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Abstract

Transformers are powerful for sequence mod-
eling and have the potential of learning long-
term dependency. Nearly all state-of-the-
art language models and pre-trained language
models are based on the Transformer architec-
ture. However, it distinguishes sequential to-
kens only with the token position index. We
hypothesize that better contextual representa-
tions can be generated from the Transformer
with richer positional information. To ver-
ify this, we propose a segment-aware Trans-
former (Segatron), by replacing the original
token position encoding with a combined po-
sition encoding of paragraph, sentence, and
token. We first introduce the segment-aware
mechanism to the Transformer-XL, which is a
popular Transformer model based on the rel-
ative position encoding with memory exten-
sion. Our proposed method outperforms the
Transformer-XL base model and large model
on the Wiki103 dataset over 1.5 and 1.2 per-
plexities, respectively, which is comparable
to the state-of-the-art result. We further pre-
trained our model on the masked language
modeling task in BERT but without any affil-
iated tasks. Experimental results show that our
pre-trained model can outperform the original
BERT model on various NLP tasks.

1 Introduction

Language modeling (LM) is a traditional sequence
modeling task which requires to learn the long-
term dependency for the next token prediction base
on the previous context. Large neural LM trained
on a massive amount of text data has shown great
potential on transfer learning and achieved state-
of-the-art results in various natural language pro-
cessing tasks. Compared with traditional word em-
bedding such as Skip-Gram (Mikolov et al., 2013)
and Glove (Pennington et al., 2014), pre-trained
LM can learn contextual representation and can be

fine-tuned as the text encoder for downstream tasks,
such as OpenAI GPT (Radford, 2018), BERT (De-
vlin et al., 2018), XLNET (Yang et al., 2019b) and
BART (Lewis et al., 2019). Therefore, pre-trained
LM has emerged as a convenient technique in natu-
ral language processing.

Most of these pre-trained models use a multi-
layer Transformer (Vaswani et al., 2017) and are
pre-trained with self-supervised tasks such as lan-
guage modeling (LM) or masked language mod-
eling (MLM). Besides, state-of-the-art language
models (Dai et al., 2019; Baevski and Auli, 2019;
Rae et al., 2020) are also based on the Transformer
network.

The Transformer network was initially used in
the seq2seq architecture for machine translation,
whose input is usually a sentence. Hence, it is in-
tuitive to distinguish each token with its position
index in the input sequence. However, in the LM
scenery, the input length can range from 512 tokens
to 1024 tokens and come from different sentences
and paragraphs. Although the token position em-
bedding can help the transformer be aware of the
token position by assigning unique index for each
token, the token position in a sentence, sentence
position in a paragraph, and paragraph position in
a document are all implicit. Such segmentation
information is essential for language modeling and
understanding, which can help to encode better
contextual representations.

Hence, we propose a novel segment-aware Trans-
former (Segatron), which encodes paragraph index
in a document, sentence index in a paragraph, token
index in a sentence all together during pre-training
and fine-tuning stages. We first verify the proposed
method with relative position encoding on the lan-
guage modeling task. By applying the segment-
aware mechanism onto Transformer-XL (Dai et al.,
2019), our base model trained with the WikiText-
103 (Merity et al., 2017) dataset outperforms the



Transformer-XL base by 1.5 perplexities. For the
large model, we outperform Transformer-XL large
by 1.2 perplexities and achieve the same result as
the state-of-the-art model (Rae et al., 2020). We
also pre-train the Segatron with MLM target in the
same settings with BERT but without the next sen-
tence prediction (NSP) or other affiliated tasks. Ac-
cording to the experimental results, our pre-trained
model, SegaBERT, outperforms BERT on both gen-
eral language understanding and machine reading
comprehension: 1.17 average score improvement
on GLUE (Wang et al., 2019a), 1.14/1.54 exact
match/F1 score improvement on SQUAD v1.1 (Ra-
jpurkar et al., 2016), and 1.24/1.80 exact match/F1
score improvement on SQUAD v2.0 (Rajpurkar
et al., 2018).

2 Related Work

Language modeling is a traditional natural lan-
guage processing task which requires to model the
long-term dependency for predicting the next token
based on the context.

Most of the recent advances in language mod-
eling are base on the Transformer (Vaswani
et al., 2017) decoder architecture. Al-Rfou et al.
(2019) demonstrated that self-attention can perform
very well on character-level language modeling.
Baevski and Auli (2019) proposed adaptive word
input representations for the Transformer to assign
more capacity to frequent words and reduce the
capacity for less frequent words. Dai et al. (2019)
proposed the Transformer-XL to equip the Trans-
former with relative position encoding and cached
memory for longer context modeling. Rae et al.
(2020) extended the Transformer-XL memory seg-
ment to fine-grained compressed memory, which
further prolongs the length of the context. Although
longer context has been proven to be helpful for
language modeling in these works, how to generate
better context representation with richer positional
information has not been investigated.

On the other hand, large neural LMs trained with
a massive amount of text have shown great po-
tential on many NLP tasks, benefiting from the
dynamic contextual representations learned from
language modeling and other self-supervised pre-
training tasks. OpenAI GPT (Radford, 2018) and
BERT (Devlin et al., 2018) are two representative
models trained with the auto-regressive language
modeling task and the masked language model-
ing task, respectively. Besides, BERT also trained

with an auxiliary task named next sentence predic-
tion (NSP). ALBERT (Lan et al., 2020) then pro-
posed to share parameters across layers of BERT
and replaced the NSP to the sentence order pre-
diction (SOP). According to their experiments, the
SOP is more challenging than NSP. MLM together
with other downstream tasks can benefit from re-
placing NSP with SOP. Concurrently to ALBERT,
Wang et al. (2019b) incorporated a word level ob-
jective (restore the order of shuffled words) and
sentence level objective (predict whether the sec-
ond sentence is the next, previous or random one
to the first sentence) into BERT. These two tasks
can provide additional structural information for
BERT.

All these powerful pre-trained models encode in-
put tokens with token position embeddings, which
was first proposed by Vaswani et al. (2017) to in-
dicate the position index of the input tokens in the
context of machine translation and constituency
parsing. However, the input length of the transla-
tion or parsing is much shorter than the language
modeling, whose inputs usually range from 512 to
1024 and come from different sentences and para-
graphs. The motivation for modeling such a long
context during pre-training is to learn better con-
textual representations. But simply assign 0-512 or
0-1024 token position embeddings is not enough
for LM to learn the inner relationship among these
tokens. Bai et al. (2020) propose to incorporate the
segmentation information with paragraph separat-
ing tokens, which improves the LM generator in
the context of story generation. In this work, we try
to encode segmentation information into the Trans-
former with the segment-aware position encoding
approach.

3 Model

3.1 Segment-aware Transformer-XL
Transformer-XL is a memory augmented trans-
former with relative position encoding. The rel-
ative position information is encoded as follows:

Arel
i,j = ET

xi
WT

q Wk,EExj +ET
xi
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+uTWk,EExj + vTWk,RRi−j

(1)
where Arel

i,j is the self-attention score between
query i and key j. ET

xi
is the input representation

of query i. Ri−j is the relative position vector.
The other symbols are all learnable variables and
detailed in (Dai et al., 2019).
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Figure 1: Input Representation of SegaBERT

According to the position encoding implementa-
tion of Transformer-XL, the sine and cosine func-
tions are used:
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where dim is the dimension length of Ri−j, and k
is the dimension index.

To introduce paragraph and sentence segmen-
tation to the relative position encoding, the new
position vector is defined as:
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where I = {ti, si, pi}, J = {tj , sj , pj}. t, s, and p
are token position index, sentence position index
and paragraph position index, respectively. Rt, Rs,
and Rp are the relative position vectors of token,
sentence, and paragraph. These vectors are defined
in Eq. 2 and the dimension of them equals to 1/3
dimension of RI,J.

To equip the recurrence mechanism of
Transformer-XL with the segment-aware relative
position encoding, the paragraph position, sentence
position and token position indexes of the previous
segment should also be cached together with the
hidden states. Then, the relative position can
be calculated by subtracting the cached position
indexes from the current position indexes.

3.2 Segment-aware BERT
Our SegaBERT is based on the BERT architecture,
which is a multi-layer transformer-based bidirec-
tional masked language model. For a long sequence
of text, SegaBERT leverages the segment informa-
tion, such as the sentence position and paragraph

position information, to learn a better contextual
representation for each token. The original BERT
uses a learned position embedding to encode the
tokens’ position information. Instead of using the
global token indexing, we introduce three types of
embeddings: Token Index Embedding, Sentence
Index Embedding, and Paragraph Index Embed-
ding, as shown in Figure 1. Thus, the global token
position is uniquely determined by three parts in
SegaBERT: the token index within a sentence, the
sentence index within a paragraph, and the para-
graph index within a long document.
Input Representation. Input X is a sequence of
tokens, which can be one or more sentences or para-
graphs. Similar to the input representation used in
BERT, the representation xt for the token t is com-
puted by summing the corresponding token em-
bedding Et, token index embedding Pt

t, sentence
index embedding Ps

t , and paragraph index embed-
ding P p

t . Two special tokens [CLS] and [SEP]
are added into the text sequence before the first
token and after the last token. Following BERT,
the text is tokenized into subwords with WordPiece
and the maximum sequence length is 512.
Encoder Architecture. The multi-layer bidirec-
tional Transformer encoder is used to encode the
contextual representation for the inputs. With L-
layer Transformer, the last layer hidden vector HL

t

of token t is used as the contextualized represen-
tation. With the rich segmentation information
present in the input representation, the encoder has
a better contextualization ability.
Training Objective. Following BERT, we use the
masked LM as our training objective. The other
training objective, next sentence prediction, is not
used in our model.
Training Setup. For the SegaBERT-base, we pre-
train the model with English Wikipedia. For the



Model #Param. PPL

LSTM+Neural cache (Grave et al., 2017) - 40.8
Hebbian+Cache (Rae et al., 2018) - 29.9
Transformer-XL base, M=150 (Dai et al., 2019) 151M 24.0
Transformer-XL base, M=150 (ours) 151M 24.4
SegaTransformer-XL base, M=150 151M 22.5
Adaptive Input (Baevski and Auli, 2019) 247M 18.7
Transformer-XL large, M=384 (Dai et al., 2019) 257M 18.3
Compressive Transformer, M=1024 (Rae et al., 2020) 257M 17.1
SegaTransformer-XL large, M=384 257M 17.1

Table 1: Comparison with Transformer-XL and competitive baseline results on WikiText-103.

SegaBERT-large, English Wikipedia and BookCor-
pus (wikibooks) are used. The text is preprocessed
following BERT and tokenized into sub-tokens
with WordPiece. For each document of Wikipedia,
we firstly split that into Np paragraphs, and all
the sub-tokens in the i-th paragraph are assigned
the same Paragraph Index Embedding Pp

i . The
paragraph index starts from 0 for each document.
Similarly, each paragraph is further segmented into
Ns sentences, and all the sub-tokens in the i-th
sentence are assigned the same Sentence Index Em-
bedding Ps

i . The sentence index starts from 0 for
each paragraph. Within each sentence, all the sub-
tokens are indexed from 0. i-th sub-token will have
its Token Index Embedding Pt

i. The maximum
paragraph index, sentence index, and token index
are 50, 100, and 256, respectively.

We conduct our experiments based on two model
sizes: SegaBERT-base and SegaBERT-large:

• SegaBERT-base: L=12, H=768, A=12

• SegaBERT-large: L=24, H=1024, A=24

Here, we use L to denote the number of Trans-
former layers, H to denote the hidden size and A
to denote the number of self-attention heads.

The pre-training is based on 16 Tesla V100 GPU
cards. We train 500K steps for the SegaBERT-
base and 1M steps for SegaBERT-large. For the
optimization, we use Adam with the learning rate
of 1e-4, β1=0.9, β2=0.999, with learning rate warm-
up over the first 1% of the total steps and with linear
decay of the learning rate.

4 Experiments

In this section, we first show the results of
the SegaTransformer-XL on language model-
ing (WikiText-103). Then, we show the results

of SegaBERT finetuned on several downstream
tasks: General Language Understanding Evalua-
tion (GLUE) benchmark and extractive question
answering (SQUAD v1.1 and SQUAD v2.0).

4.1 WikiText-103

WikiText-103 is the largest available word-level
dataset with long-term dependency for language
modeling. There are 103M tokens, 28K articles
for training. The average length is 3.6K tokens per
article. Following Transformer-XL, we train a base
model and a large model with WikiText-103.

The base model is a 16 layer transformer with
hidden size of 410 and 10 self-attention heads.
This model is trained with 64 batch size, 200K
steps. On the other hand, the large model is an 18
layer transformer with hidden size of 1024 and
16 attention heads. This model is trained with
128 batch size, 350K steps. The sequence length
and memory length during training and testing all
equal to 150 for the base model and 384 for the
large model. The main differences between our
implementation and Transformer-XL are: we use
mixed-precision mode while the Transformer-XL
is trained in full-precision; the perplexities we re-
port are tested with the same sequence length and
memory length of training; the large model training
steps of Transformer-XL is 4M according to their
implementation.

The results are shown in Table 1. As we can see
from this table, the improvement with the segment-
aware mechanism is quite impressive: the per-
plexity decreases 1.5 for the Transformer-XL base
and decreases 1.2 for Transformer-XL large model.
We obtain 17.1 perplexities with our large model
– comparable with prior state-of-the-art results
of Compressive Transformer (Rae et al., 2020),



Task(Metrics)
BASE model(wikipedia 500K steps) LARGE model(wikibooks 1000K steps)

dev test dev test

BERT SegaBERT BERT SegaBERT BERT SegaBERT BERT SegaBERT

CoLA (Matthew Corr.) 55.0 54.7 43.5 50.7 60.6 65.3 60.5 62.6
SST-2 (Acc.) 91.3 92.1 91.2 91.5 93.2 94.7 94.9 94.8
MRPC (F1) 92.6 92.4 88.9 89.3 - 92.3 89.3 89.7
STS-B (Spearman Corr.) 88.9 89.0 83.9 84.6 - 90.3 86.5 88.6
QQP (F1) 86.5 87.0 70.8 71.4 - 89.1 72.1 72.5
MNLI-m (Acc.) 83.2 83.8 82.9 83.5 86.6 87.6 86.7 87.9
MNLI-mm (Acc.) 83.4 84.1 82.8 83.2 - 87.5 85.9 87.7
QNLI (Acc.) 90.4 91.5 90.1 90.8 92.3 93.6 92.7 94.0
RTE (Acc.) 68.3 71.8 65.4 68.1 70.4 78.3 70.1 71.6
Average 82.2 82.9 77.7 79.2 - 86.5 82.1 83.3

Table 2: The results on GLUE benchmark. All base models are pre-trained by this work. Every result of the dev
set is the average score of 4 times finetuning with different random seeds. Scores of BERT large dev are from (Sun
et al., 2019) and scores of BERT large test are from (Devlin et al., 2018).

which is based on the Transformer-XL but trained
with longer input length and memory length (512)
and more complicated memory cache mechanism.
Compared with Transformer-XL large, we achieve
the same ppl 18.3 with only 172K steps.

It is worth noting that we do not list methods
with additional training data or dynamic evalua-
tion (Krause et al., 2018) which continues train-
ing the model on the test set. We also notice that
there is a contemporaneous work RoutingTrans-
former (Roy et al., 2020), which modifies the self-
attention to local and sparse attention with cluster-
ing method. However, their word is in progress and
codes are not available. We believe our segment-
aware method is vertical to their work and can also
be introduced to their model.

4.2 GLUE

The General Language Understanding Evalua-
tion (GLUE) benchmark (Wang et al., 2019a) is
a collection of resources for evaluating natural lan-
guage understanding systems. Following Devlin
et al. (2018), we evaluate our model over these
tasks: linguistic acceptability CoLA (Warstadt
et al., 2018), sentiment SST-2 (Socher et al., 2013),
paraphrase MRPC (Dolan and Brockett, 2005), tex-
tual similarity STS-B (Cer et al., 2017), question
paraphrase QQP1, textual entailment RTE (Ben-
tivogli et al., 2009) and MNLI (Williams et al.,
2018), and question entailment QNLI (Wang et al.,
2019a). For all tasks, we fine-tune every single
task only on its in-domain data without two-stage
transfer learning.

1https://www.quora.com/q/quoradata/First-Quora-
Dataset-Release-Question-Pairs

On the GLUE benchmark, we conduct the fine-
tuning experiments in the following manner: For
single-sentence classification, such as sentiment
classification (SST-2), the sentence will be assigned
Paragraph Index 0 and Sentence Index 0. For sen-
tence pair classification, such as question-answer
entailment (QNLI), the first sentence will be as-
signed Paragraph Index 0 and Sentence Index 0
and the second sentence will be assigned Paragraph
Index 1 and Sentence Index 0.

We conduct the grid-search with GLUE dev set
for low-resource tasks CoLA, MRPC, RTE, SST-2,
and STS-B. Our grid search space is as follows:
Batch size: 16, 24, 32; Learning rate: 2e-5, 3e-5,
5e-5; Number of epochs: 3-10. For QQP, MNLI,
and QNLI, the default hyper-parameters are 3e-5
learning rate, 256 batch size, and 3 epochs. The
other hyper-parameters are the same as in the Hug-
gingFace Transformers library.2

As we can see from Table 2, the average GLUE
score of our SegaBERT is higher than BERT on
both the dev set and test set. Our large model
outperforms the original BERT by 1.2 points on
average GLUE score and achieves better scores
nearly on all tasks. A similar trend can be observed
by comparing the SegaBERT base with the BERT
base pre-trained in this work. The improvements
over these sentence and sentence pair classifica-
tion tasks show that our segment-aware pre-trained
model can generate better sentence representations
compared with BERT. These results demonstrate
SegaBERT’s effectiveness and generalization capa-
bility in natural language understanding.

2https://github.com/huggingface/transformers



System
Dev

EM F1

BERT base (Single) 80.8 88.5
BERT large (Single 84.1 90.9
BERT large (Single+DA) 84.2 91.1
KT-NET 85.2 91.7
StructBERT Large (Single) 85.2 92.0

SegaBERT base (Single) 83.2 90.2
SegaBERT large (Single) 85.3 92.4

Table 3: Evaluation results of SQUAD v1.1.

System
Dev

EM F1

BERT base 72.3 75.6
BERT base (ours) 75.4 78.2
SegaBERT base 76.3 79.2
BERT large 78.7 81.9
BERT large wwm 80.6 83.4
SegaBERT large 81.8 85.2

Table 4: Evaluation results of SQUAD v2.0.

4.3 Reading Comprehension

For the Reading Comprehension task, we fine-tune
in the following manner: The question is assigned
Paragraph Index 0 and Sentence Index 0. For the
context with n paragraphs, Paragraph Index 1 to
n + 1 are assigned to them accordingly. Within
each paragraph, the sentences are indexed from 0.
In this dataset, each question only corresponds to
one paragraph. Hence, the paragraph index of the
context is 1.

This task can benefit from the segment informa-
tion more than the tasks in GLUE benchmark be-
cause for the reading comprehension task, the con-
text is usually longer, spanning several sentences.
The segment position embedding can guide the
self-attention layer to encode the text better.

We fine-tune our SegaBERT model with
SQUAD v1.1 for 4 epochs with 128 batch size
and 3e-5 learning rate. As we can see from Table 3,
without any data augmentation (DA) or model en-
semble, SegaBERT large outperforms BERT large
with DA, StructBERT (Wang et al., 2019b) which
pre-trains BERT with multiple unsupervised tasks,
and KT-NET (Yang et al., 2019a) which uses exter-
nal knowledge bases on BERT.

Model PPL

SegaTransformer-XL base 22.47
- paragraph position encoding 22.51
- sentence position encoding 24.07
Transformer-xl base 24.35

Table 5: Ablation over the position encodings using
Transformer-XL base architecture.

The finetuning setting of SQUAD v2.0 is the
same as SQUAD v1.1. Results of SQUAD v2.0
are shown in Table 4. Although pre-trained with
fewer data and steps, our BERT base outperforms
the original BERT base on this task. Compared
with our BERT base results, the SegaBERT base
further improves 0.9 exact match score and 1.0 F1
score. Besides, we can see that the SegaBERT large
even outperforms the BERT large with whole word
masking: 1.2 exact match scores and 1.8 F1 scores.

Although we only compared the SegaBERT with
BERT-based models for extractive question answer-
ing tasks, our proposed method is not specified for
BERT but the transformer. We believe that the
segmentation information can also help other pre-
trained models and could be verified in the future.

4.4 Ablation Study
We first conduct an ablation study with
SegaTransformer-XL base, to investigate the
contributions of the sentence position encoding
and the paragraph position encoding, respectively.
Experimental results are shown in Table 5. From
this table, we can find that the test perplexity
decrease from 24.35 to 22.51 without sentence
position encoding, from 24.35 to 24.07 without
paragraph position encoding. The results show
that sentence position encoding is more important
than paragraph position encoding for language
modeling.

We further conduct another ablation study on
token position encoding with BERT base model.
The token position in SegaBERT is re-ranged for
each sentence and here, we name it as the re-ranged
token position encoding. To investigate the contri-
butions of re-ranged token position encoding and
segmentation (paragraph and sentence) encoding,
we pre-train a base model, BERT with P.S., by
adding paragraph encoding and sentence encoding
to the original BERT token position encoding.

The results are shown in Table 6. From this
table, we can see that the BERT with P.S. still out-



Task(Metrics) Base model Trained on wikipedia for 500k steps

BERT BERT with P.S. SegaBERT

CoLA (Matthew Corr.) 55.0 55.2 54.7
SST-2 (Acc.) 91.3 92.1 92.1
MRPC (F1) 92.6 92.0 92.4
STS-B (Spearman Corr.) 88.9 89.2 89.0
QQP (F1) 86.5 87.1 87.0
MNLI-m (Acc.) 83.2 83.2 83.8
MNLI-mm (Acc.) 83.4 83.7 84.1
QNLI (Acc.) 90.4 91.5 91.5
RTE (Acc.) 68.7 67.9 71.8
GLUE Average 82.2 82.4 82.9
SQUAD v1.1 (EM/F1) 81.9/89.4 83.0/90.3 83.2/90.2

Table 6: Results of base models on dev set of GLUE and SQUAD v1.1. Every result is the average score of 4 runs
with different random seeds
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Figure 2: Valid perplexities and losses during the training processes of language modeling and pre-training.

performs the BERT base model on most GLUE
tasks. But the average GLUE score is 0.7 lower
than SegaBERT, which indicates the re-ranged to-
ken position encoding is critical for GLUE tasks.
On the other hand, we can observe that BERT
with P.S. is comparable with SegaBERT on the
SQUAD v1.1, and both of them outperform the
BERT base model. This suggests that the segmen-
tation information plays a more important role in
machine reading comprehension. These results are
reasonable considering the inputs of GLUE tasks
are shorter and can benefit from the re-ranged to-
ken position encoding, while the inputs of machine
reading comprehension task are much longer with
richer segmentation information.

4.5 Visualization
In this section, we first plot the valid perplexities
of SegaTransformer-XL base and Transformer-XL
base during the training process in Figure 2(a).
From this figure, we can see that the segment-

aware model outperforms the base model and the
gap between them becomes larger along the train-
ing process. The SegaTransformer-XL at 10K
steps approximately matches the performance of
Transformer-XL at 20K steps.

We also plot the valid losses of SegaBERT base
and BERT base during pre-training in Figure 2(b).
At the beginning stage of training, we can see that
the validation loss of BERT base is slightly lower
than the SegaBERT. After about 30K steps, the
SegaBERT begins to outperform BERT steadily.
The overall trends of these two figures are similar,
which demonstrates our proposed segment-aware
method works on both the auto-regressive language
modeling and the masked language modeling.

We further visualize the self-attention scores of
SegaBERT and BERT base model. Figure 3 shows
the average attention scores across different atten-
tion heads. By comparing Figure 3(a) with Fig-
ure 3(b), we can find that the SegaBERT can cap-



(a) SegaBERT-Layer 1 (b) BERT-Layer 1

(c) SegaBERT-Layer 12 (d) BERT-Layer 12

Figure 3: Self-attention heat maps in the first/last layer of SegaBERT and BERT during encoding the first 512
tokens of a wikipedia article.

ture the context according to the segmentation, for
example, token tends to attend more to tokens in its
paragraph than tokens in the other paragraphs. A
similar trend can be observed in the sentence level
but is more prominent in the upper layers, which is
shown in Figure 4(a), Figure 5(a), and Figure 7(a)
in Appendix A.1. On the other hand, the BERT
model without segment-aware seems to pay more
attention to its neighbors: the attention weights of
the elements around the main diagonal are larger
than other positions in Figure 3(b).

From Figure 3(c) and Figure 3(d), we can see
the attention structure in the final layer is differ-
ent from the shallow layers, and SegaBERT pays
more attention to its context than BERT. We also
notice that the semi-fractal like structure can be ob-
served in the first 10 layers of SegaBERT, while the
last two layers of SegaBERT are striped structure,
which are shown in Figure 3 and Appendix A.1.

These attention behaviors show that our model is
prone to attend with segmentation while BERT at-
tends with distance in the shallow layers. In the top

layers, both of these two models pay attention to
important tokens but our model is more contextual:
attends more tokens in the context.

5 Conclusion

In this paper, we propose a novel segment-aware
transformer that can encode richer positional in-
formation for language modeling. By applying
our approach on Transformer-XL and BERT, we
train a new language model SegaTransformer-XL
and a new pre-trained model SegaBERT, respec-
tively. Our SegaTransformer-XL achieves 17.1 test
perplexities on WikiText-103, which is the same
score as the SOTA model. On the other hand, our
SegaBERT outperforms BERT on GLUE, SQUAD
v1.1, and SQUAD v2.0. The experimental results
demonstrate that our proposed method works on
both relative and absolute position encodings, learn-
able and non-learnable position embeddings, pre-
trained and non-pre-trained language models.
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A Appendix

A.1 Self-attention heat maps
The input article is shown below. After chunked with 512 maximum sequence length limitation, we plot
different layer’s self attention heat maps in Figure 4, Figure 5, Figure 6, and Figure 7.

Input article:

Japanese destroyer Hatsukaze

The K̈agerō̈-class destroyers were outwardly almost identical to the preceding light cruiser-sized , with
improvements made by Japanese naval architects to improve stability and to take advantage of Japan’s lead
in torpedo technology. They were designed to accompany the Japanese main striking force and in both
day and night attacks against the United States Navy as it advanced across the Pacific Ocean, according
to Japanese naval strategic projections. Despite being one of the most powerful classes of destroyers in the
world at the time of their completion, only one survived the Pacific War.

Ḧatsukazë, built at the Kawasaki Shipbuilding Corporation, was laid down on 3 December 1937, launched
on 24 January 1939 and commissioned on 15 February 1940.

At the time of the attack on Pearl Harbor, Ḧatsukazë, was assigned to Destroyer Division 16 (Desdiv 16),
and a member of Destroyer Squadron 2 (Desron 2) of the IJN 2nd Fleet, and had deployed from Palau, as
part of the escort for the aircraft carrier in the invasion of the southern Philippines and minelayer .

In early 1942, Ḧatsukazep̈articipated in the invasion of the Netherlands East Indies, escorting the invasion
forces for Menado, Kendari and Ambon in January, and the invasion forces for Makassar, Timor and eastern
Java in February. On 27-28 February, Ḧatsukazeänd Desron 2 participated in the Battle of the Java Sea,
taking part in a torpedo attack on the Allied fleet. During the month of March, Desron 2 was engaged in
anti-submarine operations in the Java Sea. At the end of the month, the squadron escorted the Christmas
Island invasion force, then returned to Makassar. At the end of April, Ḧatsukazes̈ailed to Kure Naval Arsenal
for maintenance, docking on 3 May.

On 21 May 1942, Ḧatsukazeänd Desron 2 steamed from Kure to Saipan, where they rendezvoused with a
troop convoy and sailed toward Midway Island. Due to the defeat of the Carrier Striking Force and loss
of four fleet carriers in the Battle of Midway, the invasion was called off and the convoy withdrew without
seeing combat. Desdiv 16 was ordered back to Kure.

On 14 July, Ḧatsukazeänd Desdiv 16 were reassigned to Desron 10, Third Fleet. On 16 August, Desron
10 departed Kure, escorting a fleet towards Truk. On 24 August, Desron 10 escorted Admiral Nagumo’s
Striking Force in the Battle of the Eastern Solomons. During September and October, the squadron escorted
the fleet patrolling out of Truk north of the Solomon Islands. On 26 October, in the Battle of the Santa
Cruz Islands, the squadron escorted the Striking Force, then escorted the damaged carriers and into Truk on
28 October. On 4 November, Desron 10 escorted from Truk to Kure, then engaged in training in the Inland
Sea, and then escorted Z̈uikaküfrom Truk to the Shortland Islands in January 1943.

On 10 January, while providing cover for a supply-drum transport run to Guadalcanal, Ḧatsukazeässisted
in sinking the American PT boats P̈T-43änd P̈T-112.S̈he suffered heavy damage when struck by a torpedo
(possibly launched by P̈T-112)̈ın the port side; her best speed was 18 knots as she withdrew to Truk, for

emergency repairs. Then she sailed to Kure in April for more extensive repairs. In September, Ḧatsukazeänd
Desron 10 escorted the battleship from Kure to Truk. In late September and again in late October,
Desron 10 escorted the main fleet from Truk to Eniwetok and back again, in response to American carrier
airstrikes in the Central Pacific region. Between these two missions, Ḧatsukazes̈ortied briefly from Truk
in early October 1943 to assist the fleet oiler Ḧazakaya,ẅhich had been torpedoed by an American submarine.

On 2 November 1943, while attacking an Allied task force off Bougainville in the Battle of Empress Augusta
Bay, Ḧatsukazec̈ollided with the cruiser . The collision sheared off her bow, leaving her dead in the water.
Ḧatsukazeänd the light cruiser were sunk (at position ) by Allied destroyer gunfire. Of those on board, 164
were killed, including its commanding officer, Lieutenant Commander Buichi Ashida.

Ḧatsukazeẅas removed from the navy list on 5 January 1944.”



(a) SegaBERT-Layer 3 (b) BERT-Layer 3

Figure 4: Attention heat maps of SegaBERT and BERT base model in the 3rd layer during encoding the first 512
tokens of a wikipedia article.

(a) SegaBERT-Layer 6 (b) BERT-Layer 6

Figure 5: Attention heat maps of SegaBERT and BERT base model in the 6th layer during encoding the first 512
tokens of a wikipedia article.

(a) SegaBERT-Layer 9 (b) BERT-Layer 9

Figure 6: Attention heat maps of SegaBERT and BERT base model in the 9th layer during encoding the first 512
tokens of a wikipedia article.



(a) SegaBERT-Layer 11 (b) BERT-Layer 11

Figure 7: Attention heat maps of SegaBERT and BERT base model in the 11th layer during encoding the first 512
tokens of a wikipedia article.


