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Abstract—The recent emergence of 6G raises the challenge
of increasing the transmission data rate even further in order
to break the barrier set by the Shannon limit. Traditional
communication methods fall short of the 6G goals, paving the way
for Semantic Communication (SemCom) systems. These systems
find applications in wide range of fields such as economics,
metaverse, autonomous transportation systems, healthcare, smart
factories, etc. In SemCom systems, only the relevant information
from the data, known as semantic data, is extracted to eliminate
unwanted overheads in the raw data and then transmitted after
encoding. In this paper, we first use the shared knowledge base to
extract the keywords from the dataset. Then, we design an auto-
encoder and auto-decoder that only transmit these keywords and,
respectively, recover the data using the received keywords and the
shared knowledge. We show analytically that the overall semantic
distortion function has an upper bound, which is shown in the
literature to converge. We numerically compute the accuracy
of the reconstructed sentences at the receiver. Using simulations,
we show that the proposed methods outperform a state-of-the-art
method in terms of the average number of words per sentence.

Index Terms—Semantic Communications, Knowledge Base,
6G, Data Compression, Wireless Communications

I. INTRODUCTION

As per the prediction in [1], semantic communication (Sem-
Com) technology is identified as one of the key ingredients
in 6G due to the requirement of low latency and high data
rate transmissions. The recent emergence of SemCom tech-
nologies finds applications in wide range of fields such as
economics [2], metaverse [3], autonomous transportation sys-
tems [4], smart factories [5], and so on. In SemCom, we only
transmit useful and necessary information to the recipients.
The semantic extraction (SE) is a process wherein the useful
and necessary features are extracted from the original raw data.
For example, the essential speech features are extracted using
an attention-based mechanism in [6]–[8].

During critical applications such as military operations,
search operations by forest personnel in a dense forest, medical
emergencies in remote areas, fire incidents in a remote agri-
cultural land, the release of water from a nearby dam, etc.,
only the essential information needs to be communicated on
an urgent basis. The messages could be in the form of text or
audio and they come from a limited dataset. In a non-critical
application, such as broadcasting a text/audio summary of
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commentary provided by live football commentators. Among
all the words spoken by them, only a limited set of useful
or important words are relevant to the game. These words
are drawn from a limited dataset such as football vocabu-
lary [9] which includes words such as goal, player names,
red card, football, score, assist, half-time, etc. This limited
dataset provides an opportunity, in the context of SemCom
design, for a significant overhead reduction by extracting and
processing only the relevant keywords. For example, an uttered
commentary sentence is: ‘Ronaldo shoots the ball into the
right-bottom of the net and it’s a goal!’ The extracted keywords
in this example are Ronaldo, shoots, ball, right-bottom, net,
goal. Only these keywords are transmitted in place of the entire
sentence, and the receiver reconstructs a meaningful sentence.
The reconstructed sentence in this case is: ‘Ronaldo shoots
the ball into the right-bottom of the net to score a goal.’ This
sentence is not exactly the same as the original sentence, but
it conveys the same meaning.

The main goal of this paper is to use SemCom technology to
reduce communication overhead, in the context of natural lan-
guage processing (NLP) problems, while maintaining a certain
minimum accuracy in wireless communication systems. The
overhead reduction is performed with high accuracy in the
literature [10], [11]. However, in some applications, high data
rates are preferred over high accuracy. As a result, we present
the results of the trade-off between overhead reduction and
accuracy. Model parameters are chosen based on the context.
Instead of transmitting raw data, the transmitter is designed to
transmit semantic data, which significantly reduces network
data traffic. A knowledge base (KB) is a technology that
collects, stores, and manages data. A knowledge graph (KG)
is a KB that integrates data using a graph-structured topology.
They are used to store interconnected event descriptions. These
are used to predict the missing words in the received data
(keywords) to construct a meaningful sentence.

The organization of the paper is as follows: A brief literature
review on SemCom technologies is provided in Section II.
We introduce our proposed system model in Section III and
provide a few useful simulation results in Section IV. Finally,
we conclude the paper in Section V.

II. RELATED WORK

The following state-of-the-art survey papers provide in-
depth discussions on various SemCom technologies and their
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applications [12]–[14]. Deep learning based SemCom tech-
nologies are proposed in [10], [11]. A brief tutorial on
the framework of SemCom and a method to calculate a
bound on semantic data compression is provided in [15]. The
SemCom technology wherein both transmitter and receiver
are empowered with the capability of contextual reasoning is
proposed in [16]. The SemCom technology for a system where
transmitter and receiver speak different languages is designed
in [17]. In [18], a SemCom framework for textual data trans-
mission is proposed. In this framework, semantic information
is represented by a KG made up of a set of semantic triples
and the receiver recovers the original text using a graph-to-text
generation model. All of these works focused on achieving an
overhead reduction without compromising the accuracy of the
received data. None of these works investigated the possibility
of further overhead reduction, thereby improving transmission
data rates, while sacrificing a little accuracy. This issue is
addressed in this paper using a shared knowledge base.

A significant research on the usage of KBs and KGs is
carried out in the field of natural language processing (NLP).
A survey paper based on KG is presented in [19]. Similarly,
another survey paper on KB text generation is presented
in [20]. A method to generate a summary of sentences by
using a given set of keywords is proposed in [21]. Similarly,
a method to generate a summary of sentences by using a
knowledge base is shown in [22]. Recently, KGs are utlized
in the context of SemCom design [18], [23], [24]. But these
works do not focus on the issue presented in this paper, which
is to design a SemCom system with a significant overhead
reduction with a little compromise on accuracy.

III. SYSTEM MODEL

The system model of the proposed SemCom system is
shown in Fig. 1. Let X be the input text dataset with N
sentences, Xi be the ith, i ∈ {1, . . . , N}, sentence of X , and
K be the shared knowledge base (KB). First, we extract the
keywords from X using K. Let the total set of keywords be
Ω =

⋃N
i=1 Ωi, where Ωi denotes the set of keywords present

in Xi. The keyword extraction process at every sentence
Xi, i ∈ {1, . . . , N}, is executed by multiplying it with a binary
vector bi = [bi(`), ` = {1, . . . , |Xi|}],1 which is defined as
follows:

bi(`) ,

{
1, if `th word of Xi, Xi(`), is a keyword in K
0, else.

(1)

Hence, Ωi, i ∈ {1, . . . , N}, is obtained by collecting the
non-zero elements from Xi � bi, where � is a word-wise
multiplication operator. Here Xi � bi , [Xi(`)bi(`),∀` =
{1, . . . , |Xi|}].2

1|A| denotes the cardinality of set A.
2For ease of understanding, let us consider the example discussed in

Section I. Let Xi be ‘Ronaldo shoots the ball into the right-bottom of the net
and it’s a goal!’. If the set of keywords present in Xi is {Ronaldo, shoots,
ball, right-bottom, net, goal} then bi = [11010010010001]. Now, Xi � bi
gives [Ronaldo, shoots, 0, ball, 0, 0, right-bottom, 0, 0, net, 0, 0, 0, goal].
Next, Ωi is obtained by collecting the non-zero elements, i.e.,
Ωi = {Ronaldo, shoots, ball, right-bottom, net, goal}.

Now, let us define the quantity BLEU score (bilingual eval-
uation understudy [25]) to compare the similarities between
two sentences quantitatively. The BLEU(s, ŝ) ∈ [0, 1] score
between transmitted sentence s and reconstructed sentence ŝ
is computed as follows:

BLEU(s, ŝ) = BP(s, ŝ) exp

(
W∑
n=1

wn ln pn(s, ŝ)

)
, (2)

where pn denotes the modified n-gram precision function up
to length W , wn denotes the weights, and brevity penalty (BP)
is given by the following expression:

BP(s, ŝ) =

{
1 `c > `r

e1−`r/`c `c ≤ `r,
(3)

where `c is the length of the candidate translation and `r is
the effective reference corpus length [25].

Let ξ be a function which generates a set of M (say)
sentences from a given set of keywords with the help of a
given knowledge base. Using the keywords in Ωi, bi, i ∈
{1, . . . , N}, and the knowledge K, for a given sentence Xi,
the sentence generator at the transmitter generates a set of M
sentences using the function ξλ, where λ is a parameter. Let
that set of sentences be X̂ij , j = {1, . . . ,M}. So,

X̂ij = ξλ(Ωi,K), j = {1, . . . ,M}. (4)

Next, out of these M sentences we choose the most seman-
tically equivalent sentence based on the BLEU scores [25]
compared with input sentence Xi, i.e.,

X̂i = arg max
X̂ij ,j=1,...,M

BLEU(X̂ij ;Xi), i ∈ {1, . . . , N}. (5)

Note that the set of sentences X̂ = {X̂i, i ∈ {1, . . . , N}}, is
generated at the transmitter during the training process only
and it is shared with the receiver a priori. Next, ith keyword
set Ωi is encoded using the auto-encoder which consists of
semantic and channel encoders. The auto-encoder uses the
binary vector bi, i ∈ {1, . . . , N}, to assign a common symbol
to all non-keywords of Xi and a unique symbol to keywords
of Xi, respectively. This enables the receiver to construct
appropriate sentences from the received symbol sets. Let us
denote Sθe and Cφe

as the semantic and channel encoders with
θe and φe as the parameters sets, respectively. After encoding
Ωi, we get the following set of symbols:

Ω̃i = Cφe
(Sθe(Ωi)), i ∈ {1, . . . , N}. (6)

The encoded set of symbols Ω̃i is transmitted via the AWGN
(additive white Gaussion noise) channel. Let h be the channel
gain and η be the noise which gets added to Ω̃i during
transmission. So, the set of received symbols at the receiver
is Ωi = hΩ̃i + η. After receiving, this set of symbols is
decoded using the auto-decoder which consists of channel and
semantic decoders. Let us denote Cφd

and Sθd as the channel
and semantic decoders with φd and θd as the parameters sets,
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Fig. 1: The block diagram of our proposed SemCom system model. The model in Fig. (a) is used for training the system parameters and
the model in Fig. (b) is used for evaluating the system model.

respectively. After decoding Ωi, we get the following set of
keywords:

Ω̂i = Sθd(Cφd
(Ωi)), i ∈ {1, . . . , N}. (7)

From the decoded set of keywords and the shared knowl-
edge K, the sentence generator at the receiver generates a set
of M sentences using the function ξµ, where µ is a parameter,
and let that set of sentences be Ŷij , j = {1, . . . ,M}, i.e.,

Ŷij = ξµ(Ω̂i,K), j = {1, . . . ,M}. (8)

To select the most desired sentence among these sentences, we
compute the BLEU scores between Ŷij , j = {1, . . . ,M} and
the sentence at the transmitter X̂i, and choose the one which
maximizes the BLEU score. That is:

Ŷi = arg max
Ŷij ,j=1,...,M

BLEU(Ŷij ; X̂i), i = {1, . . . , N}, (9)

where Ŷ = {Ŷi, i ∈ {1, . . . , N}} denotes the desired set of
sentences generated at the receiver.

A. Training the System Model

Let X be the set of all possible sentences and pX(x), pλ(x̂),
and pµ(ŷ) denote the probability distributions of sentences
X ∈ X, X̂ ∈ X̂, and Ŷ ∈ Ŷ , respectively, for all x, x̂, ŷ ∈ X .3

The sentences X̂ and Ŷ are generated by the sentence genera-
tors in transmitter and receiver, respectively, parameterized by
λ and µ, respectively, with the help of shared knowledge K

3Note that x̂, ŷ ∈ X ⊆ X . To obtain the closed-form expressions for
certain quantities, we relax the condition and assume X = X .

(see Fig. 1(a)). Note that, since X̂ and Ŷ are generated with the
help of knowledge K, throughout the paper, the conditional
distributions pλ(·|·) and pµ(·|·) are conditioned on the event
K = k, ∀k ∈ K.

Let H(X) and DKL(p||q) represent, respectively, the en-
tropy of a random variable X whose probability distribution
is p and the Kullback Leibler (KL) divergence between the
probability distributions p and q. These quantities are defined
as follows [26]:

H(X) , −
∑
x∈X

p(x) log p(x), (10)

DKL(p||q) ,
∑
x∈X

p(x) log
p(x)

q(x)
. (11)

The overall cross entropy (CE) loss measures the difference
between the actual probability distribution at the input and
the estimated probability distribution at the output and it can
be minimized using the stochastic gradient descent (SGD)
methods [27]. So the overall cross entropy (CE) loss is defined
as follows [28]:

LCE(µ) , H(X) +DKL(pX(x)||pµ(ŷ|k)). (12)

By using the expressions of (10) and (11), we simplify the
expression for overall CE loss as follows:

LCE(µ) = −
∑
x∈X

pX(x) log pµ(ŷ|k). (13)

From Fig. 1, we observe that there are information losses
at auto-encoder, auto-decoder, and sentence generation blocks
both in transmitter and receiver. We aim to minimize the



summation of all these losses. The characterization of these
losses are as follows.

• The loss of information between sentences X and X̂ at
the transmitter is measured using the CE loss, i.e.,

LCE1 (λ) = H(X) +DKL(pX(x)||pλ(x̂|k)) (14)

= −
∑
x∈X

pX(x) log pλ(x̂|k). (15)

• Similarly, the loss of information between sentences X̂
and Ŷ at the receiver is also measured using the CE loss,
i.e.,

LCE2 (µ, λ) = H(X̂|K) +DKL(pλ(x̂|k)||pµ(ŷ|k)) (16)

= −
∑
x̂∈X

pλ(x̂|k) log pµ(ŷ|k). (17)

• Lastly, the loss of information in the channel is measured
in terms of mutual information (MI) between transmitted
symbols and received symbols, i.e.,

LMI
3 (θe, φe, θd, φd) = I(Ω̃; Ω). (18)

Now, we define the overall semantic distortion function as
follows:4

L(θe, φe, θd, φd, λ, µ) , LCE1 (·) + LCE2 (·)− γLMI
3 (·), (19)

where γ ≥ 0 is a hyper-parameter. In Theorem 1, we show
that the overall semantic distortion L(·) attains an upper bound
which can be optimized. We aim to compute the optimal
parameters of auto-encoder, auto-decoder, and sentence gener-
ation blocks. These blocks are characterized by the parameters
θe, φe, θd, φd, λ, µ and are obtained by training the system
model, as shown in Fig. 1(a), by minimizing the overall loss
function defined in (19).

Theorem 1. The overall semantic distortion function attains
the following upper-bound:

L(θe, φe, θd, φd, λ, µ) ≤ LCE(·)− γLMI
3 (·) = B. (20)

Proof. The proof is given in Appendix.

Remark 1. The upper-bound B, provided in Theorem 1, is
proved to be optimized using the SGD algorithms [27]. Also,
in the published works [10], [17], the semantic distortion of
the overall system is minimized using a similar expression as
that of B.

Hence, to minimize the overall semantic distortion defined
in (19), we seek to minimize the upper-bound B provided in
Theorem 1. The loss due to mutual information LMI

3 (·) can
be estimated using state-of-the-art mutual information neural
estimator (MINE) [29].

4We use (·) in place of parameters, wherever convenient, for ease of
representation.

B. Accuracy versus Overhead Reduction Trade-off

Given the limited size of knowledge base, though the
accuracy of the reconstructed sentences in Ŷ may not be
sufficiently high, the useful content in those sentences is
summarized and conveyed to the receiver. This novel approach
saves a significant amount of overhead.

There exists a trade-off between overhead reduction and
the accuracy that depends on the size of the knowledge base
K. For example, if the set K is small, only a few keywords
are extracted, encoded, and transmitted from the given input
sentences in X , implying a higher amount of average overhead
reduction. On average, this results in a large amount of missing
information, so the accuracy of the reconstructed sentences in
Ŷ is expected to be low. On the other hand, if the set K is
large, a significant number of keywords are extracted from
the given sentences in X , encoded, and transmitted, implying
a lower average overhead reduction. On average, this results
in a small amount of missing information, so the accuracy of
the reconstructed sentences in Ŷ is expected to be high. This
phenomenon is numerically shown in Section IV.

So, we aim at minimizing the transmission of average
number of words per sentence (equivalent to maximizing the
average overhead reduction) by keeping a certain minimum
accuracy information τ in the received sentence, i.e.,

min
1

N

N∑
i=1

|Ωi| (21)

BLEU(Ŷi;Xi) ≥ τ, i = {1, . . . , N}, (22)

where |Ωi| denotes the number of keywords in Ωi that corre-
sponds to sentence Xi.

C. Shared Knowledge Base

We generate the shared knowledge base K by using the
keywords from a limited dataset Ω which consists of only the
relevant words of a particular event, like that of a football
game in our case. We assume that both the transmitter and
receiver have access to K. It is shown in [30] that the
capacity of the channel can be increased beyond Shannon’s
limit by using a semantic encoder with low semantic ambiguity
and a semantic decoder with strong inference ability and a
large shared knowledge base. From Section III, recall that in
every sentence, only the words w ∈ Ω are uniquely encoded
and transmitted to the receiver in their corresponding time
slots. At other time slots, a common symbol is transmitted.
By utilizing K, the receiver reconstructs the sentence based
on the received symbols. To improve the accuracy of the
reconstructed sentences, we can increase the size of K by
adding more keywords from the vocabulary generated using
X . This result is shown using simulations in Section IV.

IV. SIMULATION RESULTS

First, we evaluate the performance of the text data trans-
mission in terms of accuracy using BLEU score [25].5 In
our work, we use the dataset provided in [31]. We parse the

5We defined the BLEU score in Section III.



TABLE I: Simulation parameters
Number of matches used in training 1580
Number of matches used in evaluation 340
Number of epochs during training 10
SNR 6 dB
Learning rate 0.001
Batch Size 64
Channel AWGN

football commentary data of 1920 matches from the website
goal.com. The considered football matches are from Union of
European Football Associations (UEFA) Champions League,
UEFA Europa League, and Premier League between 2016 and
2020. The simulation parameters used for plots in this section
are shown in Table I. The simulations are performed in a
computer with NVIDIA GeForce RTX 3090 GPU and Intel
Core i9-10980XE CPU with 256GB RAM.

Let ρ be the fraction of the total vocabulary V , which
contains all the dataset words, to be added to K. ρ = 0
indicates that no additional vocabulary is added and the system
is evaluated only with the initial keyword set Ω0. Based on the
way of adding the vocabulary words to Ω0, we propose two
types of schemes. In the first type, ρ|V | vocabulary words are
uniformly chosen at random from V and added to K. In the
second type, the words in V are first arranged in the decreasing
order of the frequency of appearances in the dataset, and then
the first ρ|V | vocabulary words are added to K. We call these
schemes as ‘RANDOM’ and ‘ORDERED’, respectively.

The accuracy performances of both the schemes and a deep
learning based SemCom system method named DeepSC [10],
in terms of BLEU score vs. ρ, are shown in Fig. 2. From the
plot we can infer that even with ρ = 0, the initial keyword
set can produce a BLEU score of 0.55 (for 1-gram). This
shows that the context-related keywords produce good results.
Also, we see that as we add more vocabulary words to Ω0,
the BLEU score increases. For the same value of ρ and n,
the ORDERED scheme performs better than the RANDOM
scheme because of the addition of high frequency words.
And, in terms of different n-grams, BLEU score decreases
as n increases, which is an expected result. In comparison to
the DeepSC scheme, the proposed schemes perform poorly
in terms of accuracy but outperform it in terms of overhead
reduction, as shown below.

Next, we evaluate the performance of the proposed schemes,
in terms of the transmission of average number of words per
sentence, with respect to DeepSC [10] and the results are
shown in Fig. 3a. Let W denote the average number of words
per sentence. From the plot we observe that both the schemes
outperform DeepSC. Among the proposed schemes, for a
given ρ the RANDOM scheme outperforms the ORDERED
scheme. This is because, in the ORDERED scheme high
frequency words are added which increases the number of
words to be encoded in the input data as compared with the
RANDOM scheme.

Now, we solve the optimization problem presented in (21)
and (22) using both the proposed schemes. For this purpose,
we evaluate W vs. τ and the results are shown in Fig. 3b. From
the plot we observe that both the schemes outperform DeepSC.

Fig. 2: This plot shows the BLEU score vs. ρ for different values of
n-grams, where n = {1, 2, 3, 4}, for the proposed schemes and the
DeepSC scheme [10].

(a) (b)
Fig. 3: These plots show the average number of words per sentence
vs. ρ in the left plot and vs. τ in the right plot, respectively, for the
proposed schemes and the DeepSC scheme [10].

Also, we see that the performance of both the schemes is same
for a given accuracy threshold τ . This is because, as shown in
Fig. 2, for a given value of ρ ∈ (0, 1), the ORDERED scheme
outperforms the RANDOM scheme in terms of accuracy,
whereas in Fig. 3a, the RANDOM scheme outperforms the
ORDERED scheme in terms of overhead reduction. Hence,
we can choose any one of the proposed methods to solve the
optimization problem.

V. CONCLUSIONS

In this paper, we first extracted relevant keywords from
the dataset using the shared knowledge base. Then, using the
received keywords and the shared knowledge, we designed
an auto-encoder and auto-decoder that only transmit these
keywords and, respectively, recover the data. We proved that
the overall semantic distortion function has an upper bound,
which is shown to be optimized using the SGD algorithms in
the literature. We computed the accuracy of the reconstructed
sentences at the receiver quantitatively. We demonstrated
through simulations that the proposed methods outperform a
state-of-the-art method in terms of average number of words
per sentence. Furthermore, the proposed approach makes no
new hardware modifications to the existing infrastructure. We
focused solely on the text dataset; however, similar approaches
can be used in the future for other types of datasets such as
image, audio, and video.

goal.com


APPENDIX

Now we provide the proof of Theorem 1. Let us define the
following term, parameterized by λ, µ, and k ∈ K:

δ(λ, µ, k) , log

(
pµ(ŷ|k)

pλ(x̂|k)

)
, ∀x̂, ŷ ∈ X . (23)

From (19), we know that

L(·) = LCE1 (·) + LCE2 (·)− γLMI
3 (·) (24a)

= −
∑
x∈X

pX(x) log pλ(x̂|k)

−
∑
x̂∈X

pλ(x̂|k) log pµ(ŷ|k)− γI(Ω̃; Ω) (24b)

= −
∑
x∈X

pX(x) log

(
pλ(x̂|k)

pµ(ŷ|k)

pµ(ŷ|k)

)
−
∑
x̂∈X

pλ(x̂|k) log

(
pµ(ŷ|k)

pλ(x̂|k)

pλ(x̂|k)

)
− γI(Ω̃; Ω)

(24c)

= −
∑
x∈X

pX(x) log pµ(ŷ|k) + δ(λ, µ, k)

−
∑
x̂∈X

pλ(x̂|k) log pλ(x̂|k)− δ(λ, µ, k)− γI(Ω̃; Ω)

(24d)

= LCE(·) +H(X̂|K)− γI(Ω̃; Ω) (24e)

≤ LCE(·)− γI(Ω̃; Ω). (24f)

In (24b), we expand the loss function expressions using
their respective definitions provided in (15), (17), and (18),
respectively. In (24c), we multiply and divide pµ(ŷ|k) and
pλ(x̂|k) in the first and second terms, respectively. Using (23)
and algebraic simplifications, we get (24d). By using (12)
and the definition of entropy, we write (24e). And, finally the
inequality in (24f) is due to H(X̂|K) ≥ 0 [26].
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