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Abstract

Large pretrained language models have made substantial progress in their ability to
encode a text sequence’s syntactic and semantic information. Such language models
thereby enable the construction of powerful machine learning models with little addi-
tional training data for downstream tasks ranging from question answering systems to
text classification. The key to their pervasive success is the Transformer architecture
they are based on. The Transformer and its self-attention mechanism are able to capture
long-range dependencies in sequential data. Furthermore, self-attention allows the
tokens of an input sequence to be processed in parallel. This parallelism enables the
degree of pretraining necessary to achieve state of art results on downstream tasks.
However, the Transformer’s memory and compute requirements grow quadratically
with regard to the input sequence’s length. This renders processing long sequences
prohibitively expensive. This paper examines a selection of the models created to
overcome these limitations and evaluates different aspects of their performance on
downstream machine learning tasks. The BigPatent corpus, a collection of of U.S. patent
documents, is used to set up benchmark task in which a variety of model configurations
is tested on classifying patents according to their subject matter. The project’s findings
indicate that the encodings produced by efficient Transformers retain more information,
as they are able to process longer sequences at a time. Moreover, significant differences
in the ability of various attention mechanism’s to absorb information during training
on a downstream task are found.
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1. Introduction

Large pretrained language models have enabled tremendous progress in the field of
Natural Language Processing (NLP) [38]. In essence, these language models process
text sequences and yield numeric encodings thereof. These numeric vector representa-
tions can be used as input for a multitude of downstream machine learning tasks such
as text classification. Models like BERT (Bidirectional Encoder Representations from
Transformers) are able to capture complex contextual information in their encodings
and thus enable the construction of powerful machine learning models with little
additional training data [11].

A key enabler in the development of pretrained language models was the introduc-
tion of the Transformer architecture and the so-called self-attention mechanism. The
Transformer is able to capture long-range dependencies within sequential data [51]. It
further allows the tokens of an input sequence to be processed in parallel. It can thus
fully utilize modern hardware accelerators such as GPUs or TPUs for the training of
models on vast amounts of data [56]. This parallelism, therefore, enables the degree
of pretraining necessary to achieve state of art results on downstream tasks with little
additional data [56].
The Transformer’s memory and compute requirements grow quadratically with regard
to the input sequence’s length. This, however, renders processing long sequences
prohibitively expensive [2]. The resulting limitations of Transformer based language
models have sparked a keen interest in the development of less resource intensive
Transformer architectures [49]. This project examines a selection of the approaches
followed with these models and evaluates their implications for downstream machine
learning tasks. One question investigated is which models for encoding long text
sequences are most suited for downstream machine learning tasks. The project, thus,
intends to answer whether the encodings produced by these models retain enough of
the information codified in the original sequences, so that another machine learning
model can be successfully trained on downstream tasks with these encodings as inputs.
The second question posed is how adapting a model’s attention mechanism effects
performance on downstream tasks. The corresponding experiments, consequently, aim
to explore the models’ ability to incorporate information while being finetuned on
a downstream task. The last phase is concerned with finding the most performant
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1. Introduction

machine learning model with regard to the downstream task set up for this project.
The BigPatent corpus, a collection of 1.3 million records of U.S. patent documents, is
used to set up benchmark task in which a variety of model con�gurations is tested on
classifying patents according to their subject matter.

The �rst chapter of this paper outlines prior efforts in surveying ef�cient Transformer
architectures as well as attempts at testing their performance on downstream tasks and
machine learning benchmarks.
The second chapter is concerned with describing the Transformer's architecture and
limitations. It further gives a comprehensive overview of the approaches followed with
various ef�cient Transformer models according to the taxonomy developed by Tay et al.
in 2020 [49]. Moreover, detailed descriptions of the models used in this project's experi-
ments, i.e., the Reformer [21], the Linformer [53], the Performer [9], the Longformer
and Longformer-Encoder-Decoder [2] as well as BigBird [56], are given. Apart from
that, the chapter provides an outline of the theoretical bases of the classi�cation models
used.
The third chapter describes the BigPatent corpus as well as the categorization scheme
according to which patents are classi�ed. Several samples of various sizes are drawn
from the BigPatent corpus for development and experimentation purposes. As the
length of the input sequences is of paramount importance for the experiments con-
ducted in this project, an overview of the average number of tokens per document in
the various samples is given. Furthermore, the distribution of the number of tokens
per document within different classes is illustrated.
Subsequently, the methodology followed throughout the conducted experiments and
the research questions they intent to answer are described. This section also includes
information about the hardware accelerators used in the project.
Lastly, the experiments' exact con�gurations and �ndings are discussed. This section
ends with some concluding remarks and thoughts regarding possible future work
going beyond the scope of this project.

2



2. Prior Related Work

Several attempts at surveying and categorizing the ever-growing number of Trans-
former variants have been made. Tay et al. provide a survey of model architectures
that address the shortcomings of the original Transformer [49]. The authors develop a
taxonomy of the approaches followed with these models and further provide a detailed
description of a variety of ef�cient Transformer architectures. Fournier et al. similarly
explore widely used methods to reduce the memory and compute requirements of
the Transformer. Apart from that, they discuss several of their strengths, limitations,
and primary assumptions [12]. Moreover, Tianyang et al. compare various ef�cient
Transformers with regard to their architecture, pretraining, and application [29].

The Long Range Arenawas introduced by Tay et al. in 2021 in order to benchmark a
variety of ef�cient Transformer architectures on different tasks involving the processing
of long sequences [48]. The authors compare the performance of the Sparse Transformer
[7], the Sinkhorn Transformer [47], the Synthesizer [46], the Linear Transformer [19],
the Reformer [21], the Linformer [53], the Performer [9], the Longformer [2] as well as
BigBird [56]. The latter �ve models are also evaluated during this project. The authors
state the following six desired characteristics of the Long Range Arena [48]:

• Generality : The tasks considered should be suitable for all evaluated models.

• Simplicity : The tasks should be designed in a simple manner in order to ensure
comparability between models.

• Challenging : The tasks should be challenging enough to allow for a certain
margin for future advancement of the models.

• Long inputs : The length of the input should be long enough to suf�ciently assess
the models' ability to process long sequences.

• Probing diverse aspects : The tasks considered should be diverse enough to assess
different aspects of the models' performance.

• Non-resource intensive and accessible : The tasks should be non-resource inten-
sive so that they can be easily repeated.
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2. Prior Related Work

Tay et al. introduce the following tasks to evaluate the models' ability to grasp long-
range dependencies within the input sequence [48]:

• Long listops : This task is an extension of the listops task introduced by Nangia
and Bowman in 2018 [34]. It is intended to test a model's ability to process data
possessing a hierarchical structure. The dataset is comprised of pairs of sequences
of numbers and operators, such as the maximum, minimum, or median, as well as
the corresponding output numbers.

• Byte-level text classi�cation : Tay et al. use the IMDb reviews dataset [32] to
test the considered model on a text classi�cation task. The authors use byte-level
classi�cation to simulate longer sequences. The maximum length of an input
sequence is set to 4k positions.

• Byte-level document retrieval : The authors use the ACL Anthology Network
dataset [41] to asses a model's ability to compress long inputs in order to deter-
mine the similarity between two sequences. The maximum length of one input
sequence is set to 4k positions and two sequences are presented to the model at
once.

• Image classi�cation on sequences of pixels : In this task the CIFAR-10 dataset
[24] is used to assess a model's classi�cation capabilities when being presented
with the image as a sequence of pixels.

• Path�nder (long-range spatial dependency) : The authors evaluate each model
on the path �nder challenge [30] in which it needs to evaluate whether two dots
in an image are connected by a dashed line. The image is presented as a sequence
of pixels to a model.

• Path�nder-X (long-range spatial dependency with extreme lengths) : In this
variation of the path�nder challenge the sequence length is increased from 1,024
to 16k.

The creators of BigBird assess their model's performance on question answering, classi�-
cation, and summarization in the context of natural language processing [56]. Moreover,
the authors conduct several experiments related to Genomics. For question answering,
the Natural Questions [25], HotpotQA-distractor [55], TriviaQA-wiki [18], and WikiHop
[54] datasets are used. Furthermore, BigBird is being evaluated on classi�cation tasks
using the IMDb [32], Yelp-5 [58], Arxiv [15], BigPatent [26], and Hyperpartisan [20]
datasets. For summarization, the Arxiv [10], PubMed [10], BigPatent [44], BBC XSum
[35], and CNN/DailyMail [17] datasets are used. Lastly, the authors test their model
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2. Prior Related Work

on the GLUE (General Language Understanding Evaluation) [52] benchmark which
comprises various natural language understanding tasks [56].

Beltagy et al. evaluate the Longformer on question answering, coreference resolution,
and document classi�cation [2]. For question answering, the authors make use of the
WikiHop [54], TriviaQA [18], and HotpotQA [55] corpora. The OntoNotes dataset
[39] is used to test the model's coreference resolution capabilities. Both the IMDb
[32] as well as the Hyperpartisan [20] datasets are used to evaluate the Longformer's
performance on a classi�cation task. Furthermore, the authors test the Longformer-
Encoder-Decoder's performance on text summarization using the ArXiv dataset [10].

Kitaev et al. run several experiments with the Reformer and the imagenet [43] as well
as the enwik81 datasets [21]. The authors further test the Reformer on the WMT 2014
English-to-German translation task [4].

Choromanski et al. conduct various pretraining experiments with the Performer and
apply their model to protein sequences [9].

Apart from examining the Linformer's pretraining perplexities, Wang et al. �netune the
model on a variety of downstream tasks [53]. The the authors use the IMDb [32] and
SST-2 [45] datasets to evaluate the Linformer's performance on sentiment classi�cation.
They further use QNLI [42] to test its natural language inference capabilities and QQP
[6] to investigate its ability to judge text similarities.

1https://huggingface.co/datasets/enwik8
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3. Background

3.1. The Transformer and Its Limitations

Before the Transformer was introduced by Vaswani et al. in 2017 [51], machine
learning models for processing sequences were predominantly relying on a recurrent or
convolutional neural network architecture. Recurrent models, such as gated recurrent
neural networks and long short-term memory models, process their input sequentially,
with the hidden state ht at position t being computed from the respective input as
well as the prior hidden state ht � 1 [51]. Notably, these sequential computations cannot
be parallelized [51]. A variety of such models do already incorporate an attention
mechanism in combination with a recurrent network to account for the dependencies
between tokens irrespective of their distance within the sequence [51]. The architecture
proposed by the Transformer, however, entirely foregoes recurrent and convolutional
networks and wholly relies on self-attention. The Transformer, therefore, allows a
substantially higher degree of parallelization [51].

3.1.1. Attention

The attention module allows the model to incorporate contextual information from
every position of the sequence [2]. In a �rst step, query, key, and value vectors are
derived from each position of the input sequence by multiplying each input vector with
three individual weight matrices Wq, Wk, Wv 2Rdmodel� dk [51]:

Q = XWq (3.1)

K = XWk (3.2)

V = XWv (3.3)

where X 2Rn� dmodel [49].

In general, an attention function computes an updated value vector from a set of value,
key, and query vectors. Said updated value vector equals the weighted sum of value
vectors, with the weights being derived from the respective query and key vectors
using a compatibility function [51]. The dot-product attention used by Vaswani et

6



3. Background

Figure 3.1.: Illustration of scaled dot-product attention (taken from [51]).

al. in the original Transformer derives weighting factors assigned to individual value
vectors by calculating the dot product between a key and query vector, multiplying with

1p
dk

and applying a softmax function. For all positions of the sequence the described
computation can be expressed as a matrix multiplication as follows [51]:

Attention(Q, K, V ) = so f tmax(
QKT
p

dk
)V (3.4)

where the softmax function is applied row-wise [49].

3.1.2. Architecture

A Transformer is composed of multiple layers of Transformer blocks, with each of
these blocks consisting of multiple self-attention heads, a feed-forward network, layer
normalization as well as residual connectors [49]. Transformers take varying shapes
depending on the use case the model is built for. Transformers can be used as encoder-
only modules, e.g, for a classi�cation task, decoder-only modules, e.g., for language
modelling purposes, or in an encoder-decoder way for sequence to sequence tasks [49].
While the original Transformer was designed in an encoder-decoder manner [51], this
project focuses on encoder architectures.

7



3. Background

Figure 3.2.: Architecture of an encoder block (taken from [51]).

Embeddings and Positional Encodings

In a �rst step, each token of the input sequence is numerically encoded by an em-
bedding layer. In order to incorporate information about the order of the sequence,
so-called positional encodingsare added to the resulting embeddings [51]. These pos-
tional encodings can themselves be produced by a trainable embedding layer [49].
Yet, the orginal Transformer uses sine and cosine functions of different frequencies to
generate the encodings. Thus, each dimension conforms to a sinusoid [51].

Multi-Head Attention

The Transformer model uses multiple attention heads. The concatenated outputs of
these heads serve as input to a further dense layer resulting in the �nal values [49].
Each head thus incorporates information from a different representation subspace at a
different position [51].

8



3. Background

Figure 3.3.: Illustration of multi-head attention (taken from [51]).

Position-wise Feed-forward Network

Each position of the output of the multi-head self-attention mechanism is processed
independently yet identically by a two-layered fully connected feed-forward network
with a ReLU activation function [51]. The feed-forward network thus gives the following
equation:

XF = F2(ReLU(F1(XA ))) (3.5)

where F1 and F2 represent the respective layers of the network and X A is the output of
the attention module [49].

Residual Connectors and Layer Normalization

The outputs of both the attention mechanism as well as the feed-forward network are
passed to a layer normalization layer before being additively connected to the respective
module's input [49]. One Transformer block can consequently be described as:

XA = LayerNorm(MultiheadAttention(Qx, Kx)) + X (3.6)

9



3. Background

Figure 3.4.: Illustration of the computation of the attention matrix (A) by multiplying the
query (Q) and the key matrices (K) with d k denominating the dimensions
of key and query vectors and n representing the sequence length (based on
[51]).

XB = LayerNorm(PositionwiseFNN(XA )) + XA (3.7)

with X being the block's input, Q x the query values, K x the key values and XB the
output of the entire block [49].

3.1.3. Limitations

The scaled dot-product attention used in the attention heads of a Transformer block has
quadratic complexity with regard to the sequence length [49]. This quadratic complexity
results from the multiplication of the query and the key matrices (see Figure 3.4.) and
is expressed both in terms of memory as well as compute requirements. Transformers
in their original form are thus unequipped to process longer sequences without the
need of vast amounts of resources [2]. In the majority of cases, memory requirements
have larger implications during training than during inference, as the former requires
gradient updates while the latter does not [2]. The quadratic complexity, however,
limits the calculation speed during training as well as inference [2]. Apart from the
computation of the attention matrix, the feed-forward network contributes substantially
to the compute cost of each Transformer block [2]. The described limitations with
regard to the input sequence's length sparked the introduction of a large variety of
Transformer variants with the ability to process longer sequences while requiring fewer
resources [49].

10



3. Background

3.2. Ef�cient Transformers

3.2.1. Overview

Tay et al. provide a taxonomy of common approaches to overcoming the shortcomings
of the vanilla Transformer [49]. See Figure 3.5. for an overview and the corresponding
classi�cation of essential Transformer architectures. The authors distil the following
methods frequently used to improve the Transformer's ef�ciency:

• Fixed Patterns: One way to adapt the attention mechanism is to sparsify the
attention matrix, thereby effectively limiting the number of attention operations
that are performed. This is achieved by processing only parts of the sequence at a
time. Blockwise patterns chunk the sequence into blocks of �xed size. Strided
patterns process the input in overlapping intervals using a strided window that is
being slid over the sequence. Compressed patterns employ a pooling operation
to compress the sequence to a shorter length.

• Combination of Patterns : The attention mechanism can also be adapted by using
multiple of the above described patterns.

• Learnable Patterns: In some models the way attention patterns are being applied
is learned from data rather than being de�ned ex ante. The model's architecture
incorporates a way to determine the relevance of tokens to each other according
to which the attention pattern is used.

• Neural Memory : Another method, termed neural memory by Tay et al., de�nes
certain global tokens which attend the entire sequence. According to the authors,
this can be seen as similar to a pooling operation which allows the model to form
a compressed representation of the input sequence.

• Low-Rank Methods : Other model architectures use the assumption that the
attention matrix (A) is low-rank. A is consequently approximated with a smaller
matrix.

• Kernels : The use of kernel functions allows the mathematical reformulation of
calculations performed in the attention module in order to circumvent the explicit
computation of the attention matrix. Kernel methods, therefore, approximate the
attention matrix and can thus also be seen as low-rank methods [8].

• Recurrence: Approaches using recurrence extend the �xed blockwise patterns
described above. The chunks of the original input sequence are connected via
recurrent operations rather than merely being processed independently.

11



3. Background

.

Figure 3.5.: Illustration of the taxonomy of ef�cient transformers developed by Tay et
al. (taken from [49]).

• Downsampling : Downsampling the original input sequence is another way to
reduce the costs of the attention mechanism.

• Sparse Models and Conditional Computation : Tay et al. consider models in
which a subset of parameters are only sparsely used as examples of this class.
This approach is closely linked to �xed patterns methods described above. In this
case, however, the approach is not limited to the attention mechanism.

Of the models used in this project Tay et al. classify the Reformer as a model using
learnable patterns, the Performer as one using kernel methods, the Linformer as
one using a low-rank approach, and the Longformer and BigBird as models using a
combination of �xed patterns and neural memory [49]. For an overview see Table 3.1.

3.2.2. BigBird

BigBird is a long sequence Transformer that was introduced by Zaheer et al. in 2020
and can process up to 4,096 tokens at a time. The attention mechanism of BigBird

12



3. Background

Model Complexity Class

Longformer [2] O(N (k + m)) �xed patterns and neural memory
BigBird [56] O(N ) �xed patterns and neural memory
Performer [9] O(N ) kernel method
Reformer [21] O(N log N ) learnable patterns
Linformer [53] O(N ) low-rank method

Table 3.1.:Overview of ef�cient transformer approaches examined in this project (the
Longformer Encoder-Decoder is a variation of the Longformer) with N
refering to the sequence length (taken from [49]).

essentially consists of three parts in which all tokens attend to a set of global tokens,
a set of randomly chosen tokens, and all tokens in direct adjacency [56]. The set of
global tokens attending to the entire sequence are arti�cially introduced ones, such
as the [CLS] token which was already employed in BERT to derive a compressed
representation of a sentence that can be used for classi�cation purposes [11]. The local
attention is implemented in form of a sliding window of width w in which a token
attends to the w/ 2 preceding and following tokens in the sequence. See Figure 3.6.
for an illustration of BigBird's attention mechanism. The BigBird model's memory
complexity is linear with regard to the length of the input sequence, i.e., it is O(N ) [49].

Zaheer et al. implement BigBird's attention mechanism as a computation on blocks of
tokens. Infrequent retrievals of small size cannot be ef�ciently performed on GPUs or
TPUs. On GPUs computations are performed on a large number of cores in parallel
which makes sparse matrix multiplication inef�cient [56]. Computing attention on
blocks of tokens, thus, optimizes BigBird for modern hardware accelerators [56]. In
effect, this means that queries and keys are combined to blocks. In random attention,
for instance, each such query block then attends to a prede�ned number of randomly
chosen key blocks [56]. See Figure 3.7. for illustration of this block-wise attention
mechanism. By default BigBirds uses a sliding window size of three blocks, three
randomly chosen blocks in each attention operation, and a block size of 64 tokens. See
here1 for more information on BigBirds default con�gurations.

BigBird is available as a base as well as a large version, both having been pretrained
on masked language modeling starting from roBERTa checkpoints [56]. roBERTa is a
version of BERT that has been pretrained for a longer time using bigger batch sizes and

1https://huggingface.co/transformers/v4.7.0/model_doc/bigbird.html
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3. Background

Figure 3.6.: Illustration of Big Bird's attention mechanism with white spaces signaling
that no attention is computed (a) showing random attention with 2 tokens,
(b) showing sliding window attention with a width of 3 and (c) showing
the pattern created by 2 global tokens (taken from [56]).

.

Figure 3.7.: Illustration of Big Bird's block-wise attention mechanism with a block size
of 2, effectively breaking up the attention matrix into 2 x 2 blocks (taken
from [56]).

14



3. Background

more data [31]. Furthermore, roBERTa is not trained on next sentence prediction, but
only on masked token prediction with dynamically changing masking patterns [31].
Zaheer et al. use the BookCorpus [59] as well as the CC-News [14], Stories [50], and
English Wikipedia datasets to further pretrain BigBird.

3.2.3. Longformer

The Longformer was introduced by Beltagy et al. in 2020. The model can process up to
4,096 tokens at once. Similar to the BigBird model, the Longformer relies on a sliding
window attention of width w with each token attending to the w/ 2 preceding and
following tokens in the sequence. Stacking multiple layers, each using sliding window
attention, ensures that a large amount of contextual information is embedded in each
token's encoding [2]. This resembles the way convolutional neural networks (CNNs)
function [40]. Apart from sliding window attention, the authors use what they term
dilated sliding window attention. Similar to dilated CNNs [36], the sliding window
in this attention mechanism possess gaps [2]. This in effect reduces the resolution of
the sequence and allows the model to include more contextual information with �xed
computational costs [2]. Moreover, the authors �nd that varying the degree to which
the window attention is dilated across attention heads further increases performance.
The Longformer model also incorporates global attention. Similar to BigBird's global at-
tention, a set of prede�ned positions in the input sequence attend to the entire sequence
and all tokens in the sequence attend to said global tokens [2]. See Figure 3.8. for an
illustration of the Longformer's attention mechanism. The memory complexity of the
attention mechanism is O(Nw) with w being the window size. The default window
size of the Longformer is 512 tokens. For more information of the model's default
con�guration see here 2.

Beltagy et al. use TVM [5] to implement their own custom CUDA kernel in order to re-
alize dilated window attention, as pervasive deep learning frameworks do not support
the banded matrix multiplications required in this case [2]. Due to said custom kernel,
the Longformer model, however, cannot be trained on a TPU accelerator. The authors
provide a pytorch implementation which can be used on a TPU, but does not sup-
port dilation and requires twice the amount of memory. See here 3 for more information.

The authors further conduct experiments in autoregressive language modeling. In
autoregressive language modeling the model is used to estimate the probability distri-
bution of the respective token or character occurring at a particular position given the

2https://huggingface.co/transformers/v2.11.0/model_doc/longformer.html
3https://github.com/allenai/longformer
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3. Background

.

Figure 3.8.: Illustration of the pattern created by the Longformer's attention mechanism
compared to one of full self-attention (taken from [2]).

preceding tokens or characters of the sequence [2]. Beltagy et al. increase the window
size from lower to higher layers and refrain from using dilation in lower layers. In fact,
dilation is only used in two attention heads and only in higher layers. The authors
perform several experiments in character-level language modeling [2]. Autoregressive
language modeling is, however, of lesser relevance to this project.

Similar to BigBird, the Longformer model is pretrained on masked language modeling
starting from publically available roBERTa checkpoints. The authors merely make
minor adjustments to support the Longformer's attention mechanism [2]. Said attention
mechanism can, however, be used with any pretrained language model to extend it for
longer sequences without adapting its core architecture [2]. In this case, the roBERTa's
absolute postion embeddings are adapted to accommodate 4,096 rather than 512 tokens
by copying them multiple times. The Longformer is available as a base as well as a
large version. Beltagy et al. use the fairseq toolkit [37] to pretrain the Longformer on
the BookCorpus [59], English Wikipedia, as well as the Realnews [57], and Stories [50]
corpora.

3.2.4. Longformer Encoder-Decoder

Apart from the Longformer, an encoder-only model, Beltagy et al. further introduce
the Longformer Encoder-Decoder (LED) model for sequence-to-sequence tasks such as
summarization or translation [2]. This project only considers downstream tasks that
focus on the encoder part of the Transformer. The LED model, however, is able to
process up to 16,384 tokens at a time and is thus also examined. Nonetheless, solely
the LED's encoder is used during the experiments.

The authors initialize the LED's weights from BART checkpoints and further maintain
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BART's architecture. BART is a sequence-to-sequence model that was introcuded by
Lewis et al. in 2019 [28]. BART is designed as a denoising autoencoder that incorporates
a biderectional encoder as well as an autoregressive decoder. The model is pretrained
using corrupted documents as inputs and the respective original documents as outputs
[28]. The model is thus trained to reconstruct the original documents. Lewis et al. use
the original Transformer architecture introduced by Vaswani et al. [51] while replacing
its ReLU activation with a GeLU function [16]. The encoder and decoder are comprised
of six and twelve layers in the base and the large versions respectively [28]. BART
allows any document corruption during pretraining. The authors, therefore, use the
following methods [28]:

• Token masking : Randomly chosen tokens are replaced with an arti�cially intro-
duced token leaving the model to �ll the gaps.

• Token deletion : Tokens are deleted from the sequence, leaving the model to
decide where gaps that need to be �lled exist.

• Text In�lling : Not merely tokens, but entire text spans are masked, leaving the
model to also decide how many tokens have been removed.

• Sentence Permutation : The document's sentences are randomly shuf�ed.

• Document Rotation : The document is rotated along the axis of a randomly
chosen token. The corrupted document consequently starts with that token.

Similar to the Longformer, the position embeddings of the LED are intialized by copying
the ones of BART multiple times [2]. The encoder part of the LED, which is used during
this project, incorporates local attention with a window size of 1,024 tokens. The
arti�cially introduced <s> token marking the beginning of a document is used as a
global token for computing global attention [2]. Unlike the Longformer model, the
LED is merely initialized from BART's weights without further pretraining.

3.2.5. Reformer

The Reformer was introduced by Kitaev et al. in 2020. The Reformer model makes
use of reversible residual networks (RevNet) which allow the model to store only one
instance of the activations rather than having to store activations for every layer to be
able to use back-propagation [21]. In RevNets any layer's activations can be restored
from the ones of the following layer and the model's parameters [13]. Consequently,
activations do not need to be stored, but can be inferred sequentially during the back-
ward pass which reduces the model's memory requirements.
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Apart from that, the authors process the activations of feed-forward networks in chunks.
Kitaev et al. argue that these activations substantially contribute to the model's memory
requirements, as the dimensions of feed-forward networks' intermediate layers are usu-
ally much larger than the ones of the attention activations. Chunking the feed-forward
networks' activations thus further reduces the amount of memory needed [21]. These
activations can be split into pieces because the computations of different positions are
independent of each other in the layers of feed-forward networks. See section 3.3.1. for
an explanation of feed-forward networks. While this independence would allow these
activations to be computed in parallel, chunking and processing them sequentially does
reduce memory requirements [21]. For models with a large vocabulary size the authors
go one step further and also compute the loss based on the log-probabilities produced
by the model in chunks [21]. In contrast to the model's activations, the amount of
memory needed to store its parameters is not independent of the number of layers
used in its architecture. In order to further recude memory requirements, Kitaev et al.
therefore repeatedly swap parameters between the CPU and the particular hardware
accelerator used [21].

To address the fundamental limitations of the Transformer, i.e. its quadratic complexity
with regard to the input sequence's length, the authors use locality-sensitive hashing
to approximate the attention matrix. The attention mechanism's outsized memory

requirements result from the computation of the attention matrix, i.e., so f tmax( QKT
p

dk
),

and in that mainly the computation of QKT [21]. The authors point out that applying the
softmax function implies that the attention matrix is dominated by the largest elements
of QKT. These largest elements result from the dot-product of the query and key
vectors that are most similar to each other. Kitaev et al. note that the attention matrix
can, consequently, be ef�ciently approximated by only computing the dot-product of
those query and key vectors with the closest distance to each other. The Reformer uses
locality sensitive hashing to determine the closest neighbors of each query vector. It
is important to note that the authors use the same linear projection to create Q and K
from the input sequence's embeddings. Queries and keys are therefore identical [21].
A hashing function that assigns vectors in close proximity to each other the same value,
and different ones to those that are not, with high probability is called locality-sensitive
[21]. Kitaev et al. implement locality-sensitive hashing with the same expected size for
all hash-buckets by using the LSH scheme [1]. In a �rst step, a random matrix R of
size [dk, b/ 2] is created with the aim to generate b hash values. The hash value of x is
then de�ned as h(x) = argmax([xR; � xR]) with [u; v] describing the concatination of
vectors u and v [21]. See Figure 3.9. for an illustration of locality-sensitive hashing. The
authors rewrite the attention computation for a single token at position i as follows:
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oi = å
j2 Pi

exp(qi � kj � z( i , Pi ))vj (3.8)

with Pi = f j : i � jg denoting the set of positions that query i attends to, z describing
the normalizing term in the softmax, and the scaling factor

p
dk being omitted for

simplicity [21]. The attention computation, however, is usually performed for the larger
set ePi = f 0, 1, ...,lg � Pi as inputs are batched. The elements not in Pi are masked out
during the computation [21]. This results in:

oi = å
j2 ePi

exp(qi � kj � m( j, Pi ) � z( i , Pi ))vj (3.9)

where m( j, Pi ) is µ if j /2 Pi and 0 otherwise. LSH attention then uses this reformulation
to restrict the attention to be computed to those positions that are in the same hash-
bucket, i.e., de�ning Pi = f j : h(qi ) = h(kj )g. Kitaev et al. further set kj = qj

kqj k
and thus

h(qj ) = h(kj ). This is necessary because buckets otherwise both tend to have different
sizes and possibly contain an unequal number of query and key vectors [21]. Moreover,
query vectors are sorted within each bucket according to their sequence position and
overall by their bucket number. Query i will consequently be locates at position si . The
sorted vectors are then chunked into blocks of size m. All vectors within one such
chunk attend each other and are attended to by vectors of the same bucket located in
the preceding chunk [21]. In the implementation of the Reformer m is set to 2N

nbuckets
with

N being the input sequence's length. The average size of one hash-bucket is thus N
nbuckets

[21]. See Figure 3.10. for an illustration of LSH attention. The authors note that the
hashing operation can be performed multiple times to limit the probability of similar
vectors being placed in different hash-buckets.

The memory complexity of the LSH attention mechanism is O(N log N ) with N being
the length of the input sequence [49].

3.2.6. Linformer

The Linformer was introduced by Wang et al. in 2020 [53]. The key assumption of
the Linformer's attention mechanism is that the attention matrix is low-rank [49]. The
authors apply the base and large versions of the pretrained roBERTa model [31] on
masked language modeling and sequence classi�cation using the Wiki103 [33] and
IMDb [32] datasets respectively. Wang et al. then apply singular value decomposition
on the attention matrices of different layers as well as different heads and plot the
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Figure 3.9.: Simpli�ed illustration of angular locality sensitive hashing employing ran-
dom rotations of spherically projected points to determine buckets with an
argmax over signed axes projections. There is a low probability of points x
and y being assigned to the same bucket when their respective spherical
projections are not close to each other (taken from [21]).

.

Figure 3.10.:Illustration of the Reformer's attention mechanism, i.e., the hash-bucketing,
sorting, chunking, the resulting causal attentions as well as the correspond-
ing attention matrices (taken from [21]).
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Figure 3.11.:The �rst two plots show the spectrum analyses of the attention matrices
in pretrained roBERTa models [31] with n = 512, the y-axis showing the
normalized cumulative singular value of the attention matrix, and the
x-axis indicating the largest eigenvalue. The third plot shows a heatmap
of normalized cumulative eigenvalues at the 128th largest eigenvalue of
layers and heads using Wiki103 [33] data (taken from [53]).

resulting normalized cumulative singular values averaged over 10k sentences [53]. See
Figure 3.11. for an illustration.
The authors argue that the long-tail spectrum distribution in each layer clearly indicates
that the attention matrices' information can be largely maintained by merely consider-
ing the �rst few largest singular values [53]. For a theoretical analysis of these spectrum
results see [53].

The Linformer model incorporates two further linear projections Ei , Fi 2 Rnxk when
computing the keys and values [53]. The original keys and values with dimension
n x d are projected into k x d dimensional ones. The Linformer then computes an n x k
attention matrix, termed P by the authors, using scaled-dot product attention. Lastly,
the context embeddings for each attention head are computed by multiplying P with
FiVWV

i . This results in:

headi = Attention(QWQ
i , EiKWK

i , FiVWV
i ) (3.10)

which can be rewritten to:

headi = so f tmax(
QWQ

i (EiKWK
i )T

p
dk

) � FiVWV
i (3.11)
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Figure 3.12.:Illustration of the Linformer's multi-head attention mechanism (taken
from [53]).

See Figures 3.12. and 3.13. for an illustration of the Linformers attention mechanism.
Figure 3.10. illustrates the relationship between the input sequence's length and the
consequent inference time of multiple Linformer models.
Wang et al. argue that the Linformer signi�cantly recudes time and space complexity
if a projected dimension k � n is chosen. The authors theoretically determine that
choosing a k = O( d

e2 ) independent of the sequence length yields and approximation of
the original attention mechanism with e error [53].

To further improve performance and ef�ciency, the Linformer shares parameters be-
tween projections [53]. The authors conduct experiments in which the projection
matrices E and F are shared across all heads, head-wise sharing and sharing the same
projection matrix for keys and values are used, and lastly layerwise sharing in which
one projection matrix is shared among all layers of the model is deployed [53]. More-
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Figure 3.13.: Illustration of the Linformer's attention computation (taken from [53]).

.

Figure 3.14.:Illustration of the inference time in relation to the input sequence's length
for multiple Linformer architectures (taken from [53]).
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