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Abstract—Semantic communication is a novel communication
paradigm that focuses on recognizing and delivering the desired
meaning of messages to the destination users. Most existing
works in this area focus on delivering explicit semantics, labels
or signal features that can be directly identified from the
source signals. In this paper, we consider the implicit semantic
communication problem in which hidden relations and closely
related semantic terms that cannot be recognized from the source
signals need to also be delivered to the destination user. We
develop a novel adversarial learning-based implicit semantic-
aware communication (iSAC) architecture in which the source
user, instead of maximizing the total amount of information
transmitted to the channel, aims to help the recipient learn an
inference rule that can automatically generate implicit semantics
based on limited clue information. We prove that by applying
iSAC, the destination user can always learn an inference rule
that matches the true inference rule of the source messages.
Experimental results show that the proposed iSAC can offer
up to a 19.69 dB improvement over existing non-inferential
communication solutions, in terms of symbol error rate at the
destination user.

Index Terms—Semantic communication, implicit semantics,
inference rule, semantic-aware, adversarial network.

I. INTRODUCTION

Semantic communication has recently been attracting sig-
nificant interest, driven mostly by the recent surge in the
demand of data-hungry and resource-consuming smart and
human-oriented services, such as Tactile Internet [1], intel-
ligent transportation systems [2], eXtended Reality (XR),
and digital twins. Different from the traditional content-
agnostic communication solutions that focus on transmit-
ting data packets from one user to another, while ignoring
the semantics, semantic communication focuses on sensing,
recognizing, utilizing, and delivering the key meaning of
transported messages throughout the network. Recent results
have demonstrated that semantic communication has the po-
tential in significantly improving communication efficiency,
quality-of-experience (QoE) of various services, and imbuing
more high-level human-like capabilities into communication
networks [3].

The concept of semantic communication was first in-
troduced in 1949, where Weaver defined three levels of
communication problems [4]. The Shannon theory has been
considered as the solution for level 1 problem, also called
the technical problem of communications. The semantic and
effective communication problems have been defined as level
2 and level 3 problems which address delivering “the desired
meaning” and influencing the conduct of the destination user
in the desired way. These definitions have attracted significant
interest in extending Shannon theory to investigate the seman-
tic and effective communication problems. Carnap et al. [5]
observed that there exists a fundamental paradox, called the
Bar-Hillel-Carpnap (BHC) paradox, when applying Shannon
theory to solve the semantic communication problems. In the
BHC paradox, semantically incorrect statements, especially
those contradicting with common-sense knowledge can always
maximize the Shannon information due to their rarity.

Recently, there has been a growing interest in applying
deep learning (DL) algorithms to improve the performance
of communication networks. This has sparked many works to
convert the problem of semantic communication into pattern
recognition and/or classification problems that can be solved
by DL-based algorithms. In these works, manually labeled
objects, terms, and/or signal features that can be directly
identified from various forms of signals are defined as se-
mantics. For example, DL algorithms have been applied to
identify semantics from text, image, and voice [6] for various
downstream communication tasks.

Recent observations suggest that information semantics can
be much more than just the object labels. In fact, according
to the original definition of semantics first introduced by
Breal in 1897, semantics are the “relationship between words
and the knowledge they signify”. Recent work in cognitive
neuroscience also emphasizes that human users are able to
express and infer complex implicit semantics by automatically
inferring complex hidden relations among concepts and ideas.
This motivates the work of this paper to investigate the



implicit semantic communication problem. We define seman-
tics that can be directly identified from the source messages
as explicit semantics and focus on developing solutions to
infer the implicit semantics, including hidden relations and
relevant semantic concepts that cannot be identified from the
source messages, by a destination user. More specifically,
we introduce a representation model of the implicit semantic
information and develop an adversarial learning-based im-
plicit semantic-aware communication (iSAC) architecture in
which the source user, instead of maximizing the information
transmitted across the channel, tries to assist the destination
user to learn an inference rule that can automatically infer
implicit semantics based on the received clue information,
e.g., explicit semantics, sent by the source user. We prove
that by applying iSAC, the destination user can always learn
an inference rule that matches the true inference rule of the
source messages. Also, since the true inference rule of the
source messages generated by human users can always be
assumed to be semantically correct, the BHC paradox can be
naturally solved. We conduct extensive simulations based on
real-world datasets. Our results show that the proposed iSAC
can achieve up to 19.69 dB improvement over existing non-
inferential communication solutions, in terms of symbol error
rate at the destination user.

II. RELATED WORKS

Existing works in semantic communication can be roughly
divided into three categorizes: information theory-based,
machine learning-based, and cognitive neuroscience-inspired
works. In particular, Carnap et al. [5] elaborated semantic
information measurements analogous to the binary-symbol-
based information measurements in Shannon theory. More-
over, Bao et al. [7] further investigated the quantification of
semantic information as well as semantic coding, and obtained
initial results showing the feasibility of data compression and
reliable communication from a semantic perspective. Moti-
vated by the fact that semantic information can be learned and
evolved through interaction, in our recent work [8], we have
proposed a strategic semantic communication framework by
combining game theoretic models with rate-distortion theory.

Recently, the powerful capabilities of machine learning,
especially the DNNs-based learning algorithms, in pattern
recognition and data classification have been introduced to
solve the semantic communication problem. Most existing
works have focused on the representation, identification, com-
putation, and communication of explicit semantic, such as
human-assigned labels and sample-related features or classes,
that can be directly recognized from the transmitted mes-
sages. For example, the semantic communication systems
for text transmission were developed in [9], while the se-
mantic error was measured at the word level and sentence
level, respectively. A lite distributed semantic communication
system, named L-DeepSC, was proposed in [10] also for
text transmission. For image transmission, Huang et al. [11]
adopted a GAN-based image semantic coding method for
sending and reconstructing images in extreme low bit rate
using the proposed semantic communication system. For

transmitting speech signals, an attention mechanism based
semantic communication system was developed in [12], which
is capable of identifying the essential information of speech
signals under dynamic channel environments in telephone
systems. Furthermore, Seo et al. proposed a stochastic model
of semantics-native communication (SNC) for generic tasks
in [13] infused with contextual reasoning to cope with the
situation where the semantics vary over time and in different
contexts.

Inspired by the recent study in cognitive neuroscience sug-
gesting that the human user is able to infer complex implicit
semantics based on a limited clue/explicit information, we
have investigated the implicit semantic communication in our
recent works [8], [14]–[16]. We have derived an information
theoretic bound of the implicit semantic communication chan-
nel based on the rate distortion theory in [8]. By formulating
the implicit semantic reasoning process of the source user as
a reinforcement learning process, an imitation learning-based
solution has been proposed in [15] for the destination user to
estimate the reasoning policy of the source user. One of the
key issues of this work is that the proposed imitation learning-
based solution always infers all the possible reasoning paths
based on a maximum causal entropy framework. Also, the
state space in the formulated reasoning policy increases in
an exponential scale with the path length which may re-
sult in slow computation and reduce accuracy under certain
scenarios. In this paper, we introduce a simple adversarial
learning-based solution, iSAC, that allows the destination user
to directly learn a much simplified approximated inference
rule which will always output the most likely implicit term.
Our proposed iSAC requires much less computational load
and can deliver comparable performance to our previously
proposed solution in many practical scenarios.

III. A GENERAL SEMANTIC COMMUNICATION MODEL

A. Representation of Implicit Semantic Information

As mentioned earlier, the semantics of a message should
include the implicit relations that link the explicit semantic
terms, e.g., the concepts and/or labels directly observed in the
source messages, to the relevant implicit meanings. Therefore,
in this paper, we define the semantic information of a given
message as a tuple ω = ⟨v, uv⟩ where v is a set of explicit
semantic terms, e.g., labels or features, that can be directly
recognized from the message, uv consists of the implicit rela-
tions and the connected semantic terms that are closely related
to the explicit semantics v. uv cannot be directly observed
from the source message but will need to be inferred based on
the previous communications and inference preference of the
source user. Let V be the set of all possible explicit semantic
terms that can be expressed by the source user. We assume
relations are undirectional and each implicit semantic term in
uv is linked to a term in v by a specific relation. We can
therefore abuse the notation and use uv to denote a set of
implicit semantic terms that are related to v. We use Rv to
denote the set of all the possible implicit semantic terms that
are relevant to v.



The implicit semantic meanings generally have the follow-
ing features.
Randomness: Due to the human nature of the message
generation users, the implicit semantic meaning that can be
expressed by each user is generally not deterministic but
exhibits a certain randomness. We use p(uv|v) to denote
the probability of inferring implicit semantic terms uv when
observing v, for v ⊆ V and uv ⊆ Rv .
Polysemy: It is known that different users may infer different
meanings when observing the same explicit term, e.g., some
users may infer the TV cartoon character when observing the
term “Tweety”, while for others, the term “Tweety” may mean
smartphone App of a social network website.
Inference Rule: Recent study suggests that, for each indi-
vidual user, its inference preference can be characterized by
a function that maps the explicit semantics to the possible
implicit semantic terms and/or concepts. In this paper, we
follow the same setting and, to characterize the randomness
of implicit semantic inference process, we define the inference
rule of the source user, denoted as π (v), as a function
mapping each given explicit semantic term v to a probability
distribution of all the possible implicit semantic terms. We
assume π (v) is stationary and also

∑
uv⊆Rv

pπ(uv|v) = 1,

where pπ(uv|v) is the probability of inferring uv based on
inference rule π when observing v. Note that we assume
neither source user nor destination user can know the true
inference rule of the source messages. The source user can
however observe a set of expert message samples, consisting
of implicit semantics generated by the source user during the
previous communications.

B. Semantic Communication Model
A general semantic communication model consists of the

following key components.
(1) Semantic Recognizer: extracts the key explicit semantic

terms from the observed messages. For example, if the
observed messages are in the form of images or voice and
the semantic terms are object labels, it can directly apply
existing object detecting algorithms, such as YOLO and
wav2letter, to extract the explicit semantics.

(2) Semantic Encoder: converts the extracted semantic in-
formation into a form that is suitable for physical channel
transmission. In the traditional semantic communication
model, the source user has two types of encoders: seman-
tic (source) encoder for minimizing the redundancy in the
semantic information and channel encoder for improving
the robustness against noisy channel corruption by adding
a certain amount of redundancy into the transmitted
signals. Recently, the joint source-and-channel encoding
has also been considered to implement both types of
encoders into a single encoding function, e.g., a DNN,
that directly converts the input message into an output
signal for physical channel transmission. In this paper,
we assume the semantic encoder directly converts the
semantic information identified by semantic recognizer
into the signal to be transmitted to the physical channel.
We will discuss in details later in this paper.

(3) Semantic Decoder: recovers the complete semantic in-
formation at the destination user. In explicit semantic
communication, the main objective of the destination
user is to recover the explicit semantics identified by the
semantic recognizer of the source user. In this paper, we
consider the implicit semantic communication, in which
the destination user needs to recover both explicit and
implicit semantics. Let ω̂ = ⟨v̂, ûv⟩ be the recovered
semantic meaning of the destination user, where v̂ and
ûv are the recovered explicit and implicit semantics.

The main design objective of the semantic communication
system is to minimize the semantic distance between the
original semantic information and the recovered meaning at
the destination user. Let Γ (ω, ω̂) be the semantic distance
between ω and ω̂.

In this paper, we focus on the implicit semantic com-
munication in which the destination user needs to recover
both explicit and implicit semantics. Since implicit semantic
cannot be directly identified by semantic recognizer, the main
objective is then to learn an approximated inference rule πd

that can minimize the semantic distance between the explicit
semantics and possible implicit semantics inferred by the true
inference rule of the source user as well as those recovered
by the learned inference rule, we formulate the optimization
problem of implicit semantic communication as:

min
πd

E [Γ (⟨v, uv⟩, ⟨v̂, ûv⟩)] . (1)

A straightforward approach for implementing implicit se-
mantic communication is to let the source user infer the
implicit semantics from the explicit semantics identified by
semantic recognizer, and then transmit both types of semantics
to the destination user. This approach however suffers from
the following challenges. First, as mentioned earlier, due
to randomness and polysemy, implicit semantic information
consists of the probability distributions of a set Rv of possible
implicit semantic terms, characterized by a set of floating-
point values, each requiring a large number of data packets
for semantic information transmission. Second, allowing the
source user to perform implicit semantic inference whenever
it observes explicit semantics may result in extra delay for in-
formation transmission. Moreover, the quality of the recovered
implicit semantics may be closely related to the service need
of the destination user. Always letting the source user send
all the potential implicit information will result in reduced
communication efficiency. Finally, the implicit semantics are
often generated by the personally preference-related inference
rule. Therefore, transmitting implicit semantics will also cause
privacy information exposure.

In this paper, we propose a novel adversarial learning-
based solution called iSAC for the destination user to learn
an inference rule to directly infer implicit semantics based on
the explicit semantics sent by the source user. In this way,
during communication, the source user only needs to send
explicit semantics observed from the source messages and
the destination user can automatically recover the intended
implicit semantics.
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Fig. 1: Architecture of iSAC.

IV. ISAC ARCHITECTURE

In this section, we first define the semantic distance that is
suitable to characterize the difference between any given pair
of inference rules. We then introduce the iSAC architecture
and present the theoretical analysis.

A. Semantic Distance

One of the key differences between the traditional data-
oriented communication and the semantic communication
solutions is that in the latter, instead of accurately reproducing
the signal in its original form, the destination user tries to
infer the semantic meaning that matches the real semantics
associated with the source messages. This problem becomes
more challenging for iSAC because in this system, the destina-
tion user needs also to recover implicit semantics that cannot
be directly observed in the message received by the source
user. Due to the randomness and polysemy of the implicit
semantics, an appropriate solution for evaluating the semantic
distance is to adopt statistic-based distance measure. In this
paper, we focus on recovering the implicit semantics at the
destination user. More specifically, the destination user tries to
learn the inference rule to infer the correct implicit meaning
based on the received signal. Let v̂ be the signal decoded by
the destination user. The learned inference rule of the desti-
nation user πd is a mapping function: πd : v̂ → Dπd

(ûv | v̂)
where Dπd

(ûv | v̂) is the probability distribution of the possible
implicit semantics ûv when observing v̂. Similarly, we define
the probability distribution of implicit semantics generated by
the true inference rule of the message source when observing
explicit semantics v as Sπ(uv | v). We use cross entropy,
one of the most popular metrics for measuring statistical
distances. In this case, the semantic distance between the true
implicit semantic and the estimated implicit semantics at the
destination user can be written as:

Γ (⟨v, uv⟩, ⟨v̂, ûv⟩) =
∑
v⊆V

(
Euv∼Sπ(uv|v) [log p (uv|v)]

+Eûv∼Dπd
(ûv|v̂) [log (1− p (ûv|v̂))]

)
.

(2)

Our proposed solution can be directly applied when other
statistical distance measures are applied.

B. iSAC Architecture

In this paper, we propose an adversarial learning-based
iSAC architecture, in which the source user tries to assist in
training an inference rule at the destination user, such that the
source user only needs to send the explicit semantics observed
directly from the original message and the destination user
will be able to automatically infer implicit semantics based

on the signal sent from the source user. We introduce a new
component, the semantic evaluator, whose main objective is
to compare the implicit semantics estimated by the destination
user with a set of expert data samples generated by the true
inference rule of the message source. As will be proved later,
by introducing the semantic evaluator at the source user, the
destination user will be able to learn an inference rule without
observing any expert samples. In other words, the expert data
samples can only be observed by the semantic evaluator and
therefore, the implicit semantic message samples will not be
exposed in both training and communication processes.

Let us describe the implementation details of different
components of iSAC at the source and destination users as
in the following:

1) Semantic encoder at the source user: The main ob-
jective of the semantic encoder is to encode the recognized
explicit semantics into a suitable form that can be transmitted
through physical channels. The source user, for instance, can
use the joint source-channel encoder proposed in [17] to
encode the explicit semantic information. In this paper, we use
the bold font v to denote the encoded version of the explicit
embedding sent by the source user.

2) Semantic decoder at the destination user: The main
objective of the semantic decoder is to learn an inference
rule that can generate implicit semantic terms based on the
signal received from the channel. Suppose the encoded explicit
semantic symbol sent by the source user is given by v, we
can then write the received explicit semantic symbol received
at the destination user as:

vd = Hv +N , (3)

where H is the channel gain and N is the additive noise
received at the semantic decoder. Once received the noisy
version of explicit semantics vd, the semantic decoder will
output the most possible implicit semantics terms related to
v̂. We can therefore write the semantic decoder as a mapping
function with parameters θd, e.g., a graph neural network
(GNN) with parameters θd, denoted as πd(ûv|v̂; θd). The
output of the semantic decoder is the most possible ûv when
observing vd. For example, if we adopt a graph softmax based
approach for the semantic decoder to estimate the inference
probability, the probability for inferring ûv ⊆ Rv when
observing v̂ can be calculated as

πd (ûv | v̂; θd) =
exp

(
θ⊤d (ûv) · θd(v̂)

)∑
ûv⊆Rv

exp
(
θ⊤d (ûv) · θd(v̂)

) , (4)

where θd(ûv) and θd(v̂) are γ-dimension representation vector
of ûv and v̂, respectively. The semantic decoder can be
iteratively trained using SGD, i.e., we can calculate using

θtd = θt−1
d − ξ∇θdΓd, (5)

where θtd are the parameters of semantic decoder at t-th
iteration, ξ is the learning rate and Γd is the semantic distance
received from the semantic evaluator at the source user.

More specifically, at the beginning of the training phase, the
semantic decoder randomly picks up implicit semantic terms
in Rv . The selected implicit semantic terms will be feedback



to the semantic evaluator at the source user for comparison
with the expert message samples. The calculated semantic
distance will be sent to the semantic decoder for correcting its
inference results and updating its parameters. The decoder will
then sample the possible implicit semantic terms in the next
iteration according to the updated inference rule πd (ûv|v̂; θtd)
calculated by (4). As will be proved later, the finally trained
inference rule at the semantic decoder will be able to approach
the true inference rule of the message source. Note that,
during the training phase, the semantic decoder only needs to
feedback the indices of the inferred implicit semantic terms
and therefore the communication overhead of the training
phase is limited. Also, after the training phase, the semantic
decoder will be able to directly generate the implicit semantics
sent by the source user without incurring any feedback or
communication overhead.

3) Semantic evaluator at the source user: The evaluator,
with the objective of maximizing (2), evaluates the perfor-
mance of the decoder in the training phase. In other words,
the ability of differentiating the semantic distance between the
implicit semantics generated by the source user based on π
and that estimated by the destination user using πd will be
enhanced. The output p(uv | v) of the semantic evaluator is a
probability of the connection existing between uv and v

p (uv | v) = 1

1 + exp (−θe(uv)⊤θe(v))
, (6)

where θe is the parameters of the evaluator, and θe(uv), θe(v)
are the γ-dimension representation vectors of semantic terms
uv and v. Any graph representation learning model, such
as graph convolutional network (GCN) [18], can serve to
facilitate the task of embedding. In this paper, we utilize a
few graph convolutional layers, which are designed especially
for data with graphical structure, to obtain the embeddings of
knowledge entities. The propagation process of the stacking
layers can be written as:

L(0) = X and L(l+1) = σ(ΦL(l)Wl), (7)

where σ(·) is the Sigmoid function, L(l) is the output of layer
l ∈ {0, 1, · · · ,m} and X = [x1, · · · , xn] ∈ Rn×γ is the
initial feature vector of n semantic terms. Φ = D̃− 1

2 ÃD̃− 1
2

is a renormalized Laplacian matrix, where D̃ii =
∑

j Ãij ,
Ã = A + I , I is an n × n identity matrix and A is the
adjacent matrix of the semantic terms. Then the output of the
final layer L(m) will be used as θe(v) to calculate the result
of (6).

Suppose p(uv|v) is differentiable with respect to θe. Then
both the decoder and evaluator can be iteratively updated
using SGD. More specifically, the semantic evaluator can be
iteratively updated by

θte = θt−1
e − ξ∇θeΓe, (8)

where the gradient of (2) w.r.t. θe is calculated as

∇θeΓe =

{
∇θe log p (uv | v) , if uv ∼ Sπ(uv|v);
∇θe (1− log p (ûv | v̂)) , if ûv ∼ Dπd

(ûv|v̂).
(9)

Similarly, the semantic evaluator can calculate the gradient

Algorithm 1 iSAC Algorithm
Input: The set of explicit semantic terms V , the set of relevant
implicit semantic terms Rv , initial input feature vectors xv for
semantic term v, parameters of evaluator and decoder θe and
θd, learning rate ξ, training iteration T
Output: Inference rule π∗

d

Initialization: Randomly initialize the parameters θe and θd
For t = 0, 1, · · · , T do

• Encoder send the index of v to decoder and evaluator
• For decoder’s steps do

Decode vd → v̂
Samples the most likely connected ûv by (4)
Update θd: θtd = θt−1

d − ξ∇θdΓd

end for
• For evaluator’s steps do

Receive negative samples from decoder and derive some
positive samples from original message.
Calculate the gradient of Γ using (9) and (10).
Update θe: θte = θt−1

e − ξ∇θeΓe

end for
end for
Calculate π∗

d by (4)

of (2) w.r.t. θd using the following equation:

∇θdΓd = ∇θd

∑
v⊆V

Eûv∼Dπd
(ûv|v̂) [log (1− p (ûv | v̂; θe))] .

(10)
Note that, in each iteration, the semantic evaluator at the
source user first receives the implicit semantic terms from the
semantic decoder and updates its own parameters θe using (9).
The semantic evaluator will then send the calculated semantic
distance value to the semantic decoder to update its parameters
θd by (5) and (10). The detailed algorithm is presented in
Algorithm 1.

C. Theoretical Analysis

Let us now prove that the implicit semantics generated by
the learned inference rule utilizing our proposed iSAC can
approach that produced by the true inference rule of the source
messages.

Theorem 1. Suppose the inference rule that dominates the
implicit semantics is a stationary process and, in each iter-
ation, the semantic evaluator can always reach its optimal
value given by θ∗e(uv, v) = p(uv|v)

p(uv|v)+p(ûv|v̂) . The probability
distribution of implicit semantics generated by the learned
inference rule Dπd

(ûv|v̂) approaches that generated by the
true inference rule Sπ(uv|v).

Proof: The proof proceeds similarly as the adversarial
learning proposed in [19]. We summarize the main idea due to
the limit of space. It can be directly observed that (2) is convex
in Dπd

(ûv|v̂). By substituting the optimal semantic evaluator
into (2), the resulting function in (2) is also convex. We can
therefore apply the gradient descent solution for Dπd

(ûv|v̂)
and then follow [19, Theorem 1] to prove that Dπd

(ûv|v̂) can
always converge to the true inference rule.
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Fig. 4: Symbol error rate of semantic symbols (entities) when the
inference rules learned by iSAC, GAE, and VGAE can be used in
semantic symbol recovery, compared to the no inference solution,
under datasets (a) arXiv-GrQc3 and (b) Cora-ML.

V. EXPERIMENTAL RESULTS

A. Dataset and Experimental Setups

To evaluate the performance of iSAC, we consider two real-
world human knowledge datasets: arXiv-GrQc3 and Cora-ML,
where arXiv-GrQc3 is a paper citation dataset based on arXiv.
It consists of 5,242 vertices, corresponding to the authors, and
14,496 edges, specifying the collaborations between authors
of papers in the general relativity and quantum cosmology
categories. Cora-ML is a dataset based on the paper topics
in the field of machine learning. It consists of 2,995 vertices,
corresponding to feature vectors for each document, and 8,416
edges, specifying the citation links between documents.

All experiments are performed on a Linux workstation
(CPU: Intel(R) Xeon(R) CPU E5-2683 v3@ 2.00GHz, GPU:
four NVIDIA GeForce GTX 2080Ti (11GB)) and mainly
using an open-source Python libraries, Pytorch.

We set two-layer GCN at the semantic evaluator and set the
learning rate of the SGD at 0.001. We use semantic decoder
defined in (4) and randomly select the initialized parameters
of the semantic decoder based on a uniform distribution. The
dimensional size of both representation vectors of the semantic
evaluator and decoder are set to 50. We randomly select 5%
and 10% of the links to simulate the expert implicit data
samples observed by the semantic evaluator that are connected
with a selected number of explicit terms in each dataset.

B. Experiment Results

Let us now evaluate the performance of our proposed
iSAC. We compare iSAC with the following two solutions

implemented to recover implicit semantics as the benchmark.

(1) Variational Graph Auto-encoder (VGAE)-based solution:
The implicit semantics are first recovered by the semantic
recognizer at the source user and then converted into low-
dimensional embeddings using a GCN. The converted
embeddings will then be sent to the physical channel.
The semantic decoder is also a GCN trained to recover
the full implicit semantics based on the noisy version of
the embeddings sent by the encoder.

(2) Graph Auto-encoder (GAE)-based solution: This solution
is almost the same as the VGAE-based solution with the
only difference that the GCN in the semantic decoder has
been replaced as a sigmoid function.

Let us first evaluate the convergence performance of iSAC.
In Fig. 2, we consider dataset arXiv-GrQc3 and present the
loss function, i.e., the semantic distance Γ, optimized by
semantic evaluator and decoder using SGDs. We can observe
that the semantic evaluator and decoder of our proposed iSAC
can always converge to each other.

In Fig. 3, we compare the accuracy of the inference rule
learned by the semantic decoders of iSAC with that of VGAE
and GAE-based solutions. We can observe that our proposed
iSAC can always achieve the highest accuracy level for infer-
ring the implicit semantics. In particular, with 100 iterations,
VGAE and GAE-based solutions can achieve 80.61% and
77.79% inference accuracy levels, respectively. Our proposed
iSAC is able to achieve the accuracy of 86.01%, bringing over
5.40% and 8.22% improvements.

It can be observed that the inference rule learned by the
destination user can also be applied to recover semantic in-
formation corrupted during the physical channel transmission.
In particular, in Fig. 4, we compare the semantic symbol
error rate under different inference rules learned by iSAC,
VGAE and GAE-based solutions using two different datasets.
We can observe that for both datasets, our proposed iSAC
always offers the lower symbol error rate, compared to VGAE
and GAE-based solutions. In particular, when the SNR of the
destination user is 2 dB, iSAC offers 19.69 dB improvements
in terms of symbol error rate over the traditional data-oriented
communication solutions without any semantic inference.
When comparing to the VGAE and GAE-based solutions, the
proposed iSAC can offer 4.73 dB and 15.26 dB improvements,
respectively. We can also observe that the inference accuracy
of all three solutions are better in arXiv-GrQc3, compared
to Cora-ML. This is because the semantic terms are more
closely linked (with higher degree) in arXiv-GrQc3 than that
in Cora-ML. In other words, our proposed inference-rule-
based implicit semantic communication solutions are more
suitable for message sources consisting of closely linked
semantic terms.

To evaluate the communication efficiency of iSAC, we
compare the required number of fixed dimensional-sized trans-
mitted symbols for recovering the same amount of implicit
semantics at the destination user in Fig. 5 when implementing
iSAC, VGAE and GAE-based solutions in arXiv-GrQc3 and
Cora-ML datasets. We can observe that, compared to the non-
inferential solution, iSAC, VGAE and GAE-based solutions
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Fig. 5: Number of required transmitted symbols for recovering the
same amount of implicit semantics at the destination users as well
as the corresponding ratios compared to the no inference solution
under iSAC, VGAE and GAE-based solutions, under datasets (a)
arXiv-GrQc3 and (b) Cora-ML.

can achieve over 13.89%, 88.33% and 69.17% improvements
in terms of compression rate of transmitted symbols in
dataset arXiv-GrQc3 and over 10%, 80.16%, and 66.72%
improvements in dataset Cora-ML. Also, compared to VGAE
and GAE-based solutions, iSAC achieves around 84.28% and
79.92% reductions in the total number of required transmitted
symbols, respectively, in arXiv-GrQc3, and around 87.52%
and 85.01% reductions, respectively, in Cora-ML. This is
because, in our proposed iSAC, the source user only needs
to send the explicit (clue) semantics to the destination user.
In the VGAE and GAE-based solutions, however, the source
user needs to first recover all the implicit semantics and then
convert all these semantics into the low-dimensional embed-
ding representations for the physical channel transmission.

VI. CONCLUSION

This paper has considered the implicit semantic communi-
cation problem in which, instead of sending explicit semantics,
hidden relations and closely related semantic terms that cannot
be recognized from the source signals need also be delivered
to a destination user. We have developed a novel adversarial
learning-based iSAC architecture in which the source user
tries to assist the destination user to learn an inference rule
that can automatically generate implicit semantics based on
limited clue information. We have proved that by applying
iSAC, the destination user can always learn an inference rule
that matches the true inference rule of the source messages.
Our experimental results have shown that the proposed iSAC
can offer up to 19.69 dB improvement over existing non-
inferential communication solutions, in terms of symbol error
rate of the destination user.
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