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A B S T R A C T

Context information is significant for semantic extraction and recovery of messages in semantic communication.
However, context information is not fully utilized in the existing semantic communication systems since re-
lationships between sentences are often ignored. In this paper, we propose an Extended Context-based Semantic
Communication (ECSC) system for text transmission, in which context information within and between sentences
is explored for semantic representation and recovery. At the encoder, self-attention and segment-level relative
attention are used to extract context information within and between sentences, respectively. In addition, a gate
mechanism is adopted at the encoder to incorporate the context information from different ranges. At the decoder,
Transformer-XL is introduced to obtain more semantic information from the historical communication processes
for semantic recovery. Simulation results show the effectiveness of our proposed model in improving the semantic
accuracy between transmitted and recovered messages under various channel conditions.
1. Introduction

1.1. Background

The purpose of communication is to exchange useful information.
Based on [1], communication is divided into three levels: symbol trans-
mission, semantic exchange and the effect of semantic exchange. Due to
the limitations of communication technology in 1950s, the classical
communication system proposed by Shannon mainly solves the problem
of accurate transmission of symbols [2], while ignoring the semantic
aspects of transmission symbols. With the rapid development of artificial
intelligence and industrial technology, the realization of semantic
communication has gradually become possible, which has attracted
much attention.

Semantic communication aims to recover the meaning of messages
accurately, which helps to eliminate redundant information and save
communication resources. Since artificial intelligence can provide ma-
chines with more cognitive and reasoning abilities, the semantic
communication assisted with artificial intelligence becomes more
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promising and has sparked lots of discussion in recent years. The authors
in Ref. [2] proposed a theory of strongly semantic information. Besides,
the semantic communication framework incorporating the world model,
reasoning process, and background knowledgewas developed in Ref. [3].
Moreover, the average semantic error was mathematically modeled
based on semantic similarity [4]. The concept and the scope of semantic
communication were further explained and broadened in Ref. [5].
1.2. Related works

Semantic communication system design can be generally divided into
two categories [6]. One scheme is based on the separate encoder and
decoder system [7], which brings the semantic into the traditional
communication system, but it does not change the structure of the
traditional communication model. The other scheme integrates the se-
mantic layer and the physical layer into a whole neural network, where
the source coding and channel coding are jointly optimized [8,9]. Spe-
cifically, the authors of [10] designed a Deep learning enabled Semantic
Communication system (DeepSC) based on transformer, which achieved
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better performance than the source-channel separation coding system in
the low Signal-to-Noise Ratio (SNR) region.

Contrasted to the traditional communication system, semantic
communication systems utilize the background knowledge shared by the
transmitter and the receiver for semantic compression and understanding
of messages [11]. The knowledge graph was adopted as a kind of inter-
pretable knowledge base in Refs. [12–14], where the semantic infor-
mation is represented by triples, and the original text is recovered via
inference driven by knowledge graphs. The second form of knowledge
base is the training corpus and parameters of neural networks [15–17].
The semantic features in images and speeches can be extracted and
recovered effectively based on the corresponding neural networks [15,
16]. Moreover, the work of [17] investigated task-oriented semantic
communication and has illustrated the effectiveness of semantic
communication in improving the performance of intelligent tasks. In
Ref. [18], not only physical noise but also semantic noise such as written
errors or expression ambiguity were considered.

Besides, the context information can be seen as special background
knowledge which hidden in the transmitted signal. In Ref. [19], inte-
grating context awareness into cognitive radio processes was considered
to have promising applications. Furthermore, context information has
been widely utilized in semantic extraction and recovery in areas such as
texts and images [20–23]. In the text, each word, even an abbreviation or
a scientific term can be assigned a context-dependent representations
based on its context, to capture syntactic and semantic properties of the
word under diverse linguistic contexts [24]. To capture feature relations
in a sentence and among sentences respectively, the work in Ref. [21]
described the level, type and representation of context where the level of
context can be categorized as global and local context. More context
means more accumulation of information to exploit. The rapid devel-
opment of natural language processing technologies (NLP) helps ma-
chines learn and infer from semantically-enriched contexts [25]. In
machine translation, longer context help resolve ambiguities and in-
consistencies. The work in Ref. [22] paid attention to document-level
context and achieved better translation results. In addition,
Transformer-XL was proposed in Ref. [23] to capture textual long-term
dependency. This motivates us to study reliable semantic communica-
tion using longer context to combat channel distortions.

The transformer network was widely used and performed well in NLP
tasks such as language modeling, machine translation and text classifi-
cation [26,27]. For multi-class classification, only encoders of the
transformer are usually used to extract semantic information from text
while for language modeling, only decoders are usually used to generate
text with semantic information [28,29]. Both encoders and decoders of
the transformer are used in machine translation to transform the source
sentence into the target sentence [30]. However, tasks in NLP do not care
about signal transmission through the channel. Thus, one challenge of
our semantic communication system is to consider the effects of the
channel, which includes reducing the semantic loss caused by the
channel and recovering semantics of the text under channel distortions.
Besides, one basic target of semantic communication is to improve the
reliability of the communication system from the semantic level.
Although existing semantic communication schemes can reduce errors in
semantic interpretation, further improvement in the reliability of se-
mantic communication systems is still another challenge.

1.3. Novel contributions

In this paper, we proposed a robust semantic communication system
based on extended-context information to improve the communication
reliability at extremely low SNR. Specifically, we investigate exploiting
the joint of NLP technology and context information to enhance semantic
extraction and recovery abilities of the communication system. To the
best of our knowledge, this paper is the first to explore the contextual
correlation between sentences at the transmitter and take historical text
into the decoding process in semantic communication. The contributions
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of this paper are summarized as follows:

� A semantic encoding strategy is proposed to fuse the context infor-
mation within and between sentences, which helps obtain better se-
mantic encoding representations from the extended context and
assists the decoding process.

� A semantic decoding strategy based on Transformer-XL is proposed to
additionally adopt the historical communication text as the context,
which greatly enhances the reasoning ability of the receiver.

� The simulation results show that the proposed model outperforms the
baselines in terms of semantic metrics and significantly improves the
reliability of communication systems.

The rest of this paper is organized as follows. Section 2 establishes the
system model and explains the performance metrics. Section 3 analyzes
the proposed semantic encoding and decoding strategies concretely.
Section 4 presents simulation results. Finally, conclusions are drawn in
Section 5.

2. System model

2.1. Problem description

The effectiveness of contextual correlation within sentences has been
verified in semantic encoding and decoding processes [7,10]. Never-
theless, more context information can provide more background
knowledge, especially in scenes of continuous or topic-fixed communi-
cation, or in scenes of transmitting the paragraph text or document text.
Therefore, we establish a semantic communication model which consists
of the semantic encoder, channel encoder, channel, channel decoder, and
semantic decoder successively, as shown in Fig. 1. The transmitter con-
tains a semantic encoder and a channel encoder, where the semantic
encoder is used to extract semantic features and the channel encoder is
applied for generating symbols to cope with the influence of channel
distortion. Unlike DeepSC which employs a single sentence as the input
to the transmitter, we take paragraph text as the input. When encoding
the current sentence, the previous and following texts of the current
sentence in the paragraph serve as the extended context to help learn the
semantic representation. Specially, the first sentence and the last sen-
tence in the paragraph will only utilize the following and the previous
sentences as the extended context, respectively. The receiver is
comprised of a channel decoder for symbol detection and a semantic
decoder for text estimation. Since the following texts are unknown at the
receiver and only the accumulation of decoded text in the historical
communication process can be obtained, we take the “historical text” and
the currently received symbols as the input to the receiver. Concretely,
the “historical text” is the previously decoded sentence saved by the
receiver from the historical communication process. Both the transmitter
and the receiver are formulated in neural networks. The shared knowl-
edge between the transmitter and the receiver in our model is learned
from the large training corpus and will be stored by the parameters of the
neural networks. For clarity, the contexts within a sentence and between
sentences are named as local context and global context respectively in
the following.

Let V represent the set of all the words in the corpus. We define s ¼
[w1,…, wi,…, wm] as the sentence withm items to be transmitted, where
wi 2 V is the ith word in the sentence. At the transmitter, let Jcontext denote
the set of sentences in the paragraph except the current sentence s,
Jpreviouscontext denote sentences located before the current sentence in the
paragraph and Jfollowingcontext denote sentences after the current sentence in the
paragraph, thus Jcontext ¼ ½Jpreviouscontext ; J

following
context �. Let Sβ(⋅) represent the se-

mantic encoder with the parameter set β and Cα(⋅) stand by the channel
encoder with the parameter set α. The sentence s and its contextual
sentence set Jcontext will be put into semantic encoder Sβ(⋅) together. After
channel encoding, the final encoding symbol stream at the transmitter



Fig. 1. The proposed semantic communication system model.
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can be expressed by

x ¼ CαðSβðs; Jcontext Þ Þ (1)

Let y represent the sequence of observations at the receiver, which can be
formulated as

y ¼ hxþ n (2)

where h denotes the channel coefficient and n � CN
�
0; σ2n

�
represents the

additive Gaussian noise.
At the receiver, let Cδ

�1ð�Þ represent the channel decoder with the
parameter set δ and S�1

χ ð�Þ represent the semantic decoder with the
parameter set χ. On the contrary, the received signal will be decoded by
passing through the channel decoder Cδ

�1ð�Þ and semantic decoder S�1
χ ð�Þ

successively. We define ŝprevious as the previous decoded sentence. After
channel decoding, the current sentence and the previous decoded sen-
tence will be put into semantic decoder S�1

χ ð�Þ together. Therefore, the
recovered sentence can be represented as follows:

ŝ ¼ S�1
χ

�
C�1

δ ðyÞ; ŝprevious
�

(3)

To minimize the difference between s and ŝ, we adopt Cross-Entropy
(CE) as the loss function, denoted as follows:

LCEðs; ŝ; β; α; δ; χÞ ¼ �
X
l¼1

qðwiÞlogðpðwiÞ Þ þ ð1� qðwiÞ Þlogð1� pðwiÞ Þ

(4)

where qðwiÞ is the real probability that the wordwi appears in transmitted
sentence s, and pðwiÞ is the predicted probability that wi appears in
estimated sentence ŝ. By minimizing the loss function, the whole system
will learn to make full use of context information accurately while
ensuring the semantic accuracy of text transmission.
2.2. Performance metrics

Traditional performance metrics such as bit-error rate are no longer
suitable for semantic communication. Here we adopt Bilingual Evalua-
tion Understudy (BLEU) score [31], Metric for Evaluation of Translation
with Explicit Ordering (METEOR) score [32] and similarity score based
on BERT [28] to calculate semantic similarity between transmitted and
recovered messages, which have been widely used in semantic commu-
nication systems [7,10].

The BLEU evaluates the similarity by counting the number of the
same n-grams between transmitted and received texts, where n-gram
means n consecutive words in the text. The BLEU-N gram score is ob-
tained as follows:

BLEU ¼ BP � exp
 XN

n¼1
wnlog pn

!
(5)

where BP denotes the penalty factor, wn is the weight of n-gram, and pn is
the n-gram precision score.

METEOR evaluates the performance of sentences based on the har-
monic average of precision and recall. The METEOR score can be
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expressed as

Fmean ¼ PR
∂Pþ ð1� ∂ÞR (6)

METEOR ¼ ð1� PenÞFmean (7)

where P represents precision, R denotes recall, ∂ is the hyperparameter
according to WordNet, Fmean is the harmonic mean combining the pre-
cision and recall, and Pen is the penalty coefficient.

The similarity score based on BERT evaluates the semantic similarity
between sentences by comparing the degree of similarity between vec-
tors. The calculation formula is given as follows:

simvBert ðs1; s2Þ ¼
vBERTðs1ÞvBERTðs2ÞT

kvBERTðs1ÞkkvBERTðs2Þk (8)

where vBERTðs1Þ and vBERTðs2Þ are word vectors of sentences s1 and s2
respectively.

All metrics introduced above have a value range between 0 and 1. A
value of 1 means the highest semantic score, while a value of 0 denotes
that the recovered text and the transmitted text have no semantic
similarity.

3. Methodology

3.1. Overall framework

The detailed architecture of the proposed ECSC is shown in Fig. 2. The
input contains a minibatch of the current sentences S and the set of
contextual sentences Jcontext. Our semantic encoder consists of an
embedding module, several local encoding modules, a concatenation
operation, a global encoding module and a gated linear layer. The
function of each module is shown as follows:

� The embedding module not only utilizes word embedding and posi-
tion embedding as the typical transformer does, but also utilizes the
segment embedding.

� The local encoding module is the typical transformer encoder [26]
which is shown in Fig. 3 (a) to extract context information within a
sentence.

� The concatenation operation is utilized to concatenate the hidden
states of all sentences in the paragraph text.

� The global encoding module is added on the local encoding modules
to extract inter-sentential context information. The detailed structure
of the global encoding module is shown in Fig. 3 (b).

� The gated linear layer is utilized to fuse the context information
extracted by local encoding modules and the global encoding module.

Besides, our channel encoder and channel decoder both contain
several linear layers. In the proposed model, the channel is an untrain-
able layer. Our semantic decoder consists of several extended context
decoding modules, a linear layer and a softmax layer. The function of
each module is shown as follows:



Fig. 2. The overall neural network architecture of our proposed ECSC, which consists of a semantic encoder, a channel encoder, channel, a channel decoder and a
semantic decoder. Here, N � denotes N modules are stacked.

Fig. 3. The detailed structure of modules that are utilized in the proposed ECSC. (a) The local encoding module for extracting context information within a sentence.
(b) The global encoding module for extracting inter-sentential context information. (c) The extended context decoding module for utilizing historical communication
process and recovering sentences.
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� The extended context decoding module utilizes the Transformer-XL
layer and the Cross-Attention layer to fuse the information from the
historical communication text and the current received sentence. The
details of extended decoding module are drawn in Fig. 3 (c).

� The linear layer transforms the dimension size of the semantic feature
vector to the dimension size of the word dictionary. The softmax layer
outputs the probability distribution over the word dictionary.

The training process of the whole system is given in Algorithm 1.
3.2. Semantic encoding strategy

In this section, details of the neural network modules at the semantic
encoder are introduced. To make use of inter-sentential context, in
addition to the typical transformer encoder, our semantic encoder also
571
adopts segment embedding, segment-level relative attention, and a gated
context fusion mechanism.

3.2.1. Segment embedding
When converting the input tokens into vectors, word position

embedding is used in a typical transformer encoder to represent the order
of words in a sentence [26]. Since the input in our model contains several
sentences, segment embedding is used to represent the order of senten-
ces. Let wk,i be the ith word in kth sentence and xk,i be the vector repre-
sentation of wk,i. Therefore, xk,i can be denoted as follows [22]:

xk;i ¼ E½wk;i� þ Es
k þ Es

i (9)

where E[wk,i] represents the word embedding of wk,i, Es
k is the kth sen-

tence embedding, and Es
i is the ith word position embedding.

3.2.2. Segment-level relative attention
In a typical transformer encoder, self-attention helps to extract fea-

tures within a sentence. Encoding representation of wk,i under self-
attention can be denoted as [26].

hk;i ¼ SelfAttnðq; k; vÞ
¼ SelfAttn

�
xk;i; xk;j; xk;j

�

¼
Xm

j¼1
softmax

 
ðWQxk;iÞ

�
WKxk;j

�Tffiffiffiffiffi
dh

p
!
WVxk;j

(10)

where q, k, v are queries, keys and values, respectively, xk,j is the vector
representation of the jth word in the kth sentence, dh is the dimension size
of an attention head, WQ, WK, WV are linear projection matrices for the
queries, keys and values, respectively.
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Let the parameter vector γ*k�κ denote the relative distance between the
kth sentence and the κth sentence. To extend the attention from token
level to sentence level, γ*k�κ is used in key and value, providing inter-
sentential clues. Assuming that the contextual sentence set Jcontext con-
tains N sentences and the κth sentence contains mκ words, encoding
representation of wk,i under segment-level relative attention can be
described as [33].

hk;i ¼ SegAttnðq; k; vÞ
¼ SegAttn

�
xk;j; xκ;j; xκ;j

�

¼
XN

κ¼0

Xms

j¼1
softmax

 �
WQxk;j

��
WKxκ;j þ γKk�κ

�Tffiffiffiffiffi
dh

p
!
�

�
WVxκ;j þ γVk�κ

�
(11)

where xκ,j is the vector representation of the jth word in the κth sen-
tence. Through segment-level relative attention, sentences in the
contextual sentence set could participate in encoding of the current
sentence.

3.2.3. Gated context fusion
After extracting both the local and global context information, the

final semantic representation hfinal is decided by the weights g assigned
by the gated mechanism, shown as follows [22]:

hfinal ¼ ð1� gÞ � hLk þ g� hGk (12)

where hLk is the local encoding representation, hGk is the global encoding
representation, and � indicates element-wise product. Concretely, g is
obtained by a linear layer, shown as follows:

g ¼ σ
�
Wg

�
hkL 	 hkG

� �
(13)

where Wg is a learnable linear transformation, 	 denotes the concate-
nation operation, and σð �Þ is the sigmoid activation which leads the
fusion gate value to be between 0 and 1.
Table 1
Parameters of our proposed model.

Layer Name Units Activation

Transmitter
(Encoder)

3 � Typical Transformer
Encoder

128(8 Heads) Linear

1 � Global Transformer
Encoder

128(8 Heads) Linear

Dense 128 Sigmod
Dense 256 ReLU
Dense 16 ReLU

Channel AWGN/Rayleigh None None
Receiver
(Decoder)

Dense 256 ReLU

Dense 128 ReLU
3 � Extended Context
Transformer decoders

128(8 Heads) Linear

Prediction Layer Dictionary
Size

Softmax
3.3. Semantic decoding strategy

In this section, details of the neural network modules at the semantic
decoder are introduced. our semantic decoder combines Transformer-XL
and cross-attention to utilize information from the last received sentence
and the current received sentence [23].

Typical transformer decoder is able to view the previous predicted
word within the sentence, while Transformer-XL decoder can view the
previous predicted sentence. Transformer-XL utilizes a segment-level
recurrence mechanism and a relative positional encoding scheme to
enable the semantic decoder to capture longer-range dependency.
Concretely, hidden states of the previous sentence will be cached and
reused for the current sentence, shown as follows:

~hk ¼ ½SGðĥk�1Þ 	 ĥk � (14)

where ĥk represents the hidden state of current sentence, ĥk�1 denotes the
hidden state of last sentence, and SG(⋅) is the operation of the stop
gradient. Relative self-attention is a variant of self-attention. We apply
relative self-attention to extract and propagate previous information,
which is denoted as follows [23]:

hk ¼ RelAttnðq; k; vÞ
¼ RelAttn

�
ĥk; ~hk; ~hk

�
(15)

After extracting context information from previous sentence, we add
a cross-attention layer to the Transformer-XL decoder layer to utilize the
information of the current received sentence, and the final representation
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is shown as follows [26]:

ĥfinal ¼ SelfAttnðhk; ĥk; ĥkÞ (16)

4. Simulation results

In this section, simulation results are provided to verify the effec-
tiveness of the proposed model.

4.1. Simulation settings

The proceedings of the European Parliament [34] is a standard corpus
freely available on the Internet and has been widely used in NLP.
Reference [10] utilized the English version of the proceedings of the
European Parliament and split it into training and test datasets for the
semantic communication system. Therefore, the English version of the
proceedings of the European Parliament was also adopted as the dataset
in this paper for better comparison. In Ref. [10], sentences longer than 30
words are removed, and thus the context becomes incoherent. To obtain
a coherent context, sentences longer than 30 words are retained in this
paper, which raises higher requirements for interpreting long sentences
in communication systems.

In the experiment, we set three typical transformer encoders, one
global transformer encoder, and three extended context transformer
decoders with 8 heads. The channel encoder and decoder are set as dense
with 16 units and 128 units, respectively. A contextual sentence set
Jcontext is configured to contain 10 sentences. More concrete settings can
be found in Table 1. This paper compares ECSC with the existing se-
mantic communication algorithms and the traditional scheme under
Additive White Gaussian Noise (AWGN) channels and Rayleigh fading
channels. In the simulation, the perfect Channel State Information (CSI)
is assumed to be obtained for all schemes. For brevity, we denote DeepSC
scheme with three typical transformer layers and five typical transformer
layers as “DeepSC*3” and “DeepSC*5”, respectively. For traditional
methods, we adopt Huffman codes for source coding, the convolutional
codes for channel coding, and 8PSK for modulation as the baseline
(Baselines: Huffman þ CC).

4.2. Performance comparisons

Fig. 4 shows the BLEU-1gram score versus SNR over the AWGN
channel and the Rayleigh fading channel. It can be seen that our pro-
posed model outperforms all other schemes over the Rayleigh fading
channel across the entire SNR region. Due to severe impacts of Rayleigh
fading, the score of the “Huffman þ CC” scheme improves slowly with
the increase of the SNR and do not reach 0.8 when the SNR is 18 dB.
Meanwhile, both “DeepSC*3” and “DeepSC*5” schemes are more
competitive and achieve higher scores than the “Huffman þ CC” scheme



Fig. 4. BLEU 1-g score versus SNR over the AWGN channel and the Rayleigh
fading channel.
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especially in low SNR region over Rayleigh channels. Besides, the pro-
posed ECSC achieves higher BLEU scores than DeepSC*3 and DeepSC*5
in both AWGN and Rayleigh channel, which indicates the effectiveness of
the inter-sentential context in improving the reliability of the commu-
nication systems. In AWGN channels, the BLEU 1-g scores of our pro-
posed model increase rapidly and reach above 0.9 when the SNR is above
3 dB. To obtain the same score, the “Huffman þ CC” scheme requires an
additional 6 dB power consumption. In high SNR region, the “Huffmanþ
CC” scheme achieves a perfect score of 1 when SNR is 12 dB due to the
protection of channel coding, but the score of our model is slightly lower
than the traditional method. This is because deep-learning based
methods not only learn the semantic representation of sentences but also
compress the dimensions of semantic representation. In AWGN channels,
DeepSC*5 performs better than DeepSC*3 but still worse than ECSC,
which demonstrates that the extended context-based mechanisms intro-
duced by our proposedmodel is more effective than the original structure
of DeepSC assisted with attention layers.

Fig. 5 draws the relationship between the METEOR score and the SNR
over the AWGN channel and the Rayleigh fading channel. Compared
with BLEU-1 gram score, METEOR takes synonymy, stemming, and
paraphrasing into consideration and utilizes external knowledge sources,
thus paying more attention to sentence fluency. As observed, the
METEOR scores of the ECSC outperform all other schemes in all SNR
Fig. 5. METEOR score versus SNR over the AWGN channel and the Rayleigh
fading channel.
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region over Rayleigh channels. Besides, the METEOR scores of ECSC
perform similar to their BLEU 1-g scores in both channel conditions.
Nevertheless, the METEOR scores of the “Huffman þ CC” scheme are
different. The traditional method approaches 1 at 9 dB in terms of BLEU
1-g over the AWGN channels while only achieving 0.6 in terms of
METEOR, showing less capability in maintaining sentence fluency.
Moreover, it can be observed that DeepSC*5 does not have performance
gain when compared with DeepSC*3 in Rayleigh channels. This means
that increasing attention layers on the original structure of DeepSC in
Rayleigh channels may be harder for the neural network to cope with the
channel distortions.

Fig. 6 plots the relationship between the similarity score based on
BERT and the SNR over the AWGN channel and the Rayleigh fading
channel. The BERT model, pre-trained by billions of sentences, can
produce different semantic representations in different contexts and has
been applied to a wide range of NLP problems. Thus, the similarity score
based on BERT is closer to human evaluation. The trends of the similarity
score based on BERT for all methods are similar to the trends of BLEU 1-g
scores and METEOR scores. However, compared with BLEU 1-g scores
and METEOR scores, the similarity scores based on BERT of DeepSC*3
and DeepSC*5 both decrease by 10% in high SNR regions, denoting
deficiencies of DeepSC*3 and DeepSC*5 in recovering the meaning of
long sentences. Contrasted to Figs. 4 and 5, the score gap between ECSC
and other schemes is further enlarged in Fig. 6, which indicates that the
proposed ECSC has more advantages in extracting and recovering the
semantic features of the text.

Fig. 7 plots BLEU 4-g score versus SNR over the AWGN channel and
the Rayleigh fading channel. To verify the effectiveness of our semantic
decoding strategy, we add “DeepSC*3 þ extended context decoding”
scheme for comparison, which introduces the proposed extended context
semantic decoding strategy into the DeepSC*3 system. Additionally, it is
worth noting that the “DeepSC*3 þ extended context decoding” scheme
can be used in the situation of transmitting sentence by sentence. In
Fig. 7, the “DeepSC*3þ extended context decoding” scheme outperforms
the “DeepSC*300 scheme in both AWGN and Rayleigh channel, which
reflects that historical communication text is helpful to infer and inter-
pret the current sentence. Besides, the performance of the ECSC model is
better than that of the “DeepSC*3þ extended context decoding” scheme,
especially under low SNR, which illustrates that it is optimal to use
context information at both semantic encoder and semantic decoder.

To show the decoding performance of the proposed ECSC and base-
lines more intuitively, representative decoded sentences are shown in
Table 2. In Table 2, the representative decoded sentence contains 19
words. It can be observed that the proposed ECSC interprets the sample
Fig. 6. Similarity score based on BERT versus SNR over the AWGN channel and
the Rayleigh fading channel.



Fig. 7. BLEU 4-g score versus SNR over the AWGN channel and the Rayleigh
fading channel.

Table 2
Representative decoded sentences and numbers of wrong words by different
methods over AWGN channels when SNR is 3 dB.

Different
methods

Representative decoded sentences Number of
wrong words

Transmitted
sentence

It has meant tighter constraints and ceilings
for budgetary spending and for that reason an
adaptation has been necessary.

0

ECSC It has meant tighter constraints and ceilings
for budgetary spending and for that reason an
adaptation has been necessary.

0

DeepSC*5 It has meant developed skills and reverse for
budgetary spending and for that reason an
guilty has been necessary.

4

DeepSC*3 It has meant to counter and appeared for
humanitarian review and social that reason an
assets has been necessary.

7

Huffman þ CC Iemmpi thereby fr sdil egwiconvosci mhn elnd
eloginey txpepirinenm dor onrcil ifncorpunity
funatiittob taranteu.
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Fig. 8. An example of sentence-to-sentence average attention weights of
context-related sentences at the global encoding module.

Fig. 9. An example of word-to-word attention weights of the current sentence
and its preceding sentence at the extended context decoding module under one
attention head.

Table 3
The set of context-related sentences corresponding to Fig. 8.

Sentence
number

Sentence

1 In the interests of transparency and information to members, we
need to know the extent of the problem of legionella.

2 Could you provide us with information on that?
3 What procedures have been put in place?
4 Has the air conditioning system now been switched off?
5 Can we therefore assume that an operation has been undertaken to

disinfect the system?
6 Could you confirm this and, indeed, could parliament's presidency

confirm that there is no problem with asbestosis which, of course,
would be in breach of our own EU directive passed over a decade
ago.

7 I personally am not in a position to answer any of your questions.
8 I have no information on this subject.
9 You will have to refer the matter to the president and to the

quaestors.
10 I will certainly draw attention to your remarks.
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sentence without errors while the number of wrong words in DeepSC*5
and DeepSC*3 are 4 and 7, respectively.

To further explore whether the global context information is utilized
by the proposed model, visualizations of attention scores are presented in
Fig. 8 and Fig. 9.

Fig. 8 describes an example of sentence-to-sentence average attention
weights of a set of context-related sentences at the global encoding layer.
Table 3 shows the set of context-related sentences corresponding to
Fig. 8. Sentence-to-sentence average attention weights at the global
encoding module are calculated by

ακ
k ¼

1
mmκ

Xm

i¼0

Xmκ

j¼1
softmax

 
ðWQxk;iÞ

�
WKxκ;j þ γKk�κ

�Tffiffiffiffiffi
dh

p
!

(17)

where ακk denotes the average attention weight that the word in the kth
sentence gives to the word in the κth sentence. In Fig. 8, each row rep-
resents the average attention weights given by the current sentence to
other sentences. Each column represents the average attention weights
given by other sentences to the current sentence. From Fig. 8, we can see
that the current sentence plays an important role in itself because the
weights on the diagonal are generally high. Furthermore, a few sentences
are generally given higher weights by other 9 sentences, such as the 1st
and 9th sentence in Fig. 8. From Table 3, we can see that this paragraph is
about a question and answer about a certain disease, where the 1st
574



Table 4
Comparisons of the computational complexity for different methods.

Different methods Space complexity Time complexity

Params FLOPs Runtime (ms)
ECSC 5254672 5246976 47.76
DeepSC*5 5927808 5885952 50.01
DeepSC*3 5004672 4968448 38.08
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sentence is the key sentence about questions and the 9th sentence is a
critical response to questions. This may illustrate that sentences given
higher weights could contain keywords and be important to the sentence
set. Besides, in Fig. 8, the previous sentence tends to be given higher
weights than the sentence far away from the current sentence, which
denotes more contextual relations in surrounding sentences.

Fig. 9 draws an example about word-to-word attention weights of the
current sentence and its preceding sentence at the extended context
decodingmodule under one attention head. In Fig. 9, each row represents
the attention weights given by the current word to other words, which
similarly sums to 1. Each column represents the attention weights given
by other words to the current word. In Fig. 9, the current sentence con-
tains 35 words (24th�58th word) while the preceding sentence contains
23 words (1st �23rd word). The weights in the top right corner of Fig. 9
are all 0 because in the decoding process, the next word is not visible and
not predictable when decoding the current word. It can be found that
words of the preceding sentence participate in the decoding process of
the current sentence. Particularly, the attention mechanism may lead to
focus on some particular position with special interests. For example, the
1st word and the 24th word, which are the first words of the preceding
sentence and the current sentence respectively, are both given higher
weights by the 24th �31st word, illustrating their importance in
decoding. Additionally, the attention weights initially focus on the pre-
ceding sentence, but start to shift to the current sentence with the
decoding process moving on.

The computational complexities of the ECSC, DeepSC*3 and Deep-
SC*5 are compared in Table 4. The number of parameters to be trained in
the neural network (Params) is used to represent the space complexity.
Both the number of floating-point operations in the neural network
(FLOPs) and the average processing runtime for each sentence (Runtime)
are used to represent the time complexity. Concretely, Params and FLOPs
are obtained under the help of package “NNI” [35]. Runtime is obtained
by transmitting 5380 sentences from the transmitter to the receiver under
different methods. Besides, all simulations were conducted by a com-
puter with Inter Xeon Silver 4110 CPU@2.1 GHz and NVIDIA GeForce
GTX 2080TI. Compared with DeepSC*3, the proposed ECSC improves the
performance by increasing the computational complexity, since Params,
FLOPs and Runtime of the proposed ECSC are all higher than DeepSC*3.
Furthermore, it can be seen from Table 4 that the complexity of the
proposed ECSC is lower than DeepSC*5.

5. Conclusion

In this paper, an extended context-based semantic communication
system for text transmission was proposed to improve the reliability of
the communication system. To fully explore the background knowledge
for improving the reliability, our proposed model utilizes the context
information within and between sentences to extract and recover se-
mantic features. Specifically, local context information and global
context information were fused in our semantic encoding strategy to
obtain better semantic representation. Moreover, Historical communi-
cation text was utilized in our semantic decoding strategy to help refer to
and decode the current received sentence. Performance comparisons and
visualizations demonstrate that the proposed ECSC improved the per-
formance in terms of BLEU score, METEOR score and the similarity score
based on BERT, especially in the low SNR region.

However, it is worth noting that the pretrained semantic
575
communication model may not be adaptive to changes of channel
propagation environments, and meanwhile, the retraining process of the
network is time-consuming. Based on the above consideration, we will
consider to utilize transfer learning in the future work, to make the
proposed model applicable to various communication scenarios.
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