
Received 27 November 2025; revised accepted 1 January 2026. Date of publication 12 January 2026; date of current version 26 January 2026.

Digital Object Identifier 10.1109/OJCOMS.2026.3652845

Integrating Semantic Communication and Human
Decision-Making into an End-to-End

Sensing-Decision Framework
EDGAR BECK 1 (Graduate Student Member, IEEE), HSUAN-YU LIN 2, PATRICK RÜCKERT 3,

YONGPING BAO 4, BETTINA VON HELVERSEN 2, SEBASTIAN FEHRLER 4, KIRSTEN TRACHT 3,
AND ARMIN DEKORSY 1 (Senior Member, IEEE)

1Department of Communications Engineering, University of Bremen, 28359 Bremen, Germany
2Department of Psychology, Faculty of Human and Health Sciences, University of Bremen, 28359 Bremen, Germany

3Bremen Institute for Mechanical Engineering, University of Bremen, 28359 Bremen, Germany
4SOCIUM Research Center on Inequality and Social Policy, University of Bremen, 28359 Bremen, Germany

CORRESPONDING AUTHOR: E. BECK (e-mail: beck@ant.uni-bremen.de)

This work was supported in part by the Federal State of Bremen and the University of Bremen as part of the Humans on Mars Initiative; in part by the German
Ministry of Research, Technology and Space (BMFTR) under Grant 16KISK016 (Open6GHub), and in part by the Deutsche Forschungsgemeinschaft (DFG,

German Research Foundation) under Grant 500260669 (SCIL).

ABSTRACT As early as 1949, Weaver defined communication in a very broad sense to include all
procedures by which one mind or technical system can influence another, thus establishing the idea of
semantic communication. With the recent success of machine learning in expert assistance systems where
sensed information is wirelessly provided to a human to assist task execution, the need to design effective
and efficient communications has become increasingly apparent. In particular, semantic communication
aims to convey the meaning behind the sensed information relevant for Human Decision-Making (HDM).
Regarding the interplay between semantic communication and HDM, many questions remain, such as how
to model the entire end-to-end sensing-decision-making process, how to design semantic communication for
the HDM and which information should be provided for HDM. To address these questions, we propose to
integrate semantic communication and HDM into one probabilistic end-to-end sensing-decision framework
that bridges communications and psychology. In our interdisciplinary framework, we model the human
through a HDM process, allowing us to explore how feature extraction from semantic communication can
best support HDM both in theory and in simulations. In this sense, our study reveals the fundamental design
trade-off between maximizing the relevant semantic information and matching the cognitive capabilities
of the HDM model. Our initial analysis shows how semantic communication can balance the level of
detail with human cognitive capabilities while demanding less bandwidth, power, and latency.

INDEX TERMS 6G, assistance systems, human decision-making, human-machine interface, information
maximization (InfoMax), machine learning, psychology, semantic communication, task-oriented commu-
nication, wireless communications.

I. INTRODUCTION

WITH recent breakthroughs in Machine Learning (ML),
such as generative Artificial Intelligence (AI) or

Natural Language Processing (NLP), assistance systems are
now finding their way into everyday life [1]. For example,
doctors are supported by expert assistance systems that
outperform human expertise in evaluating medical image
data for disease diagnosis [2]. Many assistance systems

acquire information about physical, chemical, and biological
processes through sensors or sensor networks and transmit
it to humans for decision-making when performing specific
tasks. Applications that exploit such assistance systems
include remote operation concepts such as digital twins for
production, rescue scenarios, healthcare, autonomous driv-
ing, underwater repairs, remote sensing for earth observation
and swarm exploration [3]. For example, mobile robotic
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systems equipped with sensors can assist Human Decision-
Making (HDM). All of this relies heavily on efficient
and effective wireless communications, which is therefore
an integral part of the entire end-to-end sensing-decision-
making process.
At this point, semantic communication comes into play

as it deals with the question of how information from the
assistance system can be communicated more effectively
to the human to improve HDM in task execution while
demanding less bandwidth, power, and latency. Several
research questions can be identified from this interplay:

a) Joint Modeling: How to model the end-to-end sensing-
decision-making process that bridges the disciplines
communications and psychology?

b) Suitability & Design: Is semantic communication suit-
able for providing the information needed in terms of
relevance and accuracy to facilitate effective HDM?
Given a task, how to design/optimize semantic commu-
nication for accurate HDM, specifically:

i) Which information should be provided to HDM?
ii) How much information should be provided to

HDM?

c) Impact: Given the provided semantic information, how
does the HDM process impact the end-to-end sensing-
decision-making process?

To address these questions, we propose integrating semantic
communication and HDM into a unified probabilistic end-to-
end sensing-decision framework, thereby composing all three
levels described by Weaver [4]. To showcase our framework’s
applicability and highlight its key mechanisms, we examine a
case study grounded in an empirical categorization example.
As a starting point of our study, we will first reflect upon
the state of the art in semantic communication and human
decision-making.

A. SEMANTIC COMMUNICATION
In the 1949 review of Shannon’s general theory of com-
munication [4], Weaver introduces the idea of semantic
communication with regard to both humans and technical
systems. There, he used the term communication “in a
very broad sense to include all of the procedures by which
one mind may affect another. This, of course, involves not
only written and oral speech, but also music, the picto-
rial arts, the theatre, the ballet, and in fact all human
behavior. In some connections it may be desirable to use
a still broader definition of communication, namely, one
which would include the procedures by means of which one
mechanism [. . . ] affects another mechanism [. . . ].” To meet
the unprecedented demands of 6G communication efficiency
in terms of bandwidth, latency, and power, attention has been
drawn to the broad concept of semantic communication [4],
[5], [6], [7], [8], [9], supported by the idea of an 6G AI-native
air interface [10]. It aims to transmit the meaning of a
message rather than its exact version, which has been the
focus of digital error-free system design [4]. Approaches

to the description or design of semantic communication
can be divided into statistical probability-based [11], logical
probability-based [12], knowledge graph-based [13], and
kernel-based [14].

Arguing for the generality of Shannon’s theory not only
for the technical level but for the semantic level design as
Weaver [4], Bao, Basu et al. [15], [16] were the first to
define semantic information sources and channels to tackle
the semantic design by information-theoretic approaches.
With the rise of Machine Learning (ML) in communication

research, transformer-based Deep Neural Networks (DNNs)
have been introduced to AutoEncoders (AEs) for text
transmission to learn compressed hidden representations
of semantic content, aiming to improve communication
efficiency [17]. However, accurate recovery of the source
(text) is the main goal. The approach improves performance
in semantic metrics, especially at low Signal-to-Noise
Ratio (SNR), compared to classical digital transmissions.
It has been adapted to many other problems, e.g., speech
transmission [18], [19]. Meanwhile, also recent advances
in large AI models have found their way into semantic
communication [20], [21].
From a theoretical perspective, building upon the ideas

of Bao, Basu et al. [15], [16], in [9], [22], the authors
explicitly define a semantic random variable and identify
the Information Maximization (InfoMax) problem and its
variation, the Information Bottleneck (IB) problem, as appro-
priate semantic design criteria. Solving the InfoMax problem
with ML tools, the authors obtain their design Semantic
INFOrmation TraNsmission and RecoverY (SINFONY). For
more details, we refer the reader to Sections II-B and III-C.
Furthermore, task-oriented edge-cloud transmission has been
formulated as an IB problem [11].

Semantic communication has been extended to process
several types of data, i.e., multimodal data, such as image,
text, depth map data [23], [24]. In addition, monitoring,
planning, and control of real worlds require the processing
of multiple tasks. Thus, in [25], [26], the authors extend the
concept of a semantic source to include multiple semantic
interpretations. To facilitate cooperative multitask processing
and improve training convergence, the semantic encoders are
divided into common and specific units, extracting common
low-level features and separate high-level features. In [27],
the authors move beyond traditional data-level compression
towards a joint sensing, computation, and communication
framework that emphasizes sensing, power and timing
constraints. They propose a holistic semantic-level system
optimization involving sensing quality, feature quantization,
and resource constraints, achieved through formulating and
solving resource allocation problems directly aimed at
improving task performance.
So far, the human behind the application or task has

only been taken into account by theory, with the rate-
distortion-perception trade-off [28], [29]. For example, the
mean square error distortion is known to be inconsistent
with human perception and thus not a good semantic
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optimization criterion [28]. Precisely because humans make
the final decision when performing a task, we aim to fill
the research gap of bridging semantic communication and
human decision-making into an end-to-end sensing-decision
framework.

B. HUMAN DECISION-MAKING
Even though the decision capability of artificial systems
is increasing, in many situations the final decision-maker
will be a human, and humans do not always make rational
decisions. Therefore, to optimize the results, the needs, and
capabilities of the decision-maker must be considered in the
semantic communication design, e.g., by definition of the
semantic source.
Humans are undoubtedly expert decision-makers who

can cope well with uncertainty and complexity [30], [31].
However, it has been repeatedly shown that Human Decision-
Making (HDM) can be systematically biased and decisions
can be influenced by irrelevant information and context, as
shown in the large literature on heuristics and biases [32]. For
example, judges’ sentencing decisions can be systematically
influenced by asking whether a sentence should be higher
or lower than a randomly generated number [33], and
decisions differ depending on whether the same information
is presented in frequencies or percentages [34].
Rational models of decision-making typically require the

decision-maker to consider all relevant information about the
decision options and the context [35]. However, humans have
limited cognitive resources, such as attention or working
memory capacity, which restricts the amount of information
they can process at once [36], [37].
It is often assumed that humans deal with these limited

capacities by using simplified decision strategies that often
consider only a subset of the information and discard “extra”
information [32], [35], [37]. For example, the “take-the-
best” heuristic assumes that the decision-maker considers
only one dimension at a time in the order of validity of
the dimension. A decision is made when the decision-
maker encounters a dimension that discriminates between
alternatives [38]. Importantly, the use of heuristics such as the
take-the-best heuristic often leads to decision performance on
par with complex decision rules if the most valid predictors
are indeed considered [39].
However, humans are not always able to identify the best

predictors, especially when the information environment is
complex, they lack expertise, are pressed for time, or are dis-
tracted [40]. In these situations, as the growing literature on
decision-support/assistance systems shows, human decision-
making can be supported and improved by highlighting
relevant information, providing summary information, or
reducing irrelevant information [41]. Even when the human
decision-maker has access to all relevant information and is
able to integrate the information properly, humans have a
tendency to respond probabilistically [42], [43]. When given
several options, and each option has a certain probability
of being correct, the optimal decision (that has the highest

chance of being correct) is to deterministically choose the
option with the highest probability of being correct. While
humans choose the best option in the majority of the
trials, they usually also tend to choose other options. This
variability in human decision-making has likely multiple
causes [44].

Semantic communication offers the flexibility to adapt
the transmitted information to facilitate the achievement
of the human decision-maker’s goals. The integration of
semantic communication and human decision-making leads
to a paradigm shift that includes the communication chain
in the decision-support/assistance system.

C. MAIN CONTRIBUTIONS
The main contributions addressing the above-mentioned
research questions are the following:

• In this article, we propose a broadly applicable prob-
abilistic end-to-end sensing-decision framework that
wirelessly links sensed data with relevant information-
based Human-Decision Making (HDM) by semantic
communication.

• Based on this framework, we extend the information-
theoretic view on semantic communication towards
presentation design and HDM model training, revealing
the fundamental presentation or semantic communica-
tion design trade-off between maximizing the relevant
semantic information and matching the cognitive capa-
bilities of the HDM model. In this sense, our study
provides new insights for the design/interaction of
semantic communication with models of HDM.

• To showcase our framework’s applicability and inves-
tigate its key mechanisms, we examine categorization
examples using effective HDM models. Simulation
results on image and audio stimuli data show that,
when balancing the design trade-off between feature
extraction in semantic communication and cognitive
constraints of the HDM model, adjusting the level of
detail to match human cognitive capabilities is more
important for achieving high decision accuracy than
simply providing more relevant information. Moreover,
this effect becomes more pronounced when the context
changes, e.g., under limited experience or processing
capacity. Furthermore, randomness involved in the
HDM process decreases accuracy.

• Semantic communication is able to provide the HDM
model with sufficient information for making accurate
decisions, while demanding less bandwidth, power, and
latency compared to classical digital Shannon-based
approaches.

• We exploit our end-to-end framework to jointly optimize
semantic communication and HDM. First numerical
results show that end-to-end optimization has the
potential to improve HDM accuracy at the cost of
additional alternating training iterations.

• Finally, we provide an outlook on open research
questions of our approach, including the design of
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FIGURE 1. Sketch of the end-to-end sensing-decision process for the example of
tool wear assessment. It also situates the fundamental design trade-off between
semantic communication and human decision-making.

FIGURE 2. Block diagram of the end-to-end sensing-decision framework, i.e., the
probabilistic system model including human decision-making.

information presentation through visualization, as well
as game theory perspectives on sender-receiver conflicts
of interest.

II. END-TO-END SENSING-DECISION FRAMEWORK
To elaborate on our idea, we now describe our proposed
end-to-end sensing-decision framework, which consists of
multiple steps, exemplarily sketched in Fig. 1 and modeled
as shown in Fig. 2. It is based on the semantic communi-
cation model of [9], including the complete communication
Markov chain with the HDM model.

A. SEMANTIC SOURCE
The human performs tasks such as ensuring that machines
in production run smoothly, which requires judging whether

a tool is damaged or still operational. We will refer to this
tool categorization task as our guiding example, whose flow
is sketched in Fig. 1. The task defines the model of the
world, i.e., the semantics, and is described by a semantic
multivariate Random Variable (RV) z ∈ MNz×1 from the
domain Mz of dimension Nz, distributed according to a
probability density or mass function (pdf/pmf) p(z) [9]. To
simplify the discussion, we assume that it is discrete and
memoryless.1 The semantic source p(s, z) links the semantics
expressed by z with the sensed, observed signal RV s ∈
MNs×1 that enters the communication system. This sensed
data can be, e.g., images of a tool taken from different
perspectives, as shown in Fig. 1. The semantic link can
be modeled in the Markov chain by a semantic channel, a
conditional distribution p(s|z), as shown in Fig. 2.

B. SEMANTIC COMMUNICATION
The semantic communication system encodes the sensed
signal s with the encoder pθ (x|s), parametrized by θ ∈
R
Nθ×1, to the transmit signal x ∈ MNTx×1 (see Fig. 2) for

efficient and reliable semantic transmission over the physical
communication channel p(y|x), where y ∈ MNRx×1 is the
received signal vector, so that the semantic RV z is best
preserved [9]. At the receiver side, the decoder qϕ(z|y) with
parameters ϕ ∈ R

Nϕ×1 recovers the semantics z for the
receiver.
In [9], the authors identified the Information Maximization

(InfoMax) problem as an appropriate design criterion for
semantic communication, since it maximizes the amount of
mutual information Iθ (z; y) of the semantic RV z contained
in the received signal y:

arg max
pθ (x|s)

Iθ (z; y) (1)

= arg max
θ

Ez,y∼pθ (z,y)

[
ln

pθ (z, y)
p(z)pθ (y)

]
(2)

= arg max
θ

H(z) − Hθ (z|y) (3)

= arg max
θ

Ez,y∼pθ (z,y)
[
ln pθ (z|y)

]
(4)

= arg max
θ

Ez,s,x,y∼p(y|x)·pθ (x|s)·p(s,z)
[
ln pθ (z|y)

]
. (5)

There, Ex∼p(x)[f (x)] denotes the expected value of f (x) with
respect to both discrete and continuous RV x, H(z) =
Ez∼p(z)[− ln p(z)] the entropy of z, and H(z|y) the condi-
tional entropy.
If the computation of the posterior pθ (z|y) in (4) is

intractable, we can replace it by a variational distribution, i.e.,

1For the rest of the article, note that the domain of all RVsM can be either
discrete or continuous. Also note that the definition of entropy is different
for discrete and continuous RVs. For example, the differential entropy of
continuous RVs can be negative, while the entropy of discrete RVs is always
positive [45]. Thus, without loss of generality, we will assume that all RVs
are either discrete or continuous. In this paper, we avoid notational clutter
by using the expectation operator: By replacing the summation over discrete
RVs with an integral, the equations are valid for continuous RVs, and vice
versa [9].
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the decoder qϕ(z|y), to define a Mutual Information Lower
Bound (MILBO) [9], [46], [47]:

Iθ (z; y) ≥ H(z) + Ez,y∼pθ (z,y)
[
ln qϕ(z|y)] (6)

= H(z) + Ey∼pθ (y)
[
Ez∼pθ (z|y)

[
ln qϕ(z|y)]] (7)

= H(z) − LCE
θ ,ϕ . (8)

Noting that only the negative amortized cross-entropy LCE
θ ,ϕ

in (8) depends on both θ and ϕ, and fixing the transmit
dimension to NTx, we can optimize encoder and decoder
parameters [9]: {

θ∗,ϕ∗} = arg min
θ ,ϕ

LCE
θ ,ϕ . (9)

Note that the form of pθ (y|s) must be constrained to avoid
learning a trivial identity mapping y = s. In fact, we
constrain the optimization and information rate by our com-
munication channel p(y|x) and number of channel uses NTx,
which we assume to be given. This introduces an Information
Bottleneck (IB). Alternatively, we can explicitly constrain
the information rate Iθ (s; y) in an IB problem [9], [22].
To solve (9), we use the empirical cross-entropy and ML
techniques such as DNNs, Stochastic Gradient Descent
(SGD), and the reparametrization trick to obtain our ML-
based design Semantic INFOrmation TraNsmission and
RecoverY (SINFONY) [9], [22].
Through the discriminative modeling assumption pθ (x|s),

sample-based optimization, and the use of a variational
decoder, we avoid explicit modeling of the high-dimensional
semantic source distribution p(s, z) and computation of
high-dimensional integrals for mutual information com-
putation — crucial benefits. To handle high-dimensional
data s, we need to use more expressive models, such as
DNNs, to accurately approximate the posterior with the
variational decoder qϕ(z|y). In semantic communication,
we can also exploit the encoder pθ (x|s) to reduce the
dimensionality facilitating effective decoder processing and
saving bandwidth, enabled by the assumption H(s) ≥
H(z) [9]. Care must be taken, however, to avoid losing
relevant information about z in y, i.e., to maintain high
Iθ (z; y).

We note that the semantic communication system is able
to make a decision by itself after optimization/training based
on the decoder qϕ(z|y). For the discrete RVs, the most likely
option, i.e., the Maximum A-Posteriori (MAP) estimate, is
optimal:

z̃ = arg max
z

qϕ(z|y) (10)

This decision process in operation mode is modeled as p(z̃|y)
(see Fig. 2).

C. SEMANTICS PRESENTATION
Finally, semantic communication presents the received signal
y or the extracted probabilistic semantic decoder estimate
qϕ(z|y) — in the best case containing maximum amount of
information about the semantic RV z according to (4) or (6)—

to the HDM model. We describe this process by p(ν|y) with
a presentation RV ν ∈ R

Nφ×1. In practice, the presentation
ν must be tailored to a human, requiring a Human-Machine
Interface (HMI) that is typically designed handcrafted, such
as visualization (see Fig. 1). In this work, we abstract the
HMI as in a technical system — where the components are
connected by a deterministic function ν = f (y).

D. HUMAN DECISION-MAKING MODEL
Based on the HMI or semantics presentation ν, the human
decision-maker then makes a decision to complete the overall
task. In this work, we will model the Human Decision-
Making (HDM) process probabilistically by p(ẑ|ν) to make
a first step towards integrating and evaluating the human
with the technical system, i.e., semantic communication
and HDM. Finally, by decision, we obtain the estimated
semantics ẑ ∈ MNz×1

z , which can be different from the true
semantic RV z (see Fig. 1). In our guiding example, this
could mean that the HDM process decides that the tool is
damaged even though it is still usable, and vice versa.
Reflecting the variance in decision tasks, the literature

on HDM includes a variety of theoretical models and
approaches to capture decision processes [48], [49]. The
most appropriate model often varies depending on the type
of decision task and context. In this example, we focus on
categorization tasks where the decision-maker must decide
based on their experience whether an object belongs to one
of M categories, such as whether a tool can still be used or
whether the concentration of a toxic gas is above a certain
threshold.

1) GENERALIZED CONTEXT MODEL

While a large number of increasingly complex models of
human categorization have been proposed [50], [51], [52],
the core assumptions of the Generalized Context Model
(GCM) [53], [54] are commonly adapted by many suc-
cessors [55] and have been successfully used to describe
categorizations of complex real world stimuli [56], [57].
Despite the relative simplicity of the GCM, the well-

studied model and its variants can easily account for HDM
under different contexts, e.g., under time pressure [58], [59],
capture human judgment under cognitive load [60], and
explain common HDM biases, e.g., base-rate bias [61]. At
the same time, GCM has been applied to different aspects
of human cognition, e.g., artificial grammar [62], leadership
competence judgment [63], and mental multiplication [64].
Several extensions of GCM have been created to explain even
broader aspects of HDM such as reaction time in decision-
making [65] or learning [66]. Since the GCM is a powerful
approximation to human categorization decisions, we choose
it to simulate the decision-making process.
An important assumption of the GCM is that cate-

gorization decisions are made on the basis of exemplar
memory, i.e., previously seen realizations that are retrieved
from memory. Accordingly, in the tool example, the model
assumes that the decision-maker first experiences N tool
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realizations and whether those tools need to be replaced.
These tools are then remembered as the i-th “exemplar”, i.e.,
realization νi, with the corresponding label zi, so we have
an exemplar dataset or HDM knowledge base DHK =
{νi, zi}Ni=1. Since the semantic RV z is a categorical RV, we
can describe it by a one-hot vector z = one-hot(k) where all
elements are zero except for the element k ∈ {1, . . . ,M} that
represents the tool state from a total number of M states.
For example, for binary states, we have k ∈ {1, 2} with
M = 2.

When the decision-maker encounters a new tool
presentation ν, the probability qϕG

(z = z|ν,DHK) =
q(z = z|ν,DHK,ϕG) of making the decision z =
one-hot(k) given this representation ν is the result of
the comparison between ν and all seen realizations νi
from DHK:

qϕG

(
z = z|ν,DHK

) =
∑N

i=1 sim
(
νi, ν|ϕG

) · [zi = z]∑N
i=1 sim

(
νi, ν|ϕG

) (11)

with GCM parameters ϕG and [zi = z] being the Iverson
bracket, which is equal to 1 if zi = z and 0 otherwise.
This means the approximating posterior qϕG(z|ν,DHK) is
determined by the sum of similarities between ν and all
the seen realizations zi that belong to the decision z, and
normalized by the similarity to all the seen realizations
regardless of the decision. We note that the model (11)
assumes that the decision-maker has perfect memory of its
knowledge base DHK.
The similarity sim

(
ν1, ν2|ϕG

)
between two presentations

decreases exponentially as the Euclidean distance between
two presentations increases and depends on the learnable
GCM parameters ϕG = {γ,w}:

sim
(
ν1, ν2|ϕG

) = e−γ ·d(ν1,ν2|w)

= e−γ ·([ν1−ν2]T ·diag{w}·[ν1−ν2]
)1/2

(12)

with diag{w} creating a diagonal matrix with ele-
ments of w ∈ R

Nφ×1 on its diagonal and distance
measure d(ν1, ν2|w).
A unique assumption of the GCM is that each ele-

ment or feature νn of a seen realization νi is weighted
by attention weights wn and hence does not contribute
equally to the perceived similarity. To achieve the atten-
tion functionality, the weights are constrained by wn ≥
0 and normalized by

∑Nφ

n=1 wn = 1. The parameter γ

has two interpretations: First, the similarity gradient γ

describes the sharpness of the decline in similarity, with
higher γ resulting in a sharper decline of similarity
when the distance increases. Second, the parameter γ

describes the consistency in making decisions and reflects
the probabilistic nature of the HDM process, akin to the
temperature parameter in the Boltzmann distribution [67].
Accordingly, a lower parameter γ results in a new tool being
more confidently categorized to the category with higher
similarity.

2) HDM-BASED PROBABILISTIC DECISION-MAKING

After training of the GCM (see Section II-F.1), the strategy
of the HDM model is equal to the random process [42], [43]:

ẑ ∼ p
(
ẑ|ν) = qϕG

(
z = ẑ|ν,DHK

)
. (13)

When faced with options of varying probabilities, people
tend to distribute their choices according to the probability
distribution rather than always selecting the most likely
option resulting in a suboptimal policy [42], [43]. Thus, the
accuracy of human decisions can be worse compared to
that of the optimal deterministic policy (10) of the technical
(semantic communication) system, e.g., SINFONY.

E. END-TO-END SENSING-DECISION MODEL
With all the aforementioned subcomponent models, we are
able to create a generative model of the end-to-end sensing-
decision process answering the first research question a)
Joint Modeling. We note that we can distinguish between
four different models corresponding to four system stages:
1) Design of semantic encoder pθ (x|s) and decoder

qϕ(z|y) based on the forward communications model

p(z, s, x, y) = p(z, s) · pθ (x|s) · p(y|x) . (14)

2) Semantic communication is executed in operation
mode to make decisions via (10). Then, the model is

p(z, s, x, y, z̃) = p(z, s, x, y) · p(z̃|y) . (15)

3) The HDM model qϕG
(z|ν,DHK) is trained based on

seen presentation and label realizations from semantic
communication in operation mode. The underlying
model is

p(z, s, x, y, ν) = p(z, s, x, y) · p(ν|y) . (16)

4) Semantic communication presents information to the
HDM model that finally makes a decision. The
overall end-to-end sensing-decision model of Fig. 2 in
operation mode after all training phases is:

p
(
z, s, x, y, ν, ẑ

) = p(z, s, x, y, ν) · p(ẑ|ν)
. (17)

We emphasize the broad applicability of the proposed end-
to-end sensing-decision framework, as it relies on generic
Markov chain and probabilistic modeling assumptions,
including the HDM decision, and can naturally be extended
to incorporate, e.g., sensing, timing and power aspects such
as in [27]. Since any semantically meaningful information
can be communicated to the HDM model regardless of
implementation details, the framework and its conclusions
are widely transferable.

F. INFORMATION-THEORETIC OVERALL VIEW ON
DESIGN IN THE END-TO-END SENSING-DECISION
FRAMEWORK
We can exploit our end-to-end sensing-decision frame-
work (14)-(17), to extend the information-theoretic view of
semantic communication to both the semantics presentation
and the HDM model to gain new insights.
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1) HDM MODEL – TRAINING

In this work, the GCM is optimized given a presentation ν

based on a fixed, optimized semantic communication system
of model (16). In general, the GCM parameters ϕG = {γ,w}
are optimized using the maximum likelihood criterion [54].
We note that maximization of the log-likelihood function
is equal to amortized minimization of the empirical cross-
entropy on the training set [45]. Transferring the InfoMax
view from the semantic communication system in (8), this
means we optimize a lower bound on the mutual information
Iθ (z; ν), but now between z and ν with respect to ϕG:

Iθ (z; ν) ≥ H(z) + Ez,ν∼pθ ,ϕ(z,ν)

[
ln qϕG(z|ν,DHK)

]
(18)

= H(z) − LCE
ϕG

. (19)

From an information-theoretic view, we conclude that the
choice of the GCM optimization criterion

ϕ∗
G = arg min

ϕG

LCE
ϕG

(20)

is well-motivated. Furthermore, comparing (6) and (19),
we conclude that the HDM model can be interpreted as a
decoder. If the GCM is the decoder, then we can show —
using a Markov chain decomposition as in (5) — that we
optimize it given a new overall encoder pθ ,ϕ(ν|s) includ-
ing semantic communication and semantics presentation
(see Fig. 2). To solve (20), computer search methods
such as the differential annealing algorithm are typically
used [54], [68]. In this work, for computational efficiency
and joint integration with SINFONY, we implemented the
GCM in the automatic differentiation framework TensorFlow
and exploit SGD for optimization of its parameters until
training convergence. The source code is available in [69].

We note that training rarely achieves full convergence in
real-world environments. For example, humans seldom attain
full mastery of tasks due to limited access to training samples
and repetitions, as well as variable conditions such as
motivation and distractions [57]. Consequently, simulations
typically provide an upper bound on HDM performance.
Moreover, training suboptimality is reflected in a property
of (20): The objective function LCE

ϕG
is non-convex in

the GCM parameters ϕG. The proof is provided in the
Appendix. Consequently, iterative optimization algorithms
are not guaranteed to reach the global minimum; we therefore
adopt strategies from DNN training to converge to a good
local minimum. To regularize the search space, we choose
the starting point γ = 1 and w = 1/Nφ , which gives equal
importance to all presentation variables from the start.

2) SEMANTICS PRESENTATION – DESIGN OPTIMIZATION
Moreover, if we make the presentation process pθP(ν|y) with
parameters θP tunable and add the resulting overall encoder
pθO(ν|s) with parameters θO = {θ ,ϕ, θP} to the optimization
problem (20), we arrive at the MILBO objective function:

IθO(z; ν) ≥ H(z)

+ Ez,y,ν∼pθ,ϕ(z,y)·pθP (ν|y)
[
ln qϕG

(z|ν,DHK)
]

= H(z) − LCE
θO,ϕG

. (21)

Now, minimizing the amortized cross-entropy, i.e.,

{θ∗
O,ϕ∗

G} = arg min
θO,ϕG

LCE
θO,ϕG

, (22)

allows for joint end-to-end optimization of all components
with respect to all framework parameters θ ,ϕ, θP,ϕG,
leading to a unified design. We note that we can solve (22)
given a fixed semantic communication system to only tune
the presentation pθP(ν|y), which we first focus on.

Decomposing the amortized cross-entropy LCE
θO,ϕG

as in [9]
into

LCE
θO,ϕG

= H(z) − IθO(z; ν) (23)

+ Eν∼pθO (ν)

[
DKL

(
pθO(z|ν) ‖ qϕG(z|ν,DHK)

)]
reveals two possibly conflicting design criteria:
1) The presentation encoder pθP(ν|y) should maximize

the mutual information IθO(z; ν) that depends solely
on it through the true posterior pθO(z|ν) (see (4)).

2) Both true overall posterior pθO(z|ν) — and hence
the presentation encoder pθP(ν|y) — and the HDM
model qϕG

(z|ν,DHK) are matched by minimizing the
Kullback-Leibler (KL) divergence.

In a technical semantic communication system
from Section II-B, we can avoid the design conflict by
using a model qϕ(z|y) expressive enough to approximate
pθ (z|y) arbitrarily well, such that the focus lies on the
InfoMax term. However, in case of the end-to-end sensing-
decision training model (16), if the HDM model (or human)
constrains the form (or capacity) of qϕG

(z|ν,DHK), i.e., the
solution space, to some degree, the two optimization terms
in (23) are traded off: Then, the true posterior pθO(z|ν)

has to be fit to qϕG
(z|ν,DHK) and we do not maximize

IθO(z; ν) alone which could lead to a loss in mutual
information.
Example 1: These abstract information-theoretic insights

explain well what we observe in practice with hand-
crafted presentations. In reality, it is difficult to
understand and subsequently visualize the received raw
communications signal y for a human without any
preprocessing:

• We have to match the presentation encoder pθP(ν|y) to
the cognitive process qϕG

(z|ν,DHK) according to the
KL divergence term in (23). Fortunately, the semantic
decoder qϕ(z|y) obtained by maximizing the MILBO
extracts the semantic information of z from y and allows
for meaningful presentation to and interpretation by the
HDM model qϕG

(z|ν,DHK) (or human).
• However, we may lose relevant information about
z fitting the presentation to the cognitive process
including the semantic decoder preprocessing in the
Markov chain z → y → qϕ(z|y) → ν according to the
data processing inequality

I(z; y) ≥ I
(
z; qϕ(z|y)) ≥ I(z; ν) . (24)

Example 2: Another example of how the HDM process
influences presentation design is that research on HDM
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models focuses on the interplay between relevant features
ν and requires a certain level of feature extraction pθP(ν|s)
from raw images s (or y) for HDM model processing. For
an overview of this research, we refer the reader to [70].
These HDM models were not built to process raw images
s directly, i.e., qϕG

(z|ν = s,DHK), which would lead to
unrealistically poor performance despite maximum relevant
information in s about z. Thus, in the numerical results
of Section III-D, we cannot compare to a setup where the
raw data of the images s are digitally communicated and
then directly processed by the HDM model.
Based on our end-to-end sensing-decision framework, we

conclude that it highly depends on the processing capabilities
of the HDM model if it can extract more or less information
about z from y than the semantic decoder. Moreover, we
conclude that balancing of two possibly conflicting criteria
is key for presentation design:
1) Relevant information preservation: On the one hand,

careful design of ν is required to not lose any relevant
information about z for the final decision. For example,
the higher the dimension Nφ of the presentation RV ν,
the more detailed the presentation to the HDM model
is, and the more information it contains.

2) Presentation alignment to the HDM model: On the
other hand, the presentation has to be in a form that
can be understood by the HDM model, effectively
restricting the set of possible presentations ν. For
example, compressing the relevant information about
z into ν may be required to ease cognitive processing,
thereby enhancing both the effectiveness (decision
accuracy) and efficiency (response speed).

To investigate how to balance these two design rules, we
compare two types of handcrafted presentations in our
numerical example of Section III-D.1, which we extend into
end-to-end optimized presentations in Section III-D.2. For an
outlook on the inclusion of HMIs in practice, please refer
to Section V.

III. SIMULATIVE INVESTIGATION
In this section, we evaluate first numerical results of our joint
framework using classification examples. The inclusion of
diverse datasets for semantic source modeling, such as the
standard MNIST and CIFAR10 datasets and audio stimuli in
addition toourguiding tool example, enables thegeneralization
of conclusions beyond the specific case of tool wear.

A. PERFORMANCE MEASURES
We measure the performance of decision-making for both
semantic communication and the HDM model by the
categorical accuracy

A = Ez∼p(z)
[
p(z̃ = z|z)] =

∑
z∈MNz×1

p(z̃ = z, z) (25)

≈ 1

N

N∑
i=1

[
z̃i = zi

]
(26)

— comparing predicted and true category realizations z̃i and
zi — or the classification error rate 1 −A common in com-
munications. Since the HDM model decides probabilistically
based on the input νi, we can calculate the accuracy based on
the end-to-end sensing-decision model (17) shown in Fig. 2
by the sum of the probabilities of the GCM responding to
the correct category zi [53]:

A = Ez∼p(z)
[
p
(
ẑ = z|z)] (27)

= Ez∼p(z)
[
Eν∼p(ν|z)

[
p
(
ẑ = z|ν)]]

(28)

= Ez,ν∼p(z,ν)

[
p
(
ẑ = z|ν)]

(29)

≈ 1

N

N∑
i=1

p
(
ẑ = zi|ν = νi

)
(30)

= 1

N

N∑
i=1

qϕG(z = zi|ν = νi,DHK) . (31)

This method of calculating accuracy is com-
monly used in psychology studies for HDM
models [53].

B. EXEMPLARY SEMANTIC SOURCE DATASETS
Tool wear and tool replacement decisions pose a com-
mon challenge in the metal cutting industry to reduce
production costs [71], and represent an exemplary seman-
tic source of this work along the ones summarized in
Table 1.
ToolWear: In this decision-making problem, the semantic

RV z is modeled as a binary variable with two states, where
z = [1, 0]T indicates a worn tool and z = [0, 1]T indicates
a usable tool. Although optical measurement techniques
provide accurate assessments of tool wear, small and
medium-sized companies often rely on machine operators
to manually assess tool wear. To automate this process, a
dataset was recorded where human experts were presented
two different grayscale images of each tool [72]: One image
s1 ∈ I 218×380×1 with I = {0, 1, . . . , 255} taken from
the side and another s2 ∈ I 487×380×1 taken from the top
(see Fig. 1). Based on these observations s = {s1, s2}, the
experts labeled the tools into the binary states z.

This process resulted in a dataset D = {(si, zi)}Ni=1
modeling our semantic source p(s, z) and consisting of N =
1, 632 data pairs, with an 85% split between training and
validation data.
Classic Image Data: We also revisit the MNIST and

CIFAR10 examples from [9], [69] to extend our analysis to
different tasks and larger datasets with N = 70, 000 and
N = 60, 000, respectively.

For clarity and reproducibility, we select image clas-
sification as a representative example task. This choice
is motivated by the fact that image classification is well
understood, widely adopted in prior works, and allows for
fair comparison under controlled conditions. In this way,
the focus remains on the framework itself rather than on
improving a particular downstream task.
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TABLE 1. Datasets – exemplary semantic sources.

Audio Signals: Moreover, we broaden the generality of
our framework and its numerical results by testing on the
modality of audio stimuli with the Speech Commands [73]
and UrbanSound8K [74] datasets for keyword spotting and
acoustic scene classification, see Table 1, respectively.
Audio Preprocessing: To preprocess the data samples

as input for SINFONY, we take the following steps: For
UrbanSound8K, we downsample the signal from 44.1 kHz
to 16 kHz and zero-pad to the maximum duration of 4 s,
reducing maximum sample size 176, 400 to uniform 64, 000-
length samples. For 16 kHz Speech Commands signals of
1 s, we compute the spectrogram by the short-term Fourier
transform with frame length of 255 and frame steps of
128 leading to a spectrogram size of 124 × 129 and,
for UrbanSound8K, 512 and 256 leading to 249 × 257,
respectively. Lastly, we normalize the spectrograms by
maximum and minimum value to [0, 1].

C. SEMANTIC COMMUNICATION ANALYSIS
As the design approach for semantic communication and
to solve (9) with the model (14), we use our ML-
based SINFONY approach from [9], [22]. However, we
note that the conclusions derived from the results about
the interplay between semantic communication and HDM
models are not limited to this approach. These also extend
to other methods, e.g., model-based approaches, capable of
providing the same quality of soft information at inference
runtime. For example, RL-SINFONY leverages reinforce-
ment learning to train the design via (9) to comparable
performance [22].

1) SINFONY DESIGN

As shown in [9], [22], we apply SINFONY to a dis-
tributed multipoint scenario, where meaning from multiple
image sources is communicated to a single receiver for
semantic recovery of the RV z. In the numerical example
of [9], four distributed agents extract features from dif-
ferent image views with an encoder based on the famous
and powerful ResNet architecture [75] for rate-efficient
transmission. Based on the received signals, the decoder
recovers semantics by classification. Numerical results of [9]
on images from the MNIST and CIFAR10 datasets show
that SINFONY outperforms classical digital communica-
tion systems in terms of bandwidth, latency and power
efficiency.
In this article, we reuse the SINFONY approach for

integration with the HDM model. SINFONY is particularly

well-suited for integration because it can be easily adapted
to any semantic source p(s, z), i.e., use case, including tool
damage classification, by changing the data samples and
specifically designing its DNN architecture.
In the guiding tool example, two image sensors provide

different views of the tool (see Fig. 1). This results in a
SINFONY design (see Communications Design in Fig. 2)
with two encoders piθ i(xi|si) with i = {1, 2} that can be con-
catenated into one virtual encoder pθ (x|s), and one decoder
qϕ(z|y). When the image dimensions of si grow large, as
in the case of Tool Wear, we improve dimension reduction
of the SINFONY encoder for low-complex and bandwidth-
efficient feature extraction, adopting the ImageNet version
of ResNet18 [76], e.g., including an initial extra Max
Pooling step. This results in NFeat = 512 features per
encoder.
We test two SINFONY Tx module designs that map

those features onto the transmit signal xi ∈ MNTx×1: one
with feature compression (NTx = 128) and one without
(NTx = 512). Note that the number of channel uses NTx
is proportional to bandwidth, i.e., B ∼ NTx. The signals xi
are transmitted over a communication channel p(yi|xi) to
the decoder that consists of a common Rx layer of width
Nw = 1024 processing the concatenated received signals
yi ∈ MNRx×1, each of length NRx = NTx, and a final softmax
layer with M = 2 classes.

As in [9], we train for SNRtrain ∈ [−4, 6] dB in
model (14). We also reuse the SINFONY designs for the
MNIST and CIFAR10 datasets from [9] and combine them
with the HDM model. For the audio datasets, we use
the same design from [9] but adopt the ImageNet version
of ResNet18 because of the large spectrogram dimensions
provided in Table 1 as well. The version with feature
compression is NTx = 64 and without NTx = 512. The
source code including all details is available in [69].

2) COMMUNICATION CHANNEL MODEL

The proposed SINFONY approach and likewise the proposed
end-to-end sensing-decision framework are very generic
in their assumptions about the communication channel
p(yi|xi). For simplistic abstraction of reality and to study
the interplay between semantic communication and human
decision-making, the focus of this work, we assume an
AWGN channel in the numerical experiments following [9].
In practice, many more channel effects such as multi-
path interference, fading, and hardware non-idealities such
as carrier frequency offset and phase offset have to be
considered. In the two exemplary works [77], [78], the
authors show how a complete AE design of classical digital
bit communication handling these effects can be achieved
by means of ML-techniques, competitive or superior to
expert-designed baseline approaches. These methods can be
readily transferred to the SINFONY design with its semantic-
oriented transmit signals to account for more complicated
channel effects, as they compensate the effects upfront bit
reconstruction.
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3) SINFONY-BASED DECISION-MAKING

First, we evaluate the performance of SINFONY-based
decision-making within the semantic communication oper-
ation mode model (15), where SINFONY makes the final
decision via (10).
Tool Wear dataset: Fig. 3 shows the classification error

rate 1 − A, with A from (26), on the Tool Wear dataset
over an AWGN channel as a function of SNR. The key
findings are similar to those for MNIST and CIFAR10 [9]
but become much more obvious: Using less channel uses
per encoder with SINFONY NTx = 128 than the number
of features (NFeat = 512) results in the same performance
compared to SINFONY Tx/Rx NTx = 512. This indicates
that feature compression and thus a reduction in bandwidth
is possible.
Moreover, we compare to central image processing by a

ResNet classifier [69] with classic digital transmission of the
sensed images (Classic digital): We assume that the RGB
image bits are Huffman encoded, protected by an LDPC code
with rate 0.25 and BPSK modulated. At the receiver side, we
use belief propagation for decoding. On average, the channel
is utilized over 23, 400 times more frequently per encoder,
with NTx ≈ 2, 998, 626.82 ≈ 3 · 106 uses. Furthermore, at
low SNR, significantly more power is needed to achieve
the same classification error rate, e.g., about 10 dB more
for 35%. Instead of graceful degradation as for SINFONY,
we observe a cliff effect typical for digital communication
at a SNR threshold of −2.5 dB: Communication quality
remains robust as long as channel capacity exceeds code
rate and the LDPC code operates within its working point,
but rapidly breaks down otherwise. This sharp contrast in
performance and bandwidth highlights the huge potential of
semantic communication.
Audio datasets: Applying SINFONY for the first

time to audio stimuli, i.e., the Speech Commands and
UrbanSound8K datasets, we observe the same qualitative
behavior like for MNIST and CIFAR10. We have a SNR
gap of 3 dB, if we compress the features for transmission
from NTx = 512 to NTx = 64. Comparing to NTx ≈ 1.76 ·
105 and NTx ≈ 8.2 · 105 channel uses per audio sensor
for Speech Commands and UrbanSound8K with digital
communication of the 16-bit PCM signals, respectively, the
reduction in bandwidth is substantial, consistent with the
savings observed for Tool Wear. Moreover, the maximum
accuracy of digital audio transmission slightly improves
over distributed SINFONY processing. This is most likely
because of the artificial split of the audio data for distributed
SINFONY processing, such that correlations and patterns
among splits are partly lost after processing. The real multi-
view Tool Wear dataset does not exhibit this behavior, since it
is not affected by any artificial splitting; thus, the observation
is irrelevant for real-world scenarios.

D. END-TO-END SENSING-DECISION ANALYSIS
Now, we assume our end-to-end sensing-decision model, i.e.,
the overall model (17): The semantic information in the

images is transmitted by SINFONY over a communication
channel and then fed into the HDM model, i.e., the
GCM. Note that, in contrast to the SINFONY scenario
of Section III-C.3, the HDM model now makes the final
decision.

1) SEMANTICS PRESENTATION DESIGN

In Section II-F.2, we derive two design criteria for the
semantics presentation ν: 1) It should keep all relevant
information about z. 2) It should fit to cognitive processing
capabilities, i.e., capacity, of the HDM model. We note that
since HDM models are not capable to process the raw data
of the images s directly [70] as outlined in Section II-F.2,
we cannot simply compare to a setup where the raw data of
the images s are digitally communicated and processed. This
means the design choice ν = s is ruled out in this work.

Therefore, we aim to gain first insights on the design trade-
off by comparing HDM model performance with different
presentations that reflect a different weighting of the two
design criteria. To reflect practical considerations as outlined
in Section II-F.2, we design the presentation handcrafted
based on the semantic decoder (see Fig. 1). In this context,
in other words, we investigate how to balance the feature
extraction of semantic communication and HDM models
to achieve the best task performance, i.e., to minimize the
classification error rate.
We present either the categorical probability outputs

(ν-categorical) or the relevant decision features (ν-Nφ) from
SINFONY as ν to the HDM model, i.e., the GCM:

1) ν-categorical: The low-dimensional and interpretable
probability estimate of SINFONY for each category
(ν-categorical) that fulfills design rule 2), e.g., whether
the tool is damaged or not:

ν = f1
(
qϕ(z|y)) =

⎡
⎢⎣
qϕ

(
z = one-hot(1)T |y)

...

qϕ

(
z = one-hot(M)T |y)

⎤
⎥⎦ .(32)

2) ν-Nφ: To provide the HDM model at an abstract level
with potentially more relevant semantic information
about z according to data processing inequality (24)
and design rule 1) for decision-making, we use the
relevant decision features

ν = f2 (y) = v(NL−1)
qϕ

(y) , (33)

where v(l)
qϕ ∈ R

N(l)
v is the output of the l-th layer of

qϕ(z|y) with hidden layer width N(l)
v and the depth

NL of the DNN. This means we extract the inputs
to the final dense softmax layer of the SINFONY
decoder used for probability estimation, similar to a
previous study that aims to model categorization with
natural material [79]. To further vary the level of
detail or dimension of the presentation, we extract
the most important Nφ = {5, 10, 20, 40,Nv} of the
Nv = N(NL−1)

v final layer features to facilitate effective
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FIGURE 3. Comparison of the classification error rate of SINFONY with different number of channel uses NTx per encoder and central image processing with digital image
transmission on the Tool Wear, Speech Commands, and UrbanSound8K – Fold 10 validation dataset as a function of SNR.

processing of the HDM model according to design rule
2). The selection operation is defined by:

ν = φ =
[
v(NL−1)
qϕ

]
i ∈ INφ

(34a)

INφ = {
π1, π2, . . . , πNφ

}
with Nφ ≤ Nv (34b)

ιπ1 ≥ ιπ2 ≥ · · · ≥ ιπNv (34c)

ι =
∣∣∣W(NL)

∣∣∣T · 1M ∈ R
Nv×1 . (34d)

The importance of the i-th feature [v(NL−1)
qϕ ]

i
, with

respect to all output nodes qϕ(z = one-hot(k)T |y), is
quantified by the importance vector ι, i.e., the sum
of the absolute weight values in each column of the
last-layer weight matrix W(NL).

Based on the selected presentation, i.e., SINFONY features,
the GCM classifies into M categories, e.g., into the binary
tool states of wear and non-wear.
To present the SINFONY features in the numerical

evaluation, we use the SINFONY version with NTx = 128
from Fig. 3 for semantic communication (see Section III-C)
on the Tool Wear dataset, and the version with NTx = 64
on the Speech Commands and UrbanSound8K dataset. For
MNIST and CIFAR10 datasets, we use the trained SINFONY
versions with NTx = 56 and NTx = 64 from [9], [69].
Note that NTx differs per dataset, since we tailored the
SINFONY architecture to the specific dataset. This holds
also for the total number of final layer features which is Nv =
{56, 64, 1024, 512, 512} for datasets MNIST, CIFAR10, Tool
Wear, Speech Commands, and UrbanSound8K, respectively.

2) SIMULATION SCENARIOS

We evaluate our proposed framework on five datasets: Tools,
MNIST, CIFAR10, Speech Commands and UrbanSound8K.
Training Details: The GCM parameters ϕG from (12)

are optimized to maximize the empirical amortized cross-
entropy (20) on the training set. We choose SINFONY’s
training SNR which is uniformly distributed between [−4, 6]

dB. Furthermore, we set the learning rate to relatively high
ε = 1 and train for one epoch Ne = 1 with batch size
Nb = 64, as this leads to training convergence.
Moreover, we perform four main simulations — a

simulation of the accuracy as a function of the SNR
typical for communications, including a joint optimization
of semantic communication and HDM model, a simulation
of the expertise, and a simulation of processing capacity of
the HDM model both touching a psychological aspect:

1) SNR: In the SNR simulation, we assume that the HDM
model (11) has sufficient experience with the presented
SINFONY features, i.e., it has perfect memory of the
training set with DHK = DT, i.e., the seen presented
realizations encompass the entire training dataset of
semantic communication. For evaluation, the HDM
model receives the output of SINFONY under varying
SNR.

2) Expertise: In the expert simulation, we assume
the highest SNR of 20 dB during communica-
tion for evaluation and vary the number of seen
presentation realizations, i.e., image/audio samples
randomly selected from the training set. We define
the number of seen realizations |DHK| of classified
tools as the expertise of the HDM model and simu-
late the performance at this expertise independently.
Accordingly, a HDM model with high expertise has
a larger knowledge base DHK compared to a HDM
model with low expertise. The GCM parameters were
optimized for the specific HDM knowledge basesDHK.

3) Restricted Processing Capacity: In the processing
capacity simulation, we model a different factor
of human cognitive ability: We simulate when the
decision-maker is under stress or time pressure,
which leads to reduced processing capacity during
HDM [41], e.g., resembling the capacity of the
working memory, i.e., how many stimuli can be
held in consideration at once. Moreover, individual
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differences in working memory capacity and expertise
exist, which affect the amount of information that can
be accessed or processed. First, we train the GCM
for the entire training set. During evaluation at the
highest communication SNR of 20 dB, however, we
assume that the GCM only processes a certain subset
of the presented relevant features under stress. To
model this effect, we set some attention weights in
w to zero and the remaining attention weights of the
processed features are normalized, leading to stress-
transformed weights w̃ = f (w). Hence, we measure
processing capacity by the zero-norm ‖w̃‖0 ≤ ‖w‖0.
We simulate processing capacities over the full range
‖w‖0 ≤ Nφ , but restrict the analysis to ‖w‖0 ∈
{0, . . . , 10}, since humans can only retain 2 − 9 items
in their short-term memory at once [36]. Furthermore,
we assume that the HDM model selects the processed
presentation variables according to their relevance, i.e.,
the size of the attention weights in w. This can be
mathematically formulated, replacing the importance
vector in (34) by w and applying the selection matrix
to w. We choose either the most relevant features or
the least relevant presented features to cover extreme
cases.

4) Alternating Semantic Communication and HDM
Training: We investigate direct end-to-end
optimization of semantic communication for HDM.
This idea is enabled by our extension (22) of
the information-theoretic framework on semantic
communication via (21) from Section II-F. For a
first investigation and fair comparison, we choose
the SINFONY and handcrafted presentation designs
from before as a starting point. Since training of a
human requires building a stable knowledge base, i.e.,
based on fixed presentations, concurrent optimization
of all parameters in batches does not resemble a
practical scenario. Furthermore, we observe similar
results of joint concurrent optimization compared to
those of alternating training. Hence, we realize joint
optimization via (22) alternating 20 times between
overall encoder and HDM model training of 1 epoch
each. We train SINFONY given the fixed HDM model
by SGD of step size ε = 10−3 consistent with the
original learning rate schedule from [9].

In all simulations, the accuracy was calculated based on the
validation dataset. We performed multiple Monte Carlo runs
for evaluation: For all simulations, we iterated ten times
through the dataset for each value of SNR, expertise level,
and processing capacity, respectively. For the Tool Wear
dataset, we iterated 100 times.

3) NUMERICAL RESULTS

We present the simulation results in Fig. 4, comparing
to SINFONY-based decision-making (SINFONY) of the
technical system on z̃ via (10) as the baseline. First, we note

that the accuracy of the GCM is slightly worse than that
of SINFONY. This can be explained by the probabilistic
decision process (13) of the HDM model, which deviates
from the optimal strategy to choose the most likely option.
As discussed in Section II-F.1, we note that HDM training
rarely reaches full convergence in real environments, such
that the simulations rather provide an upper bound on HDM
performance [57].

4) SNR SIMULATION

Furthermore, the SNR curves show a similar trend for all
three datasets. Accuracy increases as a function of SNR and
plateaus after a certain SNR is reached. The performance
of the HDM model is best when receiving the categorical
probability input of SINFONY (ν-categorical) compared
to receiving the Nφ most important final layer features
(ν-Nφ).
With the latter input, more features first yield better

accuracy up to Nφ = 40, and the performance saturates
after a certain number of feature dimensions. The number of
features needed to reach saturation varies depending on the
dataset and SINFONY model. After Nφ = 40 the behavior is
ambiguous: ν-Nφ = Nv performs slightly better than Nφ =
40 for MNIST and more apparently for CIFAR10. However,
accuracy deteriorates for Tool Wear.
This means that GCM is not always capable to learn to

effectively extract the semantic information when provided
with extra information, such as with Nφ = Nv. We assume
that this behavior can be explained by overfitting since
training converged. It is consistent with the bias-variance
trade-off from statistical learning, which explains why low-
capacity models generalize better with limited data [45]:
GCMs with fewer parameters constrain the hypothesis space
of solutions, effectively regularizing the learning process. In
contrast, high-capacity GCMs with more inputs and attention
weights tend to overfit to a limited knowledge base DHK,
based on a few seen realizations, e.g., Tool Wear training
data. We conclude that providing more features, i.e., details,
to the decision-maker with a small knowledge base DHK can
lead to a suboptimal decision compared to providing less
information.
In summary, the observed saturation suggests that the

HDM model cannot extract additional relevant information
about z from many feature inputs, i.e., from a more detailed
representation. In contrast, the model performs better with
SINFONY’s preprocessed probability estimates, highlight-
ing SINFONY’s ability to efficiently extract the semantic
information. This finding implies that InfoMax-optimized
outputs are well suited as inputs for human decision-making:
SINFONY’s graceful degradation translates directly into the
GCM curve, and its accuracy effectively defines an upper
bound for end-to-end performance. Varying the number of
channel uses NTx merely shifts this upper bound without
affecting the qualitative behavior, and we therefore omit a
separate bandwidth-impact analysis.
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FIGURE 4. The simulated classification performance of the proposed end-to-end sensing-decision framework, including SINFONY and human decisions modeled by the GCM.
Each column shows the accuracy on different datasets. From left to right: Tool Wear, MNIST, and CIFAR10. The top row shows the accuracy as a function of SNR. The bottom row
shows the accuracy as a function of the knowledge base size. Within each figure, the color of the lines indicates the type and number of features presented to the GCM.

5) EXPERTISE SIMULATION

The expertise simulation (bottom row in Fig. 4) shows that
accuracy increases with the number of seen presentation
realizations and eventually plateaus. At high expertise
starting around |DHK| = 103, using the probability output of
SINFONY again results in the best performance compared to
receiving the Nφ important feature dimensions. This shows
that the GCM’s semantic information processing was not as
effective as that of SINFONY.
However, at low expertise levels on the order of 100, we

observe the opposite — providing last layer features leads to
improved accuracy. We assume that the last-layer features,
residing in a high-dimensional space, preserve structural
information from SINFONY‘s training on the full dataset,
including cross-class similarity relationships that the GCM
can exploit. By contrast, SINFONY’s class probabilities
collapse these relationships into discrete, low-dimensional
decisions. However, with enough training samples, the GCM
is able to exploit the accurate SINFONY predictions.
Moreover, like in the SNR simulation for Nφ = Nv,

the accuracy does not always increase with the number of
features Nφ under different expertise levels. For example,
the accuracy on the Tool Wear dataset with Nφ = 5 and 10
features exceeds the accuracy simulated with 20, 40 features
at lower expertise, while performance with Nv is worst. For

CIFAR10, the accuracy with 40 features beats that with Nv
features.
The observed behavior resembles that observed and

explained in the SNR simulation. Hence, we attribute this
behavior to overfitting of the GCM. The argumentation is
supported by even smaller knowledge bases DHK compared
to the full Tool Wear knowledge base example, making
overfitting more likely and rendering fewer provided features
more beneficial.

6) AUDIO STIMULI

The simulation results of application of our end-to-end
framework to audio stimuli, i.e., on the Speech Commands
and UrbanSound8k dataset, are shown in Fig. 5. The main
observations and key conclusions align with those on the
image datasets for both SNR and expertise simulation: For
example, accuracy increases with SNR until it plateaus,
ν-categorical leads to maximum performance and accuracy
deteriorates using all Nφ = 512 last-layer features compared
to using Nφ = 40 like in the case of Tool Wear. We
note that the maximum number of presented features
for the considered datasets grows very large to 1024 or
512 compared to 56 or 64 for MNIST and CIFAFR10,
respectively. This supports the conclusion that overfitting is
likely the cause.
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FIGURE 5. The simulated classification performance of the proposed end-to-end
sensing-decision framework on the audio datasets Speech Commands and
UrbanSound8K – Fold 10. The top row shows the accuracy as a function of SNR. The
bottom row shows the accuracy as a function of the knowledge base size. Within each
figure, the color of the lines indicates the type and number of features presented to
the GCM.

We conclude that our findings on the end-to-end frame-
work are transferable to other modalities, such as audio
signals.

7) RESTRICTED PROCESSING CAPACITY SIMULATION

Fig. 6 shows the simulation results when the processing
capacity of the HDM is restricted to ‖w̃‖0 ∈ {0, . . . , 10},
reflecting the typical human short-term memory capacity of
2 − 9 items [36]. Positive and negative processing capacity
values correspond to the two considered extreme cases of
selecting the ‖w̃‖0-th most or least important decision fea-
tures, respectively. This restriction introduces a discrepancy
between training and testing environments, which can arise
from multitasking, time pressure, or stress [41], and can
affect HDM performance.
Three effects can be observed in Fig. 6:

1) Depending on the dataset, the discrepancy can have
little effect: When trained with Nφ = {5, 10, 40}
on MNIST and tested for ‖w̃‖0 = 5 most relevant
features, the performance difference is negligible.
However, accuracy reduces drastically, e.g., on Speech
Commands comparing Nφ = {10, 40} for ‖w̃‖0 =

5. Assuming that GCM training results in the same
presented features to be weighted high, as the most
relevant are shared across different feature numbers
Nφ , we expect that the performance degradation orig-
inates from the suboptimal balancing of the attention
weights during testing. Thus, the distortion of the
attention weights is higher when the discrepancy
between training and testing is larger, and vice versa.

2) Whenever GCM accuracy based on decision fea-
tures (ν-Nφ) improves upon the V-shaped curve of
processing capacity-restricted SINFONY probability
outputs (ν-categorical) where some probability values
are simply not considered, we benefit from raw
feature processing. This is the case on MNIST, Speech
Commands, and UrbanSound8K.

3) With restricted processing capacity selecting the least
important features, whose number is depicted by
negative values in Fig. 6, accuracy improves with less
presented features and maximizes for ν-Nφ = 5. This
is because with a focused pre-selection of important
features, there are fewer choices to make mistakes,
rendering this design choice most resilient to HDM
mistakes.

In summary, the results highlight that training humans
with more features might not always lead to better desired
performance. While training with large number of features
would lead to higher performance when the decision maker
can process all the available information, it also creates
a situation where a discrepancy would lead to a drastic
reduction in performance.

8) ALTERNATING SEMANTIC COMMUNICATION AND
HDM TRAINING

So far, we have examined how semantic communication
affects the decisions of a HDM model through different
presentation designs in theory and simulations. Now, we
investigate optimizing semantic communication directly for
the given HDM model via (22) to improve decisions, as
detailed in Section III-D.2.
The results in Fig. 7 show that decision improvements

are possible with End-to-End (E2E) training: For MNIST,
even with ν-Nφ = 5, we approach the maximum accuracy.
However, for all other datasets, accuracy degrades with ν-
Nφ = 5, meaning that alternating training converges to a
worse solution compared to separate subsequent training.
With more features, e.g., ν-Nφ = 20, this trend reverses to
consistent improvements except for Tool Wear. Notably, we
can even improve beyond the best separate-training accuracy
in the case of UrbanSound8K with ν-Nφ = Nv. A large
presentation dimension seems to be important for stable and
effective alternating training.
Consistent with this observation is that the accuracy

surprisingly deteriorates with ν-categorical — for the smaller
datasets Tool Wear and UrbanSound8K close to that of a
random guess. This indicates that this presentation design
is not well-suited for a joint optimization, especially with
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FIGURE 6. The restricted processing capacity simulation of the proposed end-to-end sensing-decision framework, including SINFONY and human decisions modeled by the
GCM. Each plot shows the classification accuracy on one of the considered datasets as a function of the processing capacity

∥
∥w̃

∥
∥

0. Positive values correspond to selecting the
∥
∥w̃

∥
∥

0-th most important features, while negative values correspond to selecting the
∥
∥w̃

∥
∥

0-th least important features. Within each figure, the color of the lines indicates the type
and number of features presented to the GCM.

limited data. The softmax layer acts in SINFONY joint
optimization as an intermediate layer with known common
drawbacks such as vanishing gradients due to saturation,
projection into a lower-dimensional manifold of a simplex,
numerical instability, and dense coupling of input variables.
In summary, the results are inconclusive: Significant

accuracy gains are possible, but so are substantial losses.
Given the substantial effort required to implement such a
joint end-to-end optimization, its practical usefulness remains
questionable. First, the HDM model has to be trained
to SINFONY, and vice versa, until training convergence.
This adds multiple alternating training epochs and thus
much training complexity. Second, if a HDM model is
not used as a bio-inspired machine, repeated rounds of
training of real humans to numerous SINFONY training
outputs, i.e., N = 60 k for MNIST, can take quite long in
practice. Third, computing gradients of real human decisions
for SINFONY optimization poses practical challenges, as
elaborated in Section V. More research is needed to clarify
the potential of an end-to-end design.

9) DISCUSSION AND MAIN CONCLUSIONS

Recalling the design trade-off in (21) from Section II-F.2,
we conclude from all simulation scenario observations that
it is more important to match the cognitive capabilities
of the GCM by a low-dimensional presentation, in the
considered tasks than providing more relevant information

about z. Joint optimization can improve GCM accuracy.
Moreover, while accuracy is maximum with more elaborate
SINFONY preprocessing, i.e., the final SINFONY output,
few raw decision features prove to be useful under non-
ideal conditions such as low expertise and low processing
capacity.
A crucial benefit of a low-dimensional presentation is

a reduction in HDM processing complexity, leading to
faster decision-making. This means semantic communication
can facilitate not only effective but also efficient HDM
by matching to the cognitive process. Although cognitive
models such as ACT-R can simulate the temporal dynamics
of feature integration, they differ fundamentally from the
HDM model considered here [80]. A detailed analysis of
reaction times based on such frameworks is therefore beyond
the scope of this work and left for future research.
Providing raw features can also offer several other

benefits. First, there is a slight reduction in processing
complexity, since some nodes are removed. Second, in
this work, SINFONY is optimized for a single task, i.e.,
deciding whether a tool needs to be replaced. In more
complex situations, however, HDM may need to deal with
unexpected events or changing goals not covered by the
current form of our end-to-end sensing-decision framework.
A more detailed representation allows the HDM model
to react flexibly to these changes, compared to relying
solely on probability estimates. Furthermore, when human
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FIGURE 7. The simulation results of End-to-End (E2E) training in the proposed end-to-end sensing-decision framework, including SINFONY and human decisions modeled by
the GCM. Each plot shows the classification accuracy on one of the considered datasets as a function of SNR. Within each figure, the color of the lines indicates the type and
number of features presented to the GCM.

decision-makers are involved instead of simulated ones,
using richer features could positively influence motivational
and emotional factors, such as experienced autonomy and
competence, potentially improving performance [81], as we
will discuss in the outlook in Section V.

IV. ANSWERING THE RESEARCH QUESTIONS
The main takeaways from the numerical simulations and
theoretical investigations provide answers to the research
questions stated in the beginning:

a) Joint Modeling: How to model the end-to-end sensing-
decision-making process that bridges the disciplines
communications and psychology? Exploiting Markov
chains and generative probabilistic models, we can
model the end-to-end sensing-decision process by (17).
This framework is broadly applicable and can be
naturally extended to incorporate sensing, timing, and
power aspects.

b) Suitability & Design: Is semantic communication suit-
able for providing the information needed in terms of
relevance and accuracy to facilitate effective HDM? The
semantic information provided by the SINFONY archi-
tecture supports HDM, as motivated by the InfoMax
principle. An end-to-end optimization has the potential
to improve the HDM accuracy.
Given a task, how to design semantic communication
for accurate HDM, specifically:

i) Which information should be provided to HDM?
Using raw decision features leads to imperfect
information integration of the HDM model com-
pared to SINFONY, evident through saturation
in the simulations. However, this depends on
the context. For example, with little expertise or
restricted processing capacity, providing few raw
decision features can help the HDM model relying
on similarity structure to extract more information
compared to SINFONY‘s compressed probability
outputs. This is consistent with the design trade-
off derived from (23) and shows that it is more
important to match the cognitive capabilities of
the GCM than simply providing more relevant
information, e.g., by presenting structural richer
information when the knowledge base is small,
and relying more on elaborate SINFONY feature
extraction with larger knowledge bases.

ii) How much information should be provided to
HDM? Providing more detailed representa-
tions, i.e., more features, does not always increase
HDM decision accuracy and can decrease HDM
processing efficiency. The saturation indicates that
the HDM model at some point misses subtle
details in the additional features and can be even
misguided. This effect is more pronounced at little
expertise and limited processing capacity. This
context-dependence requires carefully balancing
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the design trade-off, i.e., the information provided
by semantic communication with the HDM process.

c) Impact: How does the HDM process impact the end-
to-end sensing-decision-making process? The accuracy
of the HDM model can be inferior to that of semantic
communication systems due to the probabilistic nature
of HDM, non-ideal training, and possibly restricted
processing capacity.

V. OUTLOOK – OPEN QUESTIONS AND CHALLENGES
The proposed end-to-end sensing-decision framework is a
first step towards integrating semantic communication and
the human receiver. We will now explore remaining open
questions and challenges with respect to all our framework
components from Fig. 2, and what they mean for semantic
communication.

A. CHALLENGE: PRACTICAL OPTIMIZATION OF
SEMANTIC COMMUNICATION FOR HUMAN DECISIONS
In this article, we have examined how semantic commu-
nication can be optimized directly for the given human or
HDM model to improve decisions in theory and simulations.
The idea is to include the human or HDM model in an
end-to-end optimization process of all framework parameters
through (22) and is supported by our extension of the
information-theoretic framework on semantic communica-
tion via (21) from Section II-F.
However, since both the human and the HDM model are

essentially a closed box that is not known or differentiable
in practice as assumed in this work, this seems difficult.
Nevertheless, it is possible to evaluate the cross-entropy
loss or another target metric for the human or HDM model
decisions and feed it back to SINFONY as a reward. Thus,
one idea could be to use the stochastic policy gradient as
in [22] for SINFONY optimization to allow joint alternating
optimization over the whole chain, including SINFONY and
the human/HDM model. This means end-to-end optimization
is a realistic approach but requires substantial more training
iterations and time compared to the separated SINFONY and
subsequent GCM optimization.

B. CHALLENGE: LIMITATIONS OF HUMAN
DECISION-MAKING MODELS
To include the HDM model in an optimization process, it
is essential to have an accurate representation of the HDM
process. Here, we simulated the decision-making process by
applying a computational model, the GCM, for illustrative
purposes. While our simulation reflects many traits of HDM
with human participants, not all assumptions will apply to
realistic categorization decisions. For instance, given the lack
of HDM data for the simulated tasks, we assumed perfect
memory and training convergence on the training set for the
GCM. These assumptions are difficult to achieve in a real-
life situations, but more appropriate assumptions are likely
to strongly depend on individuals and tasks.

Accordingly, just like in most of psychological research
on HDM, future HDM models will need to be carefully
selected and designed to accurately reflect human decision
processes for the task of interest, e.g., by accounting for
limitations in human information retrieval [55], [82] and
contextual influences on the decision process such as limited
cognitive resources due to multitasking, acute stress, or time
pressure [58], [59]. As outlined in Section II-D, it is possible
to extend the basic GCM (11) used in this work to model
many of these HDM aspects. Nevertheless, experimental
validation with human participants, typical for psychological
experiments, is required to develop and validate appro-
priate HDM models for the decision problem at hand,
assess the beneficial effects of semantic communication and
their visualizations, and understand the trade-offs between
performance facilitation and potential negative impacts on
motivation.

C. CHALLENGE: PRESENTATION OF SEMANTIC
INFORMATION
For tractability in the simulations and to reflect constraints on
realistic cognitive processing, we provided the HDM model
with two interpretable, handcrafted presentations containing
varying amount of information — probability outputs or the
most important decision features of semantic communication.
The key question is how this abstract representation ν = f (y)
or process p(ν|y), shown in Fig. 2, translates into real-world
scenarios with human subjects. To help humans interpret the
output y or qϕ(z|y), it is essential to present it through a
Human-Machine Interface (HMI) that connects human users
with semantic communication. In practice, this could involve
visualizing, e.g., tool damage probabilities, through symbols
and colors on a screen or in augmented/virtual reality, with
varying levels of detail (see Fig. 1) — from basic machine
learning outputs (e.g., tool wear status) to more detailed
insights such as algorithm certainty, textual explanations, and
even image-based class activation mapping [83].
The HMI is a critical component, as the presentation

format can strongly influence the HDM process [84], [85].
It must hence present complex information in a way
that enables informed decisions while maintaining essential
context. Designing a successful HMI requires an under-
standing of the domain in which it operates, including the
industry, the user base, and the types of decisions being
made [86]. A context-aware HMI that adapts to the user’s
history, preferences, and current situation can further improve
decision-making by providing personalized and relevant
information [87].

D. CHALLENGE: VARIABILITY IN HUMAN DECISION
GOALS AND EXPERTISE
For many tasks, human decision-makers will differ in their
preferences, intentions, and levels of expertise. In addition,
task goals may be multi-faceted and subject to change
of time, requiring to adjust transmitted information to the
individual and the current situation. For example, when

764 VOLUME 7, 2026



communicating information about tools, a person interested
in understanding how different machines affect tool usability
will need different information than someone focused on
identifying tools that need to be replaced. In addition, an
expert is likely to prefer a detailed, rich presentation, while
a novice may benefit more from clear, concise support.
Furthermore, individual differences can lead to different

information even when the decision objective is the same. For
example, people differ in how much risk they are willing to
accept [88]. Given the same information about the probability
that the tool will fail, a risk-seeking person may conclude
that the risk is acceptable, while a more risk-averse person
would choose to exchange it. Thus, semantic communication
that attempts to optimize tool use while keeping the failure
rate below a tolerable threshold may require adapting the
information conveyed to the decision-maker, for example by
changing how potential risks are presented [89], [90]. While
the core model (11) of the GCM investigated in this work
does not accommodate all individual differences, it can be
extended to simulate variability.

E. CHALLENGE: CONFLICT OF INTEREST BETWEEN
SENDER AND RECEIVER
The interests or goals of a human sender may not be well
aligned with those of the human receiver. A fundamental
factor contributing to such a misalignment of interests could
be that human receivers are risk-averse. For example, even
if a tool remains functional, the receivers may classify it as
defective in order to avoid potential errors, since they are
reluctant to take responsibility for using a worn tool. The
sender thus has an incentive to manipulate the message in
order to influence the receiver’s decisions. If the difference in
interests is too large, the receiver could ignore any message
the sender sends.
This means that successful semantic communication also

depends on trust between sender and receiver. Economists,
following [91], have long studied this sender-receiver
problem using game theory. For a recent overview of
this literature, see [92]. They found that the amount of
information that can be transmitted depends on how large
the difference in interests is. Considering how much the
sender wants to manipulate the information to influence the
receiver’s action is important in semantic communication.
Even if the technology allows for very accurate transmission
of semantic meaning, the best transmission strategy would
still depend on the characteristics of the sender and receiver.

VI. CONCLUSION
In this paper, integrating an interdisciplinary perspective
from communications and psychology, we proposed a
probabilistic end-to-end sensing-decision framework that
wirelessly links sensed data with Human Decision-Making
(HDM) by semantic communication. We analyzed this
integration exemplarily using SINFONY and an effective
HDM model based on generalized context models for various
datasets. The theoretical and numerical results indicate that

semantic communication can optimize task performance by
balancing information detail with human cognitive processes,
achieving accurate decisions while demanding less band-
width, power, and latency compared to classical methods.
This work is intended to inspire further interdisciplinary

research on higher semantic levels of communication. Open
questions include how to practically optimize semantic
communication for human decisions, how to extend the
HDM model, how to design human-machine interfaces that
convey meaning more effectively, and how to account for
different intentions between sender and receiver as well as
individual differences among receivers.

APPENDIX
NON-CONVEXITY OF THE CROSS-ENTROPY IN THE
GENERALIZED CONTEXT MODEL PARAMETERS
We show that the objective function LCE

ϕG
in (20) is non-

convex with respect to the GCM parameters ϕG.
Proof: First, in the GCM model (11) and (12), the term

f (γ,w) = γ · d(ν1, ν2|w) is not jointly convex in the
similarity gradient γ and attention weights w, as the Hessian
matrix

∂2f (γ,w)

∂2
[
γ,w

]T =
[

0 ∇d(w)T

∇d(w) γ · ∂2d(w)

∂2w

]
(35)

is indefinite for non-constant d(w) �= c. This can be shown
through the quadratic form

[
a1 a2

] · ∂2f (γ,w)

∂2
[
γ,w

]T ·
[
a1
a2

]

= 2 · a1 · ∇d(w)T · a2 + γ · aT2 · ∂2d(w)

∂2w
· a2 (36)

< 0 for a1 → −∞ (37)

that becomes negative for a1 → −∞, for fixed a2 such that
∇d(w)T ·a2 �= 0 and ∇d(w) �= 0, considering that the second
term is constant in a1. Since the objective function LCE

ϕG
from (20) is composed of this non-convex function, it is
non-convex in ϕG = {γ,w} itself as well.
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