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Abstract

Long sequence text processing is time-consuming owing to the ultra-large-scale
self-attention computing. Recent advances demonstrate the attention in trans-
former can be accelerated by redundancy removal, and there are various sparse
variants for attention in large sequences are proposed, which leads to state-of-
the-art performance on language and vision task. Low-rank method achieve
outstanding success in the field of efficient transformer. The dynamic token
sparsification is efficiently time-saving and cost-saving, which can be easily ex-
tended to prune redundant spans and to yield semantic features. Evolutionary
algorithm is attractive for selecting hyperparameter which is of significant im-
portance in effectiveness. Motivated by these works, we propose an efficient
transformers model, termed EMLT, to alleviate time and cost without sacri-

ficing the accuracy. EMLT effectively combines strengths of Low-rank trans-
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formers, dynamic token sparsification and evolutionary algorithm to ulteriorly
cut redundant token and meanwhile maintains the original precision, which can
achieve a linear memory and time complexity. We compress transformer in three
stages. Firstly, sliding window is validated as local attention to capture fine-
grained dependency semantics. After that, low-rank approximation of attention
matrix is applied as global attention to store long-range dependency seman-
tics, and aggregated with local attention. On this basis, we consistently prune
redundant token in accordance with importance score to further sparse the at-
tention operation. Finally, Evolutionary algorithm is utilized to optimize the
hyper-parameters of every layer. The results of comprehensive experiments and
analysis show that our method can rival others on accuracy, and outperforms
others on efficiency by a large margin in terms of the computational complexity.
Keywords: evolutionary computing, efficient transformer, genetic algorithm,

natural language processing, neural architecture search

1. Introduction

Transformer is a deep learning [1] model based self-attention [2]. Recent
developments in Transformers were investigated quite intensively, which have
been widely adopted in the field of NLP and made great progress [3].

Although the transformer has become a paradigm in processing text-based
media, the huge demand of computational cost is one of the biggest challenges
in the deployment of the transformer models [4, 5], especially for the very long
document processing.In the realm of language processing, long text processing
is specifically defined as the practice of managing documents that exceed the
conventional length of 512 tokens [4, 6, 7]. The computational exigencies and
memory requisites of the transformer model are conspicuously accentuated when
confronted with the task of processing longer input sequences. This intricate
computational load emanates from a multitude of sources, encompassing the
substantial parameter count necessitating training and the heightened compu-

tational demands imposed by the pairwise attention mechanism. As a corollary,



the deployment of transformer-based models for endeavors entailing protracted
textual inputs on memory-constrained hardware or time-critical platforms is fre-
quently deemed unviable. This formidable challenge underscores the imminent
imperative for the development of more memory-efficient and computationally
streamlined iterations of the transformer architecture, thereby rendering such
applications more amenable to real-world, practical deployment.

To tackle this computational bottleneck, the community has tried many ef-
forts to devise the intense attention operation to lower the computational com-
plexity raised by computing the pairwise similarities. Then the computational
complexity would be reduced by a large margin. Most of works focus on chang-
ing the pattern of the attended behaviour, such as sliding window. e.g., Child
et al. [8] proposed Sparse Transformer, where they employed the factorized at-
tention schemes to reduce the complexity of the original attention. And they’ve
got the a better attention pattern with lower computational complexity. Qiu
et al. [9] presented Blockwise Transformer. In their work, they introduced a
sparse block structure into the attention matrix. Therefore, the memory con-
sumption and the training time could be reduced. BigBird proposed by [10] was
another method used the sparse attention pattern that reduced this quadratic
dependency to linear. In addition to global and local sparse attention, BigBird
also introduced random attention pattern to mitigate the information loss.

Low-rank based methods have been proposed as an alternative solution to ad-
dress the issue of declining performance due to the capacity challenges of the self-
attention layer and the high inductive biases of predefined sparse pattern-based
methods. These methods transform the original input sequence into a lower
resolution version, significantly reducing the computational burden through the
use of a shorter representative sequence. However, each specific token is only
able to attend to a limited number of tokens in these previously mentioned
predefined sparse pattern-based methods, which may result in a decline in per-
formance for certain tasks that are not suitable for their high inductive biases.
One such method is Linformer. In their approach, a low-rank matrix is utilized

to down-sample the original Keys and Values K, V', resulting in linear attention.



However, the projection matrix employed in Linformer is global, meaning that
it is shared by all input sequences, potentially overlooking the local semantic
information present within these sequences. This can be a limitation of the
method, as it may not always be able to capture the nuances and complexity
of certain tasks. Another method, Nystromformer, was proposed by Xiong et
al. [11]. In that approach, the Nystrom method is used to approximate stan-
dard self-attention. Despite this, the performance of those low-rank methods is
not always as good as full attention or sparse attention on tasks that require
fine-grained local information, as noted in [5]. This may be due to the loss of
high-fidelity token-wise information, which can be critical for certain types of
tasks.

A considerable number of the previously mentioned techniques for improv-
ing the efficiency of transformer models have primarily focused on revising and
optimizing the attended behavior of the model, while neglecting the issue of
redundancy in the raw input tokens. However, recent research has uncovered
the fact that certain words in the original input data, such as function words,
do not necessarily require advanced modeling in the higher layers of the model
[12]. This is because these types of words contain minimal information and
have already been effectively processed by pretrained transformer-based models
in the lower layers. Therefore, the main objective of pruning token is to remove
these words that seem to have less importance in order to decrease the com-
plexity introduced by a large number of input sequences, as well as conserve
computational resources and time, ultimately making the model more efficient
and effective.

By eliminating these tokens that are considered less important, we are able
to streamline the model and enhance its overall performance [4, 13]. For in-
stance, Ye et al. [12] introduced TR-BERT, in which they utilized a policy
network driven by reinforcement learning to select the desired tokens and skip
the unnecessary ones. However, a major limitation of this approach is that the
performance of the token masking significantly declines when conducting exper-

iments without pre-trained models. The work presented in [14] introduced a



novel method for reducing the size of input sequences by pruning tokens with
low attention probabilities. This technique not only enables the reduction of
the number of heads, but also allows for the simultaneous implementation of
quantization. As such, SpAtten represents a significant advance in the field of
input sequence optimization.

In generally speaking, the complexity and performance of transformer not
only depend on the length of input sequence, but also are closely related to
the dimension of embedding, the number of multiple attention mechanisms and
etc. [4]. Motivated by previous research, we aim to optimize the performance
of the transformer model by addressing three key components: the number of
input tokens, the attended patterns (e.g., the low-rank based attention), and
the hyper-parameters within the transformer layer. To successfully accomplish
this task, it is necessary to identify an appropriate set of hyper-parameters that
effectively balance accuracy and complexity.

However, optimizing the architecture of transformer models is a complex
and non-trivial task [15], as traditional techniques such as hand-crafted design
or brute force are often time-consuming and may not yield optimal results in
terms of both complexity and accuracy. In order to effectively address this
challenge, we propose the use of the Multi-objective Evolutionary Algorithm
(MoEA) [16], a powerful optimization method with the ability to handle non-
convex problems and insensitivity to local minima. By utilizing MoEA, we
can achieve the design of highly efficient, compact transformer models with
impressive levels of accuracy, while minimizing the time and resources required
for the inference in the practical scenarios.

To solve the above problems, we propose “Evolving Masked Low-Rank
Transformer for Long Text Understanding”, called EMLT, which is under the
framework of Multi-objective evolutionary paradigm, and jointly optimized with
two novel developed modules, the low-rank attention (LoRA) module and dy-
namic mask (DM) module. The LoRA model has been designed to consider both
local sparse patterns and a projection for lower-resolution queries and keys, in

order to reduce computational resources. In comparison to previous methods,



the developed module has linear complexity due to the sliding window, while
also incorporating global context information through the parameterization of
the projection matrix. This allows each sequence to have a unique projection
matrix that preserves representative differences among different sentences. To
further increase efficiency and remove unimportant tokens from the input se-
quence, the DM module has been designed to prune input tokens before each
transformer layer by predicting their scores. The chosen unimportant tokens
are removed before being input into the LoRA module, reducing computational
complexity while still maintaining a good level of accuracy as only unimportant
tokens with minimal impact on final performance are removed. In order to auto-
mate the optimization process and obtain a better model architecture with the
configured settings of the DM and LoRA modules, a novel encoding space has
been proposed for evolution. This encoding space includes information on em-
bedding dimensionality, the number of heads in attention, and other key factors
in the attached DM and LoRA modules, such as the pruning ratio of tokens.
This design allows the MoEA to output a desirable model architecture configura-
tion that considers both accuracy and computational complexity. Additionally,
the overall MoEA-based model design makes it accessible for end users without
expert knowledge. We have demonstrated the effectiveness of EMLT through
several experiments on the Long Range Arena benchmark database, which is
a benchmark dataset for evaluating the design of efficient transformers with-
out the need for pretraining. Long-Range Arena (LRA), contains three specific
datasets: ListOps, Text and Retrieval, which have token lengths of 2K, 4K, and
4K respectively. These three sub datasets clearly fall within the category of long
text in language processing. To further reinforce our findings, we have included
the original IMDDb dataset, which belongs to the category of long text. The
proposed method achieves significantly better efficiency compared to the state-
of-the-art method, and also outperforms existing efficient transformer methods
with notable margins.

The contributions of this work are:



1. We propose Evolving Masked Low-Rank Transformer (EMLT), a novel
Multi-objective Evolutionary Algorithm-based method by jointing opti-
mizing the regular hyper-parameters, settings of the low-rank attention
pattern and input token pruning. To the best of our knowledge, this is
the first work to evolve the efficient transformer on the long text processing
tasks.

2. Our proposed module, LoRA, combines a dynamic low-rank projection-
based attention model with both a global attention sub-module and a
local attention sub-module, enabling it to capture fine-grained correla-
tions. Additionally, LoRA effectively resolves the scale mismatch issue
between the embeddings of the global and local attention sub-modules.
Notably, LoRA improves efficiency of sparse patterns, offering linear time
and memory complexity.

3. Our proposed DM module is designed to reduce the number of input tokens
by pruning less important ones, in which way the computation complexity
is reduced considerably. We introduce a prediction module that estimates
the importance score of each token based on current features. To optimize
the prediction module in an end-to-end manner, DM leverages an atten-
tion masking strategy that differentially prunes tokens by blocking their
interactions with other tokens.

4. In our experimental evaluation on the long text benchmarks, we demon-
strate significant improvements over other state-of-the-art methods in
terms of computational complexity, while maintaining high accuracy lev-
els with minimal or no loss. Furthermore, when compared to the original
attention mechanism, our proposed approach achieves remarkable accel-

eration, up to 120 times faster.



2. Background Related Work

2.1. Transformer

Transformer revolutions have recently hit the field of artificial intelligence
[2] and can achieve better performance with large-scale pre-training. Trans-
former was originally proposed as a sequence-to-sequence [17] model for ma-
chine translation. Later works show that Transformer-based pre-trained models
can achieve state-of the-art performances on various tasks. As a consequence,
Transformer has become the go-to architecture in NLP tasks with a set of mul-
tiple sequential attention layers [6]. It surpassed the earlier approaches by such
a wide margin that all the recent cutting edge models seem to rely on these
Transformer-based architectures [18]. In the last five years, hundreds of papers
and language models inspired by Transformers were published, the bestknown
being the auto-encoder architecture like BERT [19], and post-BERT models,
such as RoBERTa [20], AIBERT [21], DistilBERT [22], and ERNIE [23], as well
as the auto-regressive models, such as GPT, GPT-2, GPT-3 and XLNET [24].
The models relying on this Transformer architecture have fully outperformed

the previous state-of-the-art networks.

2.2. Efficient Transformers

In recent year ultra-large-scale computation cost of attention quickly be-
comes a bottleneck of long sequences processing and the efficient transformer
has developed in a variety of directions,including low rank, kernels, recurrence,
hierarchical mechanism, sparse patterns and approximating attention [4].There
is a wide variety of recently proposed method to make Transformers efficient
for large sequences. The purpose is to improve the general efficiency of Trans-
formers, including but not limited to tackling the quadratic complexity issue
of the self-attention mechanism or reducing the computation costs by means
such as pooling and/or sparsity. We also briefly discuss general improvements
and other efficiency improvements such as parameter sharing [4]. A variety of

patterns has been explored in the past work, the key idea of sparse patterns



is to make the attention operation sparse which is divided into content-based
sparsify, including Reformer [25], Sinkhorn [26], and Routing Transformer [27],
and pre-specified patterns, including Sparse Transformer [8], ETC [28], GMAT
[29], Longformer [30] and BigBird [10].

The early research in this field primarily focused on block or local patterns,
such as those used in the Image Transformer [31], Compressed Attention [32],
Blockwise Transformer [9], and Sparse Transformer [8]. The idea of dividing
various fixed patterns was first introduced in the work of Child et al. [8] and
CCNet [33]. At around the same time, we see the emergence of model-memory-
based approaches, including the inducing point method in the Set Transformer
[34] and global nodes [35] in the Star Transformer [35]. More recent models
have employed learnable sparsity patterns, such as the Reformer [25] and Rout-
ing Transformer [27]. These models both aim to cluster or bucket tokens before
performing attention, but the Reformer uses a hashing function while the Rout-
ing Transformer uses online k-means for cluster assignment.

In addition, the Sinkhorn Transformer [26] employs the idea of sorting, but
at the block level. These three models follow a similar approach of rearranging
sequences for efficient computation of attention scores. Later, we see several
extensions based on the Sparse Transformer paradigm, including the ETC [28]
and Longformer models [30]. These models incorporate the concept of a global
model memory, similar to the inducing point method in the Set Transformer or
the global model memory of the Star Transformer. The Longformer model also
introduced the use of dilated windows as a modification to strides.

The most recent trend in Transformer models is the use of low-rank approx-
imation or kernel methods, such as the Low-Rank Transformer [36], Linformer
[37], Performer [38], and Linear Transformers [39]. On the other hand, mod-
els like the Poolingformer explicitly construct a two-level attention mechanism
using techniques reminiscent of memory-based approaches and local attention.
Scatter Brain [40] is a recent work that attempts to unite sparse (fixed pattern)
attention with low-rank attention. Luna [41] also proposes a two-stage attention

mechanism. However, it is currently unclear whether these low-rank or kernel-



based models are superior to the learnable pattern (LP) or model memory-based
efficient Transformer models, due to the state of evaluation and the high num-
ber of competing research efforts. It is worth noting that the recurrent-based
models (Transformer-XL and Compressive Transformers) seem to operate in a
different manner and are not as directly comparable to the other models. There
has also been a recent increase in the popularity of sparse models [42, 43], which
have been successfully applied to attention modules [44] and have demonstrated
strong performance in recent months. There have been several efforts to improve
the inference speed of Transformer models. For example, TinyBERT [45] pro-
poses a distillation method to accelerate the inference of Transformer models.
The Star-Transformer [35] reduces the quadratic space and time complexity to
linear by replacing the fully connected structure with a star-shaped topology.
It would be more informative if these studies had considered dynamic masking.

The demand for efficient transformer models is pressing, particularly when it
comes to deploying vision transformers on devices with limited resources. Vari-
ous approaches have been proposed to reduce complexity and enhance efficiency
in vision transformers.

One such approach is Swin-Transformer [46], which achieves linear complex-
ity by confining self-attention computation to local windows within the vision
transformer. HaloNet [47], on the other hand, applies local attention to blocked
images, resulting in quadratic complexity relative to the block size. Perceiver
[48] addresses the quadratic complexity bottleneck by replacing self-attention
on data with cross-attention between data and latent arrays. Vil (Vision Long-
former) [49], a concurrent work, adapts Longformer [30] for vision tasks and
achieves linear complexity. It enhances local window attention with task-specific
global tokens, although these tokens are not suitable for image synthesis. The
long-short transformer [5] combines local window attention and global dynamic
projection attention, reducing the quadratic cost to linear cost, applicable to
both encoding and decoding tasks. Liu et al. [50] employ a transformer encoder
structure for efficient context feature extraction. To address attention head re-

dundancy, importance scores are defined in [51] to estimate the influence of each
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head on the final output, allowing for the removal of unimportant heads. Su
et al. [52] conduct a search for patch size, linear projection dimensions, and

attention module head numbers to obtain an efficient vision transformer.

2.8. Token Pruning in Transformer Models

One common approach to improving the inference speed of pre-trained lan-
guage models (PLMs) is to reduce the number of layers, such as through knowl-
edge distillation models like DistillBERT [22] and Patient Knowledge Distilla-
tion [53], and adaptive inference models like DeeBERT [54] and FastBERT [55].
However, this layer-wise pruning can significantly reduce the model’s compu-
tational complexity but also decrease its ability to perform complex reasoning
tasks. Recently, there has been an increasing focus on pruning input sentences
to Transformers, rather than model parameters. This is referred to as token
pruning, where less important tokens are progressively removed during infer-
ence. POWER-BERT [56] was one of the first works to propose directly learn-
ing token pruning configurations. LAT [57] extended this idea by introducing
LengthDrop, a method that trains a model with different token pruning con-
figurations and then uses evolutionary search to find the best configuration.
This has the advantage of not needing to retrain the model for different prun-
ing ratios. While these methods have demonstrated significant computational
reduction on various NLP downstream tasks, they fix a single token pruning con-
figuration for the entire dataset. This means that all input sequences are pruned
to the same length, regardless of their original length. However, input sequence
lengths can vary greatly within a task, and using a fixed pruning configuration
can either under-prune shorter sequences in order to retain enough tokens for
processing longer sequences, or over-prune longer sequences to remove enough
tokens to efficiently process shorter sequences. Additionally, a fixed pruning
configuration lacks robustness against input sequence length variations, such as
when the input sentences at inference time are longer than those in the training
dataset [58].

In contrast, SpAtten [14] tries to address this issue by assigning a pruning
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configuration proportional to the input sequence length. While this allows for
more tokens to be pruned from longer sequences and fewer tokens from shorter
ones, it is not adaptive to individual input sequences as it assigns the same
configuration to all sequences with the same length regardless of their contents.
In addition, the pruning configurations are determined heuristically, which may
not result in the optimal solution. Recently, TR-BERT [12] proposed using a
policy network to learn adaptive pruning configurations for each input sequence.
However, the authors note that the problem has a large search space which can
be difficult for Reinforcement Learning to solve. To mitigate this, the method
uses heuristics involving imitation learning and sampling of action sequences,

which significantly increases the cost of training.

2.4. Evolutionary Neural Architecture Search

Evolutionary algorithms are a class of optimization algorithms that are in-
spired by the evolutionary processes of living organisms. They typically involve
operations such as gene encoding, population initialization, crossover mutation,
and retention mechanisms. Compared to traditional optimization methods like
calculus-based and exhaustive methods, evolutionary computation is a robust
and widely applicable method. It has the advantages of self-organization, self-
adaptation, and self-learning, and can effectively solve complex problems that
are difficult to solve with traditional optimization algorithms, such as NP-hard
optimization problems, without being limited by the nature of the problem
[59, 60]. GeNet [61] is a neural architecture search method that uses an evo-
lutionary computation approach and divides the architecture being searched
into multiple stages. AmoebaNet [62] is another NAS method that aims to re-
duce the search space by using a predefined search space [63] and achieved a
new state-of-the-art performance on the ImageNet [64] dataset, but with high
computational complexity. EffPNet is a NAS method based on particle swarm
optimization that searches for DenseNet-style transferable blocks and uses an
SVM-based binary classifier as a surrogate model to reduce search cost [65].

These NAS methods often have fixed macro-architectures, leading to the de-

12



velopment of a flexible two-level PSO algorithm that can simultaneously evolve

CNN architectures with both macro-level and micro-level components efficiently.

3. The EMLT Algorithm

3.1. Owerall Framework

The proposed EMLT is a multi-objective architecture search method based
on the genetic algorithm [15], and it is designed for the optimization of the
compact architectures of the dynamic efficient transformers in natural language
processing. After the searching processing, the developed EMLT algorithm will
obtain a thinner dynamic and low-rank attention model while maintaining the
accuracy as much as possible. This is achieved by approximating the computa-
tional complexity versus the final accuracy of the Pareto optimal on the specific
downstream tasks.

The developed EMLT consists of four major processes, namely Population
Initialization, Evaluation, Mating Pool Selection, Genetic Operators and Envi-
ronmental Selection. To provide a clearer overview of the developed EMLT, we
present the overall framework in Figure 1, in which the connections between the
major processes are indicated by black arrows:

1) Initialization: the proposed EMLT initializes a population of candidate
architectures from the proposed encoding space. This is an important step
because the quality and diversity of the initial population can greatly impact
the overall performance of the search for the final efficient transformer models.
The details of the designing of the encoding space will be elaborated in the
Section 3.4.

2) Ewaluation: In the next step, the algorithm evaluates each candidate
architecture, which encompasses various parameter configurations, by consider-
ing two objectives: model complexity and validation accuracy. These objective
functions are specifically designed to assess the performance of the architecture

across different tasks and domains. It is important to note that the evaluated
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Figure 1: The overall flowchart of the EMLT. For ease of understanding, we draw several
chromosomes and visualize the whole procedure in the first round. 1) Initialization: The
algorithm will first sample individuals from the encoding space. 2) Evaluation: The initialized
population will then be evaluated one by one, trained on the target long text dataset. The
accuracy on the validation set and the FLOPs will be obtained to form the fitness of the
initial population. 3) Mating Pool Selection: This process elects the parents of the offspring.
The binary tournament selection mechanism is used to generate the parent pairs. 4) Genetic
Operators: This process performs crossover and mutation on the chosen parents and generates
new individuals. After the offspring are obtained, they will be evaluated to compute their
fitness. 5) Environmental selection: By combining the old population and the new individuals,
the non-dominated and crowded distance sorting will be used to compute the ranks of each
individual in the new population set, and the individuals for the next round will be chosen
based on their ranks or crowded distance. Once the algorithm satisfies the stop criterion or
matches the maximal iterations, the individuals representing the transformer models in the

final Pareto front will be returned to the end users for the further analyses or applications.
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Figure 2: In the evaluation phase of the evolutionary algorithm, the long text undergoes word
embedding to convert it into input tokens. These tokens are then fed into the dynamic mask
module to remove insignificant ones. Following that, they are inputted into the low-rank
attention module for additional processing. This entails extracting features from the long
text using both the local attention sub-module and the global sub-module, resulting in the

production of output tokens.
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model is a dynamic masking transformer (Section 3.3) with a developed low-
rank attention module (Section 3.2). This crucial step enables the algorithm to
identify the most promising individuals in the population and prioritize them for
further exploration. The evaluation process will be discussed in Section 3.5. To
enhance the depiction of the association between EA and individual modules,
we present the model’s data flow during the evaluation in Figure 2. Arrows are
utilized to indicate the connections between each sub-module.

3) Mating Pool Selection & Genetic Operators: After evaluation, the algo-
rithm selects a subset of the most promising individuals from the population to
form a mating pool. These individuals are used as parents to generate new off-
spring through genetic operators such as mutation and crossover. The genetic
operators introduce diversity and novelty into the population and are crucial
for exploring the search space effectively. In this work, we adopt a specific
set of evolutionary operators, including the widely-used binary tournament se-
lection, point crossover, and polynomial mutation [15]. These operators have
been demonstrated to be effective in exploring the search space and generating
diverse and high-performing candidate solutions.

4) Environmental Selection: The offspring generated from the mating pool
are then evaluated, and the fittest individuals are added to the population.
However, to maintain diversity and prevent premature convergence, the algo-
rithm also removes less fit individuals through environmental selection. This
step ensures that the search continues to explore the search space effectively
and avoids getting stuck in local optima. To effectively sort candidate solu-
tions based on their dual objectives, this work employs the Non-dominated and
crowded distance sorting method [66]. This method enables the selection of
individuals based on multiple objectives, ensuring that only the most promising
solutions are chosen for further optimization.

The algorithm continues iterating through these steps, generating and evalu-
ating new offspring, selecting the fittest individuals for the next generation, and
removing less fit individuals until a satisfactory set of architectures are evolved.

These architectures can then be developed into efficient transformer models that

16



exhibit strong performance across a range of tasks and domains. Through this
evolutionary procedure, the algorithm is able to search for optimal architec-
tures of the dynamic masking transformers for the efficient long text processing,
balances multiple objectives and exhibits strong performance.

In the following subsections, we will introduce the low-rank attention mod-
ule, dynamic masking module, and the gene encoding space representing the
importance factors of these modules. Additionally, we will discuss the evalua-

tion process, which involves assessing each individual in the population.

3.2. Low-rank Attention

Existing transformers in processing long documents have been witnessed a
large computational burden. The NLP community considers this performance
gap is due to the attention mechanism [4], where the complexity of the vanilla
attention module in the wide-used methods is proportional to the square of the
number of input tokens. Specifically, the attention mechanism, as a semantic
modeling method, needs to compute the pairwise similarities among the tokens.
i.e., for the given queries Q € R™*% and the key-value pairs K,V € R"*%m
multi-head self-attention (MHA) is commonly employed to obtain the attended
values [2]. The MHA function is expressed by:

MHA(Q, K,V) = Cat(Hy, Ho, ..., H, )W € R"¥dm (1)

where each head H; will project the original tokens to different sub-spaces, and

conduct the scale dot-production attention in the corresponding sub-space:

H; = Attn(QW2, KWK vivY)

QW (KwF)'
Vi
= A,VWY e RM

= Softmax( WwwY (2)

As can be seen from the above equation, the attention matrix A; is an n X n
matrix. Therefore, this processing will consume much more memory space to

continue the computational flow when inputting a very long article (e.g., the
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length of the sentence larger than 2048). To tackle this problem, we proposed
a novel low-rank attention mechanism, which reduces the complexity through a
local sparse attention pattern, and preserves the global correlations by a global
attention sub-module at the same time. A simple way is to use a sparse pattern
of attention, such as local sliding window when computing the attention map,
which has been adopted in [30, 10] due to its simplicity and effectiveness. It
assumes most tokens are only correlated with its own neighbored tokens, which
usually makes sense in most scenarios. But when this local window pattern
is employed, the global indecencies of the input sequences are neglected, which
would lead to a loss of global semantic information, especially for the long-range
dependencies. To compensate that, the global semantic information among the
original sentences should be considered. Therefore, a local attention sub-module
and a global attention sub-module is developed for the proposed EMLT, in order
to capture the rich semantic information among the context while making the
complexity of the model be linear with the length of the input sequence. In the
following paragraphs, we will describe the Local Attention Sub-module and the

Global Attention Sub-module in more details.

3.2.1. The Local Attention Sub-module

We use a sliding window strategy to compute the local attention maps. For
the queries @ and keys K, their pairwise similarity is an n x n matrix. The
sliding window is performed on the matrix and only considers w neighbor tokens
when a specific token is selected. i.e., the window size w represents the fixed
range of span when calculating the similarity of ¢ and k. Hence, each token in
@ or K will be attended to 2w tokens. This attention process can be regarded
as n new sets of key-values pairs K7, V! to be attended with each g in the

original queries @), respectively. For a query ¢; at the ¢-th position, each row of
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the selected key-value pairs K} € R*w*dm VI ¢ R2wXdm can be obtained by:

kide, ;s 1 <idzy; <n
kE, = "
t,% )
0 ,else
Viel, -, 2w, (3)
Viday ;> 1 S idxy; <
L _ y 2 9
Ut;i = )
0 ,else

where kF,,vE, € R and the zero vector 0 € R%" means zero padding when

accessing is out of the boundary of the matrix. The corresponding index variable

idx is defined by:
. . t—1 w
idry; =1+ wLTJ — [51 (4)

Next, the revised local attention at g; can be rewritten as:

vy, . (5)
= A{ (VW) e R%

LocAttn(Q, K, V,t) = Softmax(

The complexity of this sparse local attention for the whole input sequence is
O(nw) (n > w), which is linear with the length of the input tokens. In Fig.
3, we show how to compute this attention process, and we also clearly exhibit
the difference between the original attention and the developed local attention

module, which requires less computational resources.

8.2.2. The Global Attention Sub-module

The original attention can be approximately decomposed by the low-rank
matrices [5], thus the complexity of computing the attention with those low-
rank matrices can be reduced while accessing all the tokens in the sequence. To
achieve the low-rank decomposition goal, researchers tried to learn a function
fP : R® — R to reduce the length of the input tokens by introducing a new
projection matrix P” € R™*" with a lower rank r (n > r) [37, 5]. Inspired by
the work presented in [5], we parameterize the projection matrix P since that
of the matrix with the same entries for all the input sequences may result in the

positional variations of semantics.
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Figure 3: Local Attention Sub-module. This module is a type of sparse attention pattern,
which employs the sliding windows paradigm used in many recent works. By rearranging the

input K,V, we will obtain a fast method for the local attention mechanism.

The low-rank matrix is determined by the input set of keys K, hence this
dimensionality reduction process is dynamic and self-adaptive for various input
sequences. To be more specific, the estimated projection matrix PiA of the i-th
head is determined by:

P! = Softmax(KW/}), (6)

where the matrix W € R¥»*" is a differentiable learnable variable. Sequen-

tially, the projected key-value pairs K, V;¥' in the i-th head can be computed

by directly performing the linear transformations:
K[ = (P))TKWS, VT = (P))TVW. (7)
Thus, the Eqn. (2) can be replaced by the revised global attention HE € R™*dx

QW2 (KT
NG

where the new attention matrix A% is an n x r matrix, and the transformed

HE = Softmax( WE = ACvE (8)

set of values V¥ is a r x dj matrix. Therefore, the computational complexity
of calculating Eqn. (8) is O(n X r X d), which is also linear with the length of
input tokens. Contrasted with the local attention matrix AL in Eqn. (5), the
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Figure 4: Global Attention Sub-module. This module parameterizes the projection matrix P
in such a way that each input sequence has a unique matrix for subsequent manipulation. By
controlling the rank of the projection matrix, we can significantly reduce the computational
burden instead of computing the pairwise similarities of all the n tokens. At the same time,

we are still able to access global semantic information because no tokens are excluded.

former one fuses all the information in the sequence, so the global correlations
would be preserved. To better show this global attention calculation, we show
it in the Fig. 4.

The last step is to combine the local attention with global attention to ob-
tain the final output of the developed low-rank attention mechanism. During
the aggregation procedure, we should consider both of the semantic information
at different scales. A straightforward way of aggregation is to add the local
attention result and that of the global attention. Although this is the simplest
way to realize our goal, but this strategy will lead to an unstable training of the
transformer models due to the different scales. To complete the final computa-

tion, let the new key-value pairs K}, V,'" be the fused variables:
KF, = Cat(Norm(KFW/[), Norm(K')) e REw+m)>de o)
; ’ 9
Vv, = Cat(Norm(V; W), Norm(V;7)) € R(wHr)xds

where the “Cat” operator will concatenate the dual input variables along the
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first axis, and the “Norm” symbol denotes a normalization layer. This added
layer can alleviate the problem of the gradient explosion and make the distri-
bution of the output values more stable during training.

In the end, the output attention at the i-th head and the ¢; can be derived
by:
QtWiQ(Kft)T
T

At last, we can collect the final attended features by:

H], = Softmax( Wi € R%. (10)

HI = {H[}}i_) e R™™, (11)

which contains the local and global semantic information among the input to-
kens. As can be seen from the above equation, the computational complexity
is O((2w + r) X di, x n). Please note that w,r,dy are always smaller than the
length of sequence, and can be regarded as the small constant. Thus, the final
computational complexity of the developed low-rank attention is proportional to
n, and is linear with the number of input tokens. For the sake of understanding,
we draw a flowchart to better describe how to compute the developed low-rank

attention, see Fig. 5 for the details.

3.3. Dynamic Masking

The last low-rank attention module aims to address the computational over-
head caused by the original attention mechanism when the token number is
fixed. On the other hand, the dynamic masking module operates directly on
the number of tokens to tackle the resource-intensive requirements from a differ-
ent perspective. To better reduce the complexity induced by the larger number
of the input tokens n, we developed the dynamic mask module collaborated
with the developed low-rank attention mechanism to strongly alleviate the per-
formance bottleneck.

The core functionality of the dynamic mask module is a mapping f¢ :
R™*dm — R"*2 However, this mapping function is not easy to learn especially
at the early stage, since the output of different layers may have diverse scales and

distributions. To mitigate such problem, we firstly apply a layer normalization
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Figure 5: The overall flowchart of the low-rank attention module. The results of the dual
revised attention modules will be fused to geneate the final attended values for the following

computation.

on the input sequence to match the scales. And a linear transformer layer with
the GELU activation function is followed after the normalization layer. This
step can be viewed as a initialized pre-processing for the next feature manipu-
lations. Specifically, for a given sequence X € R™*%m  the normalized features

X' can be obtained by:
X' = GELU(Norm(X)W7' + b1, (12)

where W1 € R¥m>xdm and b! € R% are the weights and bias, respectively.
The linear transformation wrapper is an adaptive layer for the following token
decision.

The importance of a token can be judged locally and globally [13]. From
the point of local view, some tokens are naturally more frequent and should
be allocated with a higher score for judgement, such as the words “the”, “be”
and etc. On the other hand, computing the importance of the word should also

considers the context semantic information, which is essential for understanding
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the true representation of a sentence. Therefore, we will compute the represen-
tative features locally and globally. For the local semantic features, we obtain

it via collecting the features of the first half along the channel axis:

xL = xT e R

"1:L%J

(13)

where the footnote “{1:n,:}” denotes the slicing operator for a tensor. For the

global information, the features of the rest channels are used:

dm '|
)

xP = x! e R™I7

Lin, | 42 |+ 1:d,y, (14)
and the global semantic features can be integrated by combining with a sum-
pooling operation:
X€ = SumPool(XB) € RI#], (15)

where the “SumPool” operator will summation the matrix along the first di-
mension. Then, the features with local and global semantic information can be
obtained by:

XLG = Cat(XT, Expand(X“)) € R"*dm, (16)
Please note that there is merely no extra computing or storing cost when split-
ting the input features X', and this makes the whole processing efficient. Next,
the features X ¢ will be used to get the prediction scores for the final token
decision. To complete the token classification, we add a three layers of linear
layers on the top, which can be expressed by:

X2 = CGELU(X WY +b7), X§ = GELU(X; Wy +b3),

dm

S = Softmax(X$ W5 +b5), WS € Rén*L8) ps ¢ RLF], (17)

d

WS e RUEIXIS) b5 € RIS W e U1 35 e R?,

This procedure will gradually reduce the dimensionality of the features into a
small space, which helps the final classification layer for better decision. Com-
pared with a single-layer shallow network, such a design makes the network have
more model capacity, and it is easier to select representative features for pre-
dicting the importance of tokens. On the other hand, compared with networks
consisting by dozens layers, it has advantage in terms of efficiency. Finally, we

can get the final prediction scores S € R™*2,
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3.3.1. Training Phase

Once the importance score of each token is obtained, we can leverage this
score to decide which token should be removed or remained. However, this
“selection” operation is non-differentiable. This indicates that the gradient in-
formation cannot be back-forwarded to the developed dynamic mask module, if
we force to use the “selection” operation. To address this issue, we adopt the
Gumbel softmax to sample the mask vector m € R™ of the input token, which

is fully differentiable and can be used to determine the kept tokens:
m! = GumbelSoftmax(S) € {0,1}", (18)

where sampling “0” means the corresponding token should be removed, and “1”
corresponds to the remaining operation. Once we obtain the decision mask m?
for the input token of a specific transformer layer, we can use this mask vector
to filter the original tokens that should be discarded and feed the remaining
ones to the developed low-rank attention module.

Unfortunately, an practical problem will be raised for the batch-based train-
ing, if we remove the less importance tokens during training. This problem is
attributed to introducing Gumbel softmax that each input sequence often has
different number of tokens to be pruned after sampling, which breaks the intact
structure of the original input tensor. To tackle this issue and maximize the
parallel computing power of the hardware, we do not really prune or cut the
desired tokens, but remove the influence of the irreverent tokens by revising the
softmax function, when calculating the low-rank attention in Eqn. (10). The

dynamic attended values can be computed by:

WE (KT
EXP(M) om
HIT = e Vil € R™, (19)
W (Kft)T ’
Sum(Exp(=——7==) ©m)

where the output features affected by the dynamic masking have the same di-
mensional shape with the regular one during the training phase. Thus, in the
training process, this mechanism does not actually play a role in further reducing

storing consumption.
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3.3.2. Testing Phase

During the testing phase, we can directly employ the proposed dynamic
mask strategy by removing the less-important tokens.

Assume the pruning ratio for the j-th reduction prediction branch is p;. We
firstly sort the prediction scores along with the last dimension, and get the the
indices of values from high to low, and select first (1 — p;)n indices from the set.

This post-procession step in the reduction module can be rewritten as:
m" = Argsort(Argsort(S)) > p;n, (20)

where m" is a binary mask for the current input tokens X, and the set of pruned
tokens X’ can be obtained by:
Xiym; =1
X! = , Vie[l.n]. (21)
0,m; =0
After eliminating the less important tokens, the new set of tokens X’ will be
transmitted to the next layer. As can been seen, the number of the tokens
have been greatly reduced when the following transformer layer process the
pruned tokens compared with the original input. This will save a lot memory
consumption and training time. Specifically, for the j-th transformer layer, it
will reduce 50% computational complexity if setting p; to be 0.5. With this
dynamic strategy, we can double the computing performance on top of the
previously proposed low-rank attention mechanism.
For the sake of description, an example of the dynamic mask module with

two adjacent transformer layers is drawn in the Fig. 6.

8.4. The Gene Encoding Space

Gene encoding space or search space is essential for the evolution of the
architecture search, and a suitable coding space would help to fast find the
optimal solution [16]. Therefore, the gene encoding space for the transformer
models is one of the essential components in the MOEA-based architecture

search methods, and it should be carefully treated [67]. As for the dynamic
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Figure 6: The dynamic mask module with the developed low-rank attention module. This
figure shows how the dynamic mask module works in different phases. For the models during
training, the tokens after the DM layer will keep the same length to implement the batch-
based training. To alleviate the semantics shift between the remaining and dropping, a revised
softmax layer will be created to replace the old one. For the testing phase, each input sequence

through the DM module will be downsized.
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masking transformers, one key parameter for the developed dynamic masking
mechanism is the predefined token pruning ratio (or the remaining ratio) p.
The token pruning ratio controls the complexity of input sequences, and larger
pruning ratio will greatly reduce the computational burden of the sequential
network forwarding. The other key factors which have great impact on the
final performance are the hyper-parameters in the developed low-rank attention
mechanism, i.e., the embedding size (or embedding dim) d,, [68], the window
size w and the rank r. Theoretically, increasing the embedding size would
promote the model capability to fit the original dataset, but more computational
resources could be consumed. Besides, the number of the multi-head attention
h will also contributes to the model complexity and final accuracy. Larger
number of the heads will project the input token to more sub-spaces, and the
whole computational workload increases.

To better investigate the potentially promising hyper-parameters of the com-
pact transformer-based models with considerable accuracy, we proposed a novel
gene encoding space for the developed EMLT algorithm. This encoding space
contains the information of the dynamic masking in each layer and the hyper-
parameters of the transformer models with the low-rank attention mechanism,
which will be jointly optimized for better candidates of the fast and effective
transformer models in processing the downstream tasks of long text.

The details of the encoded information in this work are summarized in Table
1. Taking a given i-th transformer layer as example, if the number of the input
tokens n; = 2048 and the encoded pruning ratio p; = 0.25, then the number of
the output tokens in this layer should be 2048 x (1—0.75) = 1536, which indicates
that the model will gain at least 43.75% computational cost reduction under the
original attention mechanism settings. However, the network might be unstable
during training under such high pruning ratio. This is because some important
tokens are wrongly judged in the early training stage, then those tokens will be
mistakenly discarded and lead to an obvious precision drop. Thus, there must
be a trade-off between the token pruning ratio and the inference speed. The

embedding size d,, represents the embedding dimensionality of the embedding
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Table 1: The encoding information in the proposed EMLT

Unit Type Encoded Information Parameter Choices

i X Remaining ratio for the dynamic masking,
Token Pruning Ratio [0.25,0.5,0.75,1]
large number represents this layer will keep more tokens, and vice verse

Window Size The local window size in the proposed low-rank attention module [1,2,4,8,16,32]
Rank of Attention the rank of the low-rank attention [1,2,3,--+,256]
Head Number The number of heads for the Multi-Head Attention (MHA) [2,4,8,16]
Embedding Dim Embedding dimensionality in the transformer layer [32,64,128]

layer at the bottom of the transformer models. For the sake of simplicity, we
follow the traditions in the most transformer-based models that the number of
neurons in the hidden layer is as twice as the d,, [2, 5].

To better show how the encoding space works, several examples of chromo-
somes sampling from the proposed encoding space are depicted in Fig. 7. From
this figure, we can see the encoding strategy of the chromosomes is fixed-length,
and the length of the chromosome is dependent on the number of the transformer
layers. But, searching with brute force is often infeasible due to the limit of the
computational resources and longer training time. e.g., more than one billion
models would be evaluated for an eight-layer transformer model. Hence devel-
oping a heuristic method to optimize the architectures of the dynamic efficient
transformer models is necessary under such a search space.

Each dynamic masking transformer-based model can be represented as a
unique chromosome, and the reverse is also possible. To evaluate the chromo-
some and determine its performance, the information contained within it must
first be decoded to construct a real deep learning model. Fig. 8 demonstrates
this process using “Chromosome#2” from Fig. 7 as an example. The corre-
sponding two-layer model is illustrated, clearly depicting how the encoded gene
information is derived to construct the model. Decoding the chromosome is a
crucial step in the proposed EMLT, allowing to evaluate the performance of
the dynamic transformer model. It enables the EMLT to transform the genetic
information into a real model that can be trained and evaluated. This process
is necessary to determine the effectiveness of the model in achieving the desired

task, and to make any necessary modifications to improve its performance. Fur-

29



16 45 2 32 1.0 0.5 Chromosome#1

32 255 8 64 0.25 0.5 Chromosome#2
8 127 4 128 0.75 0.25 Chromosome#3
1 62 16 32 0.5 1.0 Chromosome#4

- Attention related Hyper-parameters - Pruning Ratios

Window Size Head Number Pruning Ratio

Rank of Attn Embedding

Figure 7: Visualization of the example chromosomes sampling from the gene encoding space,
where the target model is a two-layer transformer. Each unit is drawn by different colors, and

plays different role in the transformer model.

thermore, it provides a means to analyze and compare different models and
their corresponding chromosomes, aiding in the selection of the most promising

candidate solutions.

3.5. Ewaluation

The evaluation process is designed to obtain the fitness of individuals in the
given population P, i.e., the precision and FLOPs of the corresponding individ-
ual. Each individual to be evaluated should be decoded from the chromosome
into a real transformer-based model, as depicted in Fig. 8. Since all models are
randomly-initialized, they should be first trained on the target training dataset
D, = {X;, Y}, and then tested on the validation set D, = {X;,Y;}/",
which is disjointed from the D;. Then, the accuracy on the validation set and
the computational complexity are reported to the next evolution step, enabling
subsequent steps to compare the pros and cons of any two individuals. Please
note that the testing set is independent from the D; and D,,. This is to prevent
from training on testing dataset.

To train a single dynamic masked transformer models, a regular term related
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Figure 8: Example of decoding a particular chromosome into the corresponding dynamic
masking transformer model (take the “Chromosome#2” for example). The light blue part
(upper area) shows the function of dynamic mask module, which significant reduces the com-
putational complexity especially when the number of input tokens is large. The light pink part
(lower area) shows the corresponding relationship between the parameters in the two trans-
former layers and the genetic information in the chromosome. Please note that the dark red

square denotes the tokens to be remained, while the empty ones with dashed lines represents

the removed tokens.
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to the dynamic mask branch will be added to the original loss. For the i-th data

point and the j-th dynamic branch, their regular term is expressed by:

ZZ:I mPL k
o= (e, (22)

which will encourage the pruning ratio to approximate the predefined p;. We
combine it with the classic cross-entropy loss via a coefficient «, and the final

objective function can be derived by:

:_7zzy]7klogy]k +7ZZ£’L]7 (23)

1=1 k=1 =1 j=1
8.6. Overall Algorithm

The overall algorithm of the proposed EMLT is depicted in Algo. 1. Firstly,
the population Py at the beginning will be initialized by sampling from the pro-
posed gene encoding space (line 1), and each individual in Py, represents a set of
the particular hyper-parameters for the dynamic masking transformer models.
Immediately after, the initialized population Py will be trained and evaluated to
obtain the fitness F; contains the information of the computational complexity
and accuracy of the corresponding models. Next, the algorithm will choose the
parent individuals Cy via the binary tournament to form the mating pool (line
4). C; will be employed to generate the offspring through the genetic opera-
tors (line 5), and the new individuals contain the new configurations about the
hyper-parameters of the low-rank attention and the token pruning ratios. Sim-
ilar to the initial population Py, the new generated individuals O; should also
be evaluated to gain the corresponding fitness. Sequentially, the environmental
selection will be performed on the combined set of the evaluated offspring and
the population of the last generation to form the current population P; (line 7)
according to their fitness. i.e., the non-dominated sorting and crowded distance
sorting will be employed. The whole process will be terminated when reach-
ing the stop condition, then output the finally evolved population Pr. After
obtaining Pr, the configuration with the most desired computational demands

can be selected.
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Algorithm 1: Algorithm of EMLT.
Input: The number of generations T’

Output: The candidate model configurations Pr

=

Py < Initialize the population from the proposed gene encoding space;
2 Fy < Evaluate the population Fp;

3 fort=1to T do

4 C} < Select the parent solutions via the binary tournament
selection;

5 Oy < Generate the offspring from C; with the genetic operators;

6 F; < Evaluate the new set of individuals Oy;
7 P, «+ Environmental selection from P;_1 U Oy;
8 end

9 return Pr

4. Experiments

4.1. Baseline Models

To demonstrate the effectiveness of the proposed EMLT method, we choose
the recent SOTA efficient transformer models as the peer competitors. They
are Sinkhorn Transformer [26], Reformer [25], Linformer [37], Performer|[69]
Nystromformer [11] and Transformer-LS [5]. The transformer model with vanilla
attention mechanism is also included. Then, we report the accuracy and FLOPs
of each method on the target dataset. Lastly, the accuracy and the computa-

tional complexity are reported.

4.2. Datasets

Long Range Arena [7] dataset is a systematic and unified benchmark, which
is released to specifically focus on evaluating the model performance under the
long-text scenarios. We uses three sub-dataset in Long Range Arena and IMDb

dataset to demonstrate the generality and effectiveness of our approach:
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Figure 9: The trajectory of the evolutionary dynamic masking transformers with low-rank

attention.

Table 2: Overall results of the proposed EMLT on the ListOps, Text and Retrieval dataset,
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respectively.
Methods ListOps Text Retrieval
Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G)

Vanilla Attention 37.1 1.21 65.4 4.57 82.3 9.14
Reformer 36.4 0.27 64.9 0.58 78.6 1.15
Linformer 37.4 0.41 56.1 0.81 79.4 1.62
Performer 32.8 0.41 65.2 0.82 81.7 1.63
Nystrémformer 37.3 0.61 65.8 1.02 81.3 2.03
Transformer-LS 37.5 0.20 66.0 0.40 81.8 0.80
EMLT-ours * 37.3 0.01 65.2 0.09 79.5 0.13
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Table 3: Overall results of the proposed EMLT on IMDb dataset.
IMDb

Accuracy FLOPs (G)
Vanilla Attention 87.32 1.21

Methods

Reformer 87.83 0.41

Linformer 86.44 0.41

Performer 87.02 0.27

Nystromformer 87.23 0.18

Transformer-LS 86.63 0.20

EMLT -ours * 87.9 0.14

=
o S o
Al S A
I
a z
2 36 FLOPs vs. Accuracy a FLOPs vs. Accuracy
Q A\ Vanilla Attention 762 A\ Vanilla Attention
o Reformer 2 Reformer
B Linformer S 60 Linformer
I Performer g Performer
g3 O Nystrémformer - O Nystromformer
& Transformer-LS <7 & Transformer-LS
7 33 ¥ EMLT-ours K] Y EMLT-ours
‘ = 56
00 02 04 06 08 L0 12 [ 1 2 3 1
Computational Complexity - FLOPs (G) Computational Complesity - FLOPs (G)

(a) (b)

A *
<&
© FLOPs vs. Accuracy FLOPs vs. Accuracy
A Vanilla Attention A Vanilla Attentiof)
Reformer o Reformer
Linformer Linformer
Performer Performer
b O Nystromformer O Nystromformer
¢ Transformer-LS < O & Transformer-LS
Y EMLT-ows Z 5650 Y¢ EMLT-ous
[ 2 1 [ s 02 04 06 08 10 12
Computational Complexity - FLOPs (G) Computational Complexity - FLOPs (G)

(c) (d)

Figure 10: The FLOPs and accuracy of each method on the ListOps, Retrieval, Text and
IMDb dataset, separately. The closer to the upper left corner, the better from the perspective

of complexity and accuracy.
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Figure 11: Pareto front of the ablation study for each dataset, where “RANDOM (SMALL)”
denotes the random search method with 40 sampled data points, “RANDOM (LARGE)” is
the random search method with 1600 sampled data points, “EMLT w/o DM” represents the
EMLT method without the dynamic masking module, and the "EMLT w/o LoRA” means
the EMLT method without the low-rank attention module.

ListOps: This dataset assesses a model’s ability to parse hierarchical data
by testing its capacity to process instances with fewer than 2k tokens.

Text: This dataset involves classifying movie reviews from IMDB as positive
or negative based on sentiment. To make accurate predictions, the model must
be able to understand long, unbroken sequences of characters at the component
level and handle sequences up to 4k characters in length.

Retrieval: In this dataset, the model must determine whether two papers
have a shared citation, which requires the ability to encode long sequences for
similarity-based matching. Each byte-level document has a maximum sequence
length of 4k and the model processes two documents at a time.

IMDb: In contrast to the character-level encoding used for Text in the Long
Range Arena, we employ word-level encoding for the original IMDDb data. This
is due to the longer text length, which exceeds the typical sequence length of
512, reaching up to 2k. Thus, it falls under the category of long text processing.
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Table 4: Quantitative results of the ablation experiments on the ListOps dataset.

Methods Smallest Models Middle Models Largest Models
Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G)
RANDOM (SMALL) 14.2 0.06 18.5 0.12 315 0.207
RANDOM (LARGE) 17.1 0.04 34.8 0.78 37.0 1.22
EMLT w/o DM 28.7 0.08 35.2 1.57 38.1 3.33
EMLT w/o LoRA 35.0 0.04 37.5 1.41 38.8 2.83
EMLT 26.6 0.01 36.8 0.03 37.9 0.69

Table 5: Quantitative results of the ablation experiments on the Text dataset.

Smallest Models Middle Models Largest Models
Methods Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G)
RANDOM (SMALL) 55.0 0.08 57.8 0.11 62.7 0.22
RANDOM (LARGE) 50.7 0.03 61.6 0.13 64.0 0.20
EMLT w/o DM 63.6 0.12 66.6 0.41 67.3 0.59
EMLT w/o LoRA 63.7 0.14 64.1 0.70 65.0 1.40
EMLT 50.4 0.02 61.1 0.04 65.3 0.12

4.3. Experimental Settings

In this study, we conducted an experimental evaluation of the performance
of our model on four different datasets: ListOps, Text, and Retrieval in Long
Range Arena and IMDb. These datasets represent different types of tasks and
data distributions, and we wanted to see how our model performs in each of
these settings.

To evaluate the model’s performance, we used the following experimental
settings. We ran the evolutionary optimization process for a total of 40 gen-
erations. This allowed us to explore a wide range of model architectures and
evaluate their performance on the datasets. During each generation, we eval-
uated the performance of a population of 40 individuals, each with a different
model architecture. This allowed us to identify the best-performing architec-
tures and use them as the basis for the next generation. For each generation, we
generated a total of 40 offsprings by applying evolutionary operators (such as
crossover and mutation) to the best-performing individuals from the previous
generation. This allowed us to explore a diverse set of model architectures and
find the ones that perform well on the datasets. In addition, we used a learning

rate of 0.0001 to train the models on the datasets. This value was chosen based
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on our previous experience and the performance of the models on a validation
set. During evolution the number of the transformer layers is set to be two.
This allowed us to capture long-range dependencies in the data and learn more
complex representations. Also, we used a batch size of 32 for the Listops, Text
and IMDb datasets and 16 for the Retrieval dataset. This allowed us to trade
off between computation time and the ability to capture statistical patterns
in the data. All the experiments are conducted with the NVIDIA DGX-A100
workstation with eight A100 GPUs.

Overall, these experimental settings were chosen to evaluate the robustness
and generalization ability of our model under different conditions and to identify

the architectures that perform well on the datasets.

Table 6: Quantitative results of the ablation experiments on the Retrieval dataset.

Smallest Models Middle Models Largest Models
Methods Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G)
RANDOM (SMALL) 50.3 0.22 57.1 0.40 72.1 0.42
RANDOM (LARGE) 57.2 0.10 65.3 0.15 76.0 0.19
EMLT w/o DM 73.7 0.16 7.3 0.59 81.2 0.90
EMLT w/o LoRA 76.5 0.22 79.8 6.19 82.4 9.12
EMLT 57.3 0.04 67.8 0.05 7.4 0.13

4.4. Overall Results

To demonstrate how the EMLT algorithm improves the dilemma objective
and determines the optimal architecture configurations, we have plotted the
evolution trajectories on ListOps, Text, and Retrieval in Fig. 11. To enhance

the robustness of our experimental results, we have incorporated the IMDb

Table 7: Quantitative results of the ablation experiments on the IMDb dataset.

Smallest Models Middle Models Largest Models
Methods Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G) | Accuracy (%) FLOPs (G)
RANDOM (SMALL) 53.2 0.01 80.2 0.15 87.5 0.68
RANDOM (LARGE) 49.2 0.01 87.5 0.49 88.4 0.58
EMLT w/o DM 86.2 0.06 87.1 1.8 88.5 3.1
EMLT w/o LoRA 85.2 0.04 85.6 1.8 87.3 3.0
EMLT 63.4 0.01 86.8 0.04 88.5 0.36
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dataset. Also, to better illustrate the optimization process, we have computed
and displayed the current Pareto frontier only every five generations due to the
large number of evaluated data points. This figure could reflect the incremen-
tal process of the evolution, and also indicates the convergence of method. In
technical terms, a good multi-objective algorithm should aim to approximate
the Pareto front, meaning that one of the objectives can be improved under
the same constraints. We can obtain thoughtful information from each sub-
plots. On the ListOps dataset, the EMLT algorithm began to converge around
the 15-th generation, and the Pareto front became stable in the 25-th gener-
ation. On the Text dataset, the algorithm converged starting from the 10-th
generation. On the Retrieval dataset, the algorithm converged starting from
the 15-th generation, similar to the results observed on the ListOps dataset.
On the IMDb dataset, the Pareto front became stable in the 20-th generation.
Please note some points on the figure may be not very clear due to the point
overlapping, but we can see the convergence tread from the newly generated
dominated point. When the algorithm starts to converge, it does not mean that
there will be no new domainted points. Therefore, in order to better find the
set of Pareto optimals, we set all iterations to 40, which satisfies the algorithm
to search for a best frontier.

Next, we can choose the required points which satisfy the minimal computa-
tional complexity, and evaluate it on the test dataset to get the final accuracy.
For our experiment, we selected configurations with low computational burden
and competitive accuracy. Specifically, we chose the configuration with 0.01G
FLOPs on the ListOps dataset, the configuration with 0.09G FLOPs on the
Text dataset, and the configuration with 0.13G FLOPs on the retrieval dataset.
These points were chosen because they have a very low computational burden
and still achieve competitive accuracy compared to other competitors. Table 2
provides the overall results of the final optimized architecture and that of other
SOTA methods.

On the ListOps dataset, our proposed method EMLT achieved competitive

performance with a 37.3% accuracy, which is comparable to other state-of-the-
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art methods such as Vanilla Attention, Reformer, Linformer, and Nystromformer.
However, EMLT stands out in terms of computational efficiency with a FLOPs
of only 0.01G, which is more than 20 times smaller than the next most ef-
ficient model (Transformer-LS with 0.2G FLOPs). This significant reduction
in computational cost demonstrates the potential of our method for real-world
applications with limited computational resources.

On the Text dataset, EMLT achieved an accuracy of 65.2%, which is again
competitive with the state-of-the-art models such as Vanilla Attention, Re-
former, and Nystromformer. In terms of computational efficiency, EMLT’s
FLOPs of 0.09G is the smallest among all the models, which is more than 4
times smaller than the next most efficient model (Transformer-LS with 0.4G
FLOPs). Additionally, EMLT achieved this efficiency without sacrificing accu-
racy, demonstrating its effectiveness for natural language processing tasks.

On the Retrieval dataset, EMLT achieves a respectable accuracy score of
79.5, which is comparable to other methods such as Reformer and Transformer-
LS. However, EMLT still demonstrates impressive computational efficiency with
only 0.13G FLOPs, which is more than 6 times faster than the next most efficient
method, Nystromformer, with 1.02G FLOPs.

The EMLT method attains the highest accuracy score of 87.9 on the IMDDb
dataset, surpassing all other methods. Notably, EMLT boasts the lowest FLOPs,
standing at 0.14G. EMLT achieves nearly 9 times faster performance than the
original Transformer(Vanilla Attention). Overall, EMLT outperforms all state-
of-the-art methods, showcasing its excellence.

When comparing EMLT to other methods across all datasets, it is evident
that EMLT offers the best trade-off between accuracy and computational ef-
ficiency. For instance, while Reformer performs well on the Retrieval dataset
with an accuracy score of 78.6, it requires 1.15G FLOPs which is almost 9 times
slower than the proposed EMLT. Similarly, while Performer achieves a high ac-
curacy score of 65.2 on the Text dataset, it requires 0.82G FLOPs which is more
than 9 times slower than our proposed EMLT.

In order to show the performance of each method more intuitively, we have
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drawn the performance of all methods about FLOPs and accuracy on each test
dataset in Fig. 10. In that figure, the data point closer to the upper left corner
mean higher accuracy and lower FLOPs. Among all four data concentrations,
our method is located on the far right of each figure, and the accuracy is equiva-
lent to the existing state-of-the-art methods, while reducing the computational
burden by a large margin.

Overall, these results demonstrate the strong performance of our proposed
method in terms of accuracy and computational efficiency. Our proposed method
is among the top performers in terms of accuracy and has the lowest computa-
tional burden among the seven methods compared. Further research could focus
on exploring the mechanisms behind the improved performance of our method
and on evaluating its performance on a wider range of tasks and datasets.

Based on these results, we can conclude that the proposed EMLT is more
effective at reducing the model complexity than other efficient transformer-based
methods. This finding is significant because it has the potential to improve the

effectiveness of language modeling and lead to more compact models.

Table 8: The sensitive analyses of the proposed low-rank attention module (on the ListOps

dataset).

1 36.5 | 36.9 | 36.9 | 37.2 | 37.2 | 36.7
2 37.1 | 36.8 | 37.1 | 35.6 | 37.0 | 37.0
4 37.1 | 37.8 | 35,5 | 37.0 | 36.2 | 36.8
8 26.8 | 37.0 | 35.6 | 37.1 | 37.1 | 37.0

16 36.7 | 38.2 | 36.6 | 36.6 | 36.8 | 36.1
32 34.1 | 36.1 | 36.5 | 36.9 | 36.9 | 33.5

4.5. Ablation Studies

In this part, we will conduct ablation experiments on each module proposed
in the experiment, and analyze the performance of each part to prove the effec-

tiveness of our method.
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Table 9: The sensitive analyses of the dynamic mask modules, under the original full attention

mechanism.
Dynamic Token Settings ListOps Text Retrieval Average
Accuracy (%) | FLOPs(G) | Accuracy (%) | FLOPs(G) | Accuracy (%) | FLOPs(G)
OA w/o DM 37.1 1.21 65.4 4.57 82.3 9.14 61.6
DM+OA+#1(1.0) 38.1 1.23 64.9 4.60 78.2 9.20 60.4
DM-+OA+#1(0.75) 39.1 0.72 64.6 2.65 77.3 5.30 60.3
DM+OA+#1(0.8),#2(0.8) 38.2 0.69 53.7 2.50 77.5 5.01 56.5
DM-+OA+#1(0.7),#2(0.7) 37.7 0.50 52.2 1.78 78.3 3.56 56.0
DM+OA+#1(0.6),#2(0.6) 37.1 0.35 61.4 1.23 771 2.46 58.5
DM-+OA+#1(0.5),#2(0.5) 37.7 0.24 64.0 0.82 7.7 1.63 59.8
DM+OA+#1(0.4),#2(0.4) 39.3 0.16 64.3 0.52 77.5 1.03 60.4
DM-+OA+#1(0.3),#2(0.3) 37.1 0.10 64.6 0.30 73.1 0.60 58.3
DM+OA+#1(0.2),#2(0.2) 36.5 0.06 62.5 0.16 75.5 0.31 58.2
DM-+OA+#1(0.1),#2(0.1) 36.9 0.03 61.4 0.07 76.5 0.14 58.3

Table 10: The sensitive analyses of the dynamic mask modules, under the low-rank attention

settings. The “N/A” denotes the pruning ratio is invalid for the corresponding models.

Dynamic Token Settings ListOps Text Retrieval Average
Accuracy (%) | FLOPs (G) | Accuracy (%) | FLOPs (G) | Accuracy (%) | FLOPs (G)
DM+LoRA+#2(~0.90) 35.7 0.20 64.6 0.41 60.6 0.82 53.6
DM-+LoRA+#2(0.75) 32.6 0.19 65.3 0.38 65.3 0.75 50.4
DM+LoRA+#2(0.5) 37.0 0.16 64.6 0.33 60.0 0.65 53.8
DM-+LoRA+#2(0.4375) N/A N/A 65.2 0.31 59.8 0.63 N/A
DM+LoRA+#2(0.375) 37.0 0.15 64.1 0.30 61.2 0.60 54.10
DM-+LoRA+#2(0.3125) N/A N/A 65.2 0.2 58.9 0.58 N/A
DM-+LoRA+#2(0.25) 36.8 0.14 63.8 0.28 59.3 0.55 53.3

To better inspect the effect of evolutionary algorithm, we add experiments
with random search of small and large sampled data points from the gene en-
coding space. The “RANDOM (SMALL)” will sample 40 data points from the
proposed gene encoding space, which is the same as the population size defined
in the EMLT. The “RANDOM (LARGE)” will sample and evaluate 1600 data
points from the encoding space. Therefore, the total computational burden of
the “RANDOM (LARGE)” is the same as that of the evolutionary process of
the EMLT. Afterwards, the Pareto frontier of the all the sampled architectures
will be computed and compared with the proposed EMLT. Under the same
amount of computational complexity, we can see the influence of the heuristic
evolutionary search algorithm on the final optimization result, which can be

seen from the Pareto front of all the models finally obtained in Fig. 11. Com-
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pared with the random search algorithm, the Pareto front obtained by EMLT
shows obvious advantages on the four datasets, which means that the method is
effective in searching and optimizing the architectures of the dynamic masking
transformers.

In this work, both LoRA and DM can accelerate the transformer model
alone. In order to explore the contribution of the two modules to the final
performance, we also conducted ablation experiments on the two modules of
LoRA and DM. By removing the corresponding modules separately, we can see
the impact of the two modules on the final results in Fig. 11. We use “EMLT
w/o DM” to indicate the DMET method without the DM module, and “EMLT
w/o LoRA” to indicate the EMLT without the LoRA module. In the results
of the ListOps dataset, the LoRA module can achieve higher accuracy than
the DM module with similar computational complexity. In the Text dataset,
The accuracy of the LoRA module is better than that of using the DM module
sole in the case of similar computational burden. In addition, on the Retrieval
dataset, it can be clearly seen that there is an intersection between the methods
using the DM module and the algorithm using the LoRA module on the Pareto
front. This shows that at a certain complexity, there is a performance turning
point between the method based solely on the DM module and the method
based solely on the LoRA module. In addition, we can also see that the DM
algorithm has more models with a larger amount of compleixty than the LoRA
module under the original attention mechannism. Finally, from Fig. 11, for all
the datasets, the final combination of DM and LoRA to form the EMLT method
can well promote the optimization of the final architectures of the transformer
models.

Furthermore, to demonstrate the ablation experiments quantitatively, we
sampled the smallest model, medium model, and largest model from the Pareto
frontier of each method, and report all selected models on the ListOps, Text,
and Retrieval in Long Range Arena and IMDDb datasets in Tables 4, 5, 6 and 7,
respectively. It is worth noting that in all the tables, the significant advantage

of the EMLT method in terms of computational efficiency is demonstrated.
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e.g., among all the smallest, medium, and largest models, the computational
consumption of the model obtained by EMLT is almost the smallest, and the
maximum relative efficiency can be improved by nearly 70 times. However, not
all the improvements are obvious. For example, in Table 5, the search results
of the “RANDOM (LARGE)” are closer to our method on the smallest model,
which shows that under that search conditions of the same computational scale ,
the evolutionary search paradigm may not be able to further compress the model
size of the transformers. That is, the complexity of the model has reached a
relatively extreme value on the current Text dataset, and it is difficult to further
compress the size of the transformer model through a heuristic search method.
Recall that the quality of the model depends on the two indicators of complexity
and accuracy. If a model is better in one metric but lower in another, it doesn’t

fully judge the pros and cons of the methods.

4.6. Further Investigation

In this section, we conduct further analysis of the proposed modules. We
first conduct a sensitivity analysis on the key parameters r» and w in the low-
rank attention to find out the model with the highest accuracy. We adopted
the grid search method to search for the most important parameters of r and
w. Specifically, in the experiment, we used a two-layer transformer model em-
ploying the low-rank attention layer for training, and reported the results of the
corresponding parameter pair in Table 8. In the results of this grid search, we
found that even with only two parameters r, w, it has a significant impact on
the final experimental results. For example, the best result in the table reaches
38%, but can be as low as 26% for the worst result. It can also be seen from
the results in this table that even without considering the computational com-
plexity, the influence of the only two parameters on the accuracy rate is not
linear. In addition, it is worth noting that although we only analyzed these two
parameters on the ListOps Dataset, it is enough to prove the necessity of our
parameter search and optimization for the architectures of the dynamic mask-

ing transformer since the final search space covers more parameters belonging
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to the non-linear optimization problems.

Next, we tried to test the effect of the pruning rate p on the performance
of the transformer model applying the DM module, and tested the original
attention mechanism and the proposed low-rank attention mechanism respec-
tively. The transformer used in these experiments is still a two-layer model.
We list the corresponding results in the Tables 9 and 10, where the string
“DM+0OA++#1(0.8), #2(0.8)” indicates that the corresponding experimental
results use the DM module and original attention together, and the first layer
and the second layer have remained 80% of the input tokens.

In Table 9, for a more convenient and intuitive exhibition of the impact of
adding the DM module on the original attention. We added an experiment of
adding a DM layer with p = 1 before the first layer, namely “DM+OA+#1(1.0)”.
It can be seen from the results that the impact of adding the DM module on per-
formance cannot be ignored, even if it is set to retain 100% of the target tokens.
Compared with the original Attention, the addition of DM slightly increases the
complexity of the model. But in terms of accuracy, the introduction of DM has
achieved higher accuracy in ListOps dataset. On the contrary, the results on
the other two datasets are worse. In addition, as the pruning ratio increases, we
find a more counter-intuitive phenomena. In theory, as more and more tokens
are removed, the accuracy should be getting lower and lower. Although the
transformer models employing both of the DM module and original attention
mechanism has shown this tread in the four datasets as a whole, there are excep-
tions. e.g., on the ListOps dataset, the result of “DM-+OA+#1(0.4)#2(0.4)”
obtains higher accuracy than all the results of the its above methods. In the Ta-
ble 10 where the original attention mechanism is replaced by the LoRA module,
this phenomenon is more obvious. Such results show that for the introduction
of the DM module, the parameter p does not affect the final result in an intu-
itive sense, and there may be more complicated mechanisms, especially mixing
other hyper-parameters, just like 7, w for the LoRA module. They have similar

impacts to some extent.
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5. Conclusion

The complexity of sequence attention computing poses a huge challenge to
natural language processing. We propose a novel efficient Transformer method
based on evolutionary algorithms, named EMLT, that can automatically opti-
mize the model hyper-parameters within the proposed low-rank attention and
dynamic masking, to accelerate the model while preserving the accuracy. To
the best of our knowledge, this is the first work that introduces the evolutionary
algorithm to the efficient transformers. Additionally, we conduct experiments
on the benchmark datasets and obtain competitive results with high accelera-
tion rate. The FLOPs of the model is still at least four times lower than that
of the most advanced efficient transformer. This discovery may help to ob-
tain semantic representations in the field of tackling with the long text training

problem.
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