of +L since using dynamic length does not change the model’s accuracy.

Based on the above discussion, when we have a set of components to apply, it suffices to simply
pick a reasonable order from the candidate space.

7.5 Operator Cumulativeness and Predictability of Pipelines

In order to choose components for an efficiency pipeline, an important question is whether time
savings and accuracy drops of individual operators are cumulative. In this subsection, we show
that they are indeed cumulative to the degree that accuracy–efficiency trade-offs of a new pipeline
can be estimated by combining the results of individual operators.
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Dataset Pipeline Accuracy (%) Time (ms per example)

Raw +Q (relative diff.) Raw +Q +L +QL +QL (est.)

MRPC

O 92.7 92.5 (−0.2%) 170.7 −50% −83% −94% −92%
D 89.2 88.8 (−0.4%) 85.5 −49% −82% −94% −91%
P 91.0 89.0 (−2.2%) 122.4 −64% −86% −94% −95%
DP 88.9 87.9 (−1.1%) 59.3 −62% −84% −94% −94%

SST-2

O 93.7 93.5 (−0.2%) 170.8 −50% −86% −97% −93%
D 92.3 92.3 (−0.0%) 85.5 −49% −86% −97% −93%
P 92.4 91.7 (−0.8%) 126.7 −66% −89% −97% −96%
DP 92.0 90.9 (−1.2%) 62.9 −65% −88% −97% −96%

QNLI

O 92.3 92.1 (−0.2%) 174.2 −51% −83% −95% −92%
D 91.3 90.7 (−0.7%) 86.9 −50% −82% −95% −91%
P 91.5 91.4 (−0.1%) 121.5 −64% −86% −95% −95%
DP 89.8 89.6 (−0.2%) 62.6 −65% −85% −95% −95%

QQP

O 88.6 88.3 (−0.3%) 172.3 −51% −86% −96% −93%
D 87.9 87.7 (−0.2%) 88.2 −51% −85% −97% −93%
P 88.5 88.5 (−0.0%) 118.3 −63% −87% −97% −95%
DP 87.6 87.6 (−0.0%) 58.8 −62% −86% −97% −95%

Table 7.2: Accuracy drops and time savings provided by quantization (Q) and dynamic length
inference (L) applied at the end of pipelines. The accuracy drops and time savings of most
operators are cumulative.

We first discuss operators from Group I. In Figure 7.3, we show how we can estimate the
trade-off curve of a new pipeline based on the results of its constituents, using the two larger
and more stable datasets, QQP and QNLI. For example, in the top-right subfigure, we show the
estimation for the trade-off curves of pipelines comprising E, D, and P, based on the results of
individually applying each of these operators.

The idea for estimating accuracy drops is based on the following cumulativeness assumption.
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Figure 7.3: Estimating the trade-off curves of target pipelines based on the results of individually
applying operators. Green curves: measured trade-off curves of target pipelines; blue curves:
measured trade-off curves of individually applying the operator E; orange curves: estimated
trade-off curves for the target pipelines.

Suppose R is a pipeline and A* is the accuracy for a pipeline *, the assumption is:

AR+D =
AD

AO
× AR, (7.1)

AR+P =
AP

AO
× AR. (7.2)

In other words, our assumption is that adding D or P to any pipeline should result in similar
relative accuracy drops. We can therefore estimate the accuracy of ED, EP, and EDP (and other
orders of the same set of operators) as follows: (1) calculate accuracy drops of D and P relative
to O; (2) multiply the relative accuracy drops to points on E’s trade-off curve.

The idea for estimating time savings is also similar, but additional modifications are necessary:
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• When we add P to E, since they work on reducing different dimensions of the model (width
and depth), the time savings are independent and directly cumulative:

TE+P =
TP
TO
× TE, (7.3)

where similarly, T* is the inference time for a pipeline *.

• When we add D to E, we need to consider the fact that both D and E reduce the number of
layers. When the early exiting threshold is extremely large and the model uses all layers for
inference, the relative time saving will be close to TD/TO; when the early exiting threshold
is extremely small and the model exits after only one layer, adding D provides no extra
time saving. Therefore, for non-extreme cases, we can estimate the time saving for E+D
by interpolating the above two extreme cases:

TE+D = tE + (TE − tE)× TD
TO
, (7.4)

where tE is the minimum value of time in the trade-off curve of E (i.e., the point where we
early exit after only one layer).

• When we add both P and D to E, we combine the above two estimations:

TE+DP =
(
tE + (TE − tE)× TD

TO

)
× TP
TO
. (7.5)

We use the above ideas to estimate trade-off curves of new pipelines and show the results in
Figure 7.3. From the figure, we can see that the estimation curves (orange) align well with
the measured curves (green), across different datasets and operator sets, showing that individual
components from Group I are cumulative with each other under these settings.

For operators from Group II, we refer to Table 7.2. We see that on the same dataset, Q leads
to similar accuracy drops when added to any pipeline, especially on the larger and more stable
datasets, QNLI and QQP. Time savings, on the other hand, are trickier:

• L provides consistent time savings for all pipelines, showing that it is cumulative with any
operator from Group I.
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• L and Q are also cumulative with each other, as evidenced by the fact that the measured
time savings of +QL align well with the estimation of +QL, which is simply multiplying
the respective savings of Q and L.

• Q, however, is cumulative only with D and E, but not P—it saves more time for pipelines
with P. This is because quantization’s acceleration is different for different types of opera-
tions, and pruning changes the proportion of each type of operations within a transformer
layer, while distillation or early exiting does not. When we estimate the trade-off of a
pipeline containing both Q and P, PQ needs to be treated as a compound operator, and it
is cumulative with others. This also applies to other operators that change the connection
within a transformer layer.

Empirically, the observation that operators are cumulative facilitates future experiments on ef-
ficiency pipelines: for pipelines that are tedious to train and evaluate, simply measuring the
performance of their components can provide us with a reliable estimation of the pipeline’s be-
havior. Theoretically, the observation also makes it easier to analyze the contribution of each
component to the pipeline (i.e., how much time does each one save and how much accuracy does
each one sacrifice): the Shapley value (Shapley, 1997) of each component can be approximated
by simply using the standalone estimation (Fréchette et al., 2016).

7.6 Summary

In this chapter, we consider efficiency methods as operators applied on transformer models and
study the properties of these operators. We observe from experiments that (1) operators are
commutative: changing their order has little practical impact on the final efficiency–accuracy
trade-off; (2) operators are cumulative: a new pipeline’s performance can be estimated by cu-
mulating time savings and accuracy drops of each component. These observations facilitate
the future construction of efficiency pipelines and also provide an interesting direction to better
understand efficiency pipelines.
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Chapter 8

Conclusion and Future Work

The transformer is a powerful model that is widely used in NLP and IR applications, yet its
efficient inference has been a challenging problem for the community. Considering its multi-
layer architecture where the layers share the similar structure, we apply early exiting to reduce
the effective depth of the model and thereby improve efficiency.

We make the initial attempt on sequence classification tasks on the GLUE benchmark (Wang
et al., 2018a), and experiments show that we can reduce inference runtime by as much as
40 ∼ 50%. Later on, we discuss a few extensions of the combination of early exiting and
transformers. First, we improve the fine-tuning strategy of the multi-output model to combine the
benefits of several existing fine-tuning strategies and manage to achieve a better balance between
layers, which leads to better accuracy–efficiency trade-offs. Second, we extend the idea from
classification-only to other tasks including regression, by introducing an auxiliary learning-to-
exit module that explicitly learns to make the exiting decision. Third, we apply early exiting
for document reranking, proposing asymmetric early exiting for this asymmetric problem and
improving efficiency by more than 2×.

Extrapolating the early exiting idea, we consider selective prediction in the case of trans-
formers, where we abstain from making predictions when confidence is low. We propose a
regularization trick that can improve confidence estimation of the model. We also explore two
interesting scenarios where selective prediction is useful and our proposed regularization provides
better performance.

90



We also consider the idea of combining early exiting with other efficiency methods such as
distillation, structured pruning, quantization, dynamic sequence length, etc. We regard each of
these efficiency methods as an operator applied on a transformer model. Experiments show that
these operators are commutative and cumulative, i.e., the order of applying them has little impact
on the final accuracy–efficiency trade-off, and the final trade-off can be estimated by combining
the accuracy drop and efficiency gain of each component. These discoveries have both empirical
and theoretical meanings.

At the end of the thesis, we discuss a number of interesting future directions for further
research on this topic.

• Batch inference. As mentioned in Section 5.4, our current implementation of early
exiting, including sequence classification, sequence regression, document reranking, etc.,
only supports the inference of single examples. This is due to the dynamic nature of
early exiting: in batch inference, the confidence is different for each example within the
batch. However, in real-world applications, doing inference in batches is not uncommon,
especially when the amount of inference requests is high. To enable batch inference, we
can calculate the confidence of each example at each layer and perform early exiting as
follows. For examples whose confidence is high enough, we terminate inference and record
the results; for the rest, we reorganize the batch and continue with the next layer’s inference.
In the end, we obtain the final results by combining results recorded at different layers.
This main challenge is on the implementation side and may not be of significant research
interest. However, it will certainly be very meaningful for industrial applications.

• Early exiting for token-level prediction. Similar to batch inference, early exiting for
token-level prediction, such as span prediction and named entity recognition, faces a similar
difficulty: there exist multiple values of confidence at a certain layer and it is not clear how
to make the exiting decision. We can also take a similar approach: make the prediction
for each token at each layer, early exiting the confident ones, and continue with the rest.
At the final layer, we recover the result for the entire sequence. However, there are two
obvious issues with this simple approach: (1) When we early exit some tokens at a certain
layers, it is unclear how to compute the multi-head attention for other tokens at future
layers; (2) The overhead may be too high since each token requires the computation of
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the classifier. Nevertheless, the problem itself is important (especially for auto-regressive
transformer models) and the approach can serve as a competitive baseline to facilitate
further improvements.

• Early exiting for sequence-to-sequence tasks. Sequence-to-sequence (seq2seq) (Sutskever
et al., 2014; Bahdanau et al., 2014) is an important architecture used in a wide variety of
NLP and IR applications such as machine translation, text summarization, query expansion,
etc. Different from models such as BERT and RoBERTa, seq2seq models typically have
two components, encoder and decoder, both of which can be transformers (Raffel et al.,
2020; Lewis et al., 2020a). We can, of course, extend the idea of early exiting to seq2seq
models. In this case, a new challenge arises: there are a lot of places where we can perform
early exiting and it is unclear what choices are optimal. For example, we can early exit
the encoder, the decoder, or both. For both the encoder and the decoder, we can perform
token-level or sequence-level early exiting. The problem itself is complex and interesting,
and worth thorough exploration.

• Better confidence estimation for early exiting. The performance of early exiting large
depends on confidence estimation. With accurate confidence estimation, the model can
allocate computation to examples that need more layers, thereby achieving good accuracy–
efficiency trade-offs. In Chapter 6, we discuss confidence estimation and propose a regu-
larization method to improve it. We show that softmax response, which is already used in
Chapter 4 and also other papers (Schwartz et al., 2020), is lightweight yet powerful. On
the other hand, our followup experiments show that the proposed regularization method,
while being useful in scenarios such as the no-answer problem and classifier cascades, is
not enough to provide significant improvements to early exiting. Perhaps confidence esti-
mation for deep learning models is inherently difficult, but if we can significantly improve
it, that will certainly bring early exiting to a new stage.

• A representative demonstration application. Most of our experiments are done in a
research setting without an intuitive visualization, and it will be interesting to implement
a concrete demonstration application to show the improvements in efficiency in a straight-
forward way. For example, we can design a two-stage search engine, where the first stage
is dense retrieval (Karpukhin et al., 2020) and the second stage is reranking (Nogueira and
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Figure 8.1: Comparison between the limit scores of BERTbase (brown) and BERTlarge (blue).
The y-axis shows the score (F1 for MRPC and accuracy for QNLI) relative to vanilla fine-tuning
of BERTlarge. The red arrow shows the difference between the two models when they both use
the same number of layers (12).

Cho, 2019). When run on the mobile browser, it takes a relatively long time to search for a
query. But after adding the methods proposed in this thesis, the search time can hopefully
be reduced to a fraction, greatly improving the user’s experience.

• Early exiting in pre-training. When designing modeling details for early exiting (how
to fine-tune, how to make exiting decisions, etc.), the fundamental question is how many
transformer layers are necessary for making good predictions. We use a small experiment
to show that the answer to this question largely depends on how the model is pre-trained.
The experiment is called the upper limit of early exiting. We take the first k transformer
layers from a pre-trained transformer model, attach a classifier to the end of this k-layer
model, and fine-tune this single-output model. Our previous experiments have shown that
different classifiers typically interfere with each other negatively and it is hard to achieve
the optimal accuracy for all of them. This experiment estimates the upper bound for
each layer by removing inter-classifier interference. We compare the limit performance
of BERTbase and BERTlarge in Figure 8.1 on MRPC (Dolan and Brockett, 2005) and
QNLI (Rajpurkar et al., 2016; Wang et al., 2018a). We notice that with the same number
of layers, BERTbase almost always outperforms BERTlarge by a large margin. This show
that the final layers of BERTbase are much more “prepared” for early exiting than the
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intermediate layers of BERTlarge. The gap suggests that most transformer layers’ potential
to provide information for early exiting prediction is limited by the single-output nature of
pre-training: the intermediate layers are solely optimized to provide inputs to the following
layers. Therefore, if we want to further improve early exiting for better accuracy at earlier
layers, adding more exiting paths in pre-training will be a promising direction. Perhaps, for
efficiency methods in general (especially pruning ones), working directly on pre-training
will be more fruitful than just fine-tuning, as exemplified by the comparison between
task-agnostic and task-specific distillation.
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