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Abstract—Integrated sensing and communication (ISAC) is a
promising technique for beyond 5G networks. In ISAC networks,
the sensed environmental data may be multimodal data, which
may result in high computation and communication latency due
to the large size of data modalities and limited computation
capability of mobile devices. To solve the problem, in this paper,
we propose multimodal learning in ISAC networks. Simulation
results show that the proposed multimodal learning design sig-
nificantly outperforms several benchmarks without considering
multimodal data sensing and communication.

Index Terms—Integrated sensing and communication, multi-
modal learning.

I. INTRODUCTION

The increasing demands of various emerging services in
beyond fifth-generation (5G) wireless networks, such as ve-
hicular networks, virtual reality, and unmanned aerial ve-
hicles, facilitate wireless networks to provide sensing with
high accuracy and high communication capabilities [1]. By
providing wireless sensing and simultaneous data transmission
services in the same spectrum, the integrated sensing and
communication (ISAC) technique is envisioned to effectively
increase spectral and hardware efficiency, which has attracted
extensive attention and discussion recently [2]–[4].

For a specific sensing task in wireless networks with the
ISAC technique, the base station (BS) first determines a set of
devices based on task requirements. Then, the selected devices
sense the environment, collect the data, and transmit the sensed
data to the BS for data processing. Besides, to decrease
wireless resource consumption, such as bandwidth and energy,
and traffic burden caused by sensed data transmission, mobile
devices can also be used for sensed data processing [5].

Although the ISAC technique enables numerous applica-
tions and advantages, it still has some challenges in terms
of high communication and computation latency and high
computational complexity. In particular, the sensed environ-
mental data may be multimodal, resulting in high computation
latency because of the large size of multiple data modalities
and the limited computation capability of mobile devices.
Fortunately, the mobile edge computing (MEC) technique [6],
by allowing mobile devices to offload sensing tasks to the edge
of the network, is able to decrease the computational burden
of mobile devices. Generally, MEC has two computation
offloading models: binary and partial offloading [7]. In the
binary offloading model, each sensing task is either processed

locally or directly transmitted to the MEC server for execution.
However, partial offloading requires the sensing task to be
partitioned and processed both locally and at the MEC server.
In this paper, we consider binary computation offloading,
which is commonly used in ISAC systems for processing non-
partitionable simple tasks.

On the other hand, multimodal fusion networks offer distinct
advantages over unimodal counterparts in various applications,
such as task-oriented semantic communications [8], beam se-
lection in vehicular networks [9], power prediction in mmWave
networks [10], video quality of experience prediction over
wireless networks [11], and massive multiple-input multiple-
output (MIMO) channel prediction [12]. In [8], a unified
deep learning-enabled semantic communication system was
developed, where a unified end-to-end framework could serve
many different tasks with multiple modalities of data. In [9],
a novel approach for machine learning-aided fast beam selec-
tion technique was proposed for vehicular networks, where
multimodal non-radio frequency sensor data was exploited
to reduce the search space for identifying best-performing
beams. In [10], a distributed multimodal machine learning
framework, coined multimodal split learning, in which a large
neural network (NN) was split into two wirelessly connected
segments, was proposed to improve the accuracy of millimetre
wave received power prediction by utilizing the camera images
and radio frequency (RF) signals. In [11], a novel and end-
to-end framework called Deep quality of experience (QoE)
was developed to predict video QoE by using a combination
of deep learning techniques, such as word embedding and 3D
convolutional neural network. In [12], a systematic framework
on deep multimodal learning-based wireless communications
was developed to predict channels in massive MIMO systems
by leveraging multi-source sensing information. However,
the multimodal learning algorithms in [8]–[12] are static,
namely, they process and fuse multimodal data with identical
computation, without accounting for diverse computational
demands of different multimodal data, and how to effectively
combine multimodal data to better exploit information remains
a challenge. Therefore, in this paper, we consider dynamic
multimodal learning in resource-limited ISAC networks.

The rest of this paper is organized as follows. Section II
presents the system model. Multimodal learning is presented in
Section III. The simulation results and conclusions are detailed
in Section IV and Section V, respectively.
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Fig. 1. Illustration of proposed ISAC system.

II. SYSTEM MODEL

We consider a multimodal integrated sensing and communi-
cation (ISAC) system with a cellular base station (BS) and K
mobile devices, as shown in Fig. 1. Mobile edge computing
(MEC) is deployed at the BS to guarantee high computation
capability. The BS is equipped with M antennas, and each
edge device has one antenna. Multimodal data is sensed by
mobile devices and processed by themselves or delivered to
BS for processing.

A. Multimodal ISAC Operation

In practical multimodal ISAC systems, various sensors are
embedded in mobile devices and used in multiple sensing
applications, generating multimodal data with different sam-
pling rates, where the sampling rate is the number of data
samples obtained per second [13]. Each mobile device reports
its states, such as channel state information (CSI), power, and
computation capability, to BS periodically, so that BS can
periodically update these states affected by the mobility and
activity of mobile devices [14], [15]. Sensed multimodal data
processing in ISAC systems is modelled as a function f(xk),
where xk is the multimodal data sensed by the kth mobile
device.

B. Multimodal Data Sensing Model

The multimodal data sensing rate mk of the kth edge device
or the amount of data sensed by the kth edge device per
second is equal to the sampling rate multiplied by the number
of bits required to represent one data sample. The value of
mk is determined by the sensing context. For example, for
vision/audio-based data, mk is usually at the level of millions
of bits per second. While for text-based data, mk is at the level
of a few bits per second. We set a binary variable ak ∈ {0, 1}
to denote whether or not the kth edge device is selected for
multimodal sensing. When the kth edge device is selected,
ak = 1, otherwise, ak = 0.

We set a binary variable ak ∈ {0, 1} to denote whether or
not the kth edge device is selected for multimodal sensing.
When the kth edge device is selected, ak = 1, otherwise,

ak = 0. The relationship between ak and multimodal data
sensing latency T s

k is presented as

T s
k ≤ akT, (1)

which means that T s
k = 0 if ak = 0 and T s

k ≤ T if ak = 1. The
multimodal data sensing duration T s

k decides the amount of
multimodal data that needs to be sensed, processed/transmitted
by the kth device. Actually, the amount of multimodal data
sensed by the kth device is calculated as

nk = mkT
s
k . (2)

C. Communication Model

When the kth edge device is selected, namely, ak = 1,
proper bandwidth Bk should be allocated to transmit the
sensed multimodal data or the raw sensed data, where we
consider the OFDMA technique for transmission. Since it
is impractical to allocate arbitrary bandwidth to each edge
device, we assume a minimum bandwidth unit Bmin and the
bandwidth selection of the kth edge device is a multiple of
Bmin, namely, Bk = bkBmin, where bk = 0, 1, 2, ..., ⌊B/Bmin⌋.
The value of bk determines the number of bandwidth units
allocated to the kth edge device, and the relationship between
bk and ak is denoted as

ak = ⌈bk/B⌉, (3)

which means that ak = 1 if bk > 0, and ak = 0 if bk =
0. Based on the bandwidth allocation model, the bandwidth
constraint is rewritten as∑

k∈K

bkBmin ≤ B. (4)

Given the allocated bandwidth, the achievable uplink trans-
mission rate between the kth device and MEC is denoted as

Rup
k = bkBmin log2

(
1 +

Pkhk

σ2

)
, (5)

where Pk is the transmit power of the kth edge device, hk

is the channel gain between the kth edge device and the BS,
and σ2 is additive white Gaussian noise (AWGN) power. With
the uplink transmission Rup

k and transmission latency T comm
k ,

the amount of raw multimodal data transmitted to MEC for
processing is calculated as

Acomm
k = T comm

k Rup
k . (6)

D. Optimization Problem

Based on the multimodal data sensing, communication,
and computation model mentioned above, we consider an
optimization problem to minimize the loss function of the
multimodal learning, which is formulated as

min L = Ltask, (7)

where Ltask is the loss of the learning task in multimodal
learning, which can be text classification, vision recognition,
and audio classification.
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III. MULTIMODAL LEARNING

In this section, we consider multimodal learning. We first
introduce a modality-level selection scheme to select proper
modalities for training and inference. Next, we transform the
optimization problem into a new one.

A. Task Description

For multimodal learning in ISAC networks, we consider
multimodal data from different domains, including text clas-
sification, vision recognition, and audio classification.

• Text Classification: The text classification task aims
to classify whether the sentiment of a given sentence is
positive or negative, which is denoted a binary classifi-
cation problem. Thus, binary accuracy, namely, positive
or negative sentiment, is considered as the performance
metric for text classification, and the cross-entropy is the
loss function to train the model.

• Vision Recognition: The vision recognition task is about
leveraging sensed videos to recognize the sentiment of
users effectively [16]. Similar to the text classification
task, binary accuracy and cross-entropy are selected as
the evaluation criterion and loss function, respectively

• Audio Classification: The main purpose of audio clas-
sification is to identify the sentiment of sensed audio
signals of uses. Similarly, binary classification accuracy
is selected as the metric for the evaluation criterion, and
the binary cross-entropy is deployed for the loss function.

Considering emotion recognition as an example, traditional
multimodal learning fuses text, vision, and audio data to
predict emotion, which leads to high sensing, computation,
and communication latency. Motivated by this example, we
consider a dynamic multimodal fusion, which can adaptively
fuse input data from multiple modalities.

B. Modality Selection

We assume that the sensed data in ISAC networks has M
modalities, denoted as x = (x1, x2, ..., xM ). According to the
typical Mixture-of-Experts (MoE) framework [17], we design
a set of expert networks, where each expert specializes in a
subset of all M modalities, and the number of expert networks
is up to 2M − 1. For example, if M = 2, there are at most 3
expert networks, denoted as E1(x1), E1(x2), and E1(x1, x2).
In a practical ISACnetwork, the candidate expert networks can
be narrowed down with domain expertise.

To determine which expert should be activated, we consider
a gating network G(x), which takes multimodal inputs x to
form a global view and then produces a N -dimensional sparse
vector g as output. The final output y takes the form of

y =

N∑
i=1

giEi(xi), (8)

where xi is the subset of modalities that the ith expert takes as
input, and N denotes the number of selected expert networks.

Unlike traditional MoEs where the output is a weighted
summation of expert networks, and each expert network
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Fig. 2. An illustration of modality-level DynMM, where input data has two
modalities.

should be processed, in our formulation, the gating network g
output is a one-hot encoding, namely, only one expert network
is selected for learning, and the computations required for
other expert networks are saved. Since our expert network
already covers a broad range of modality combinations, we
only select one expert network during each forward pass
for maximum computational savings. As shown in Fig. 2, it
provides an illustration of the proposed design with M = 2
modalities and N = 3 expert networks. Only one expert
network E1(x1)/E2(x1, x2)/E3(x2) is selected. The design
of the gating networks G(x) follows two basic requirements:
(1) it should have high computation efficiency; (2) it needs to
be sufficiently expressive to make effective decisions on which
expert network to select.

Although acquiring alignment information for mulitmodal
data across different devices is challenging, our assumption
is that data from different modalities, such as sensory data
and visual data, on a multimodal device, inherently have some
alignment information, based on which we can train models to
extract multimodal representations from the data. We consider
multimodal autoencoders to encode the data into shared or
correlated hidden representations.

C. Optimization Problem Transformation

Based on the proposed modality selection scheme, not
all data modalities need to be sensed, calculated or com-
municated. Suppose the learning network is directly trained
by minimizing a task-specific loss. In that case, the gating
network may learn a trivial solution that always selects the
expert network with high computation capability, which re-
sults in a heavy burden on devices with limited computation
capability. To address this issue, we consider a resource-aware
loss function in the training objective, and the optimization
problem in (7) is transformed as

min L = Ltask + λ

N∑
i=1

giC(Ei), (9)

where C(Ei) is the computation cost of processing the expert
network Ei(xi), Ltask is the task loss, such as cross-entropy
between the true label and prediction output, and λ is a value
determining the relative importance of the two loss terms.

The transformed optimization problem in (9) enables dy-
namic multimodal fusion to achieve a tradeoff between learn-
ing accuracy and computation efficiency, which can select the
value of λ to adapt to the constraints. A small value of λ
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explores expert networks with high computation capabilities
and leads to high learning accuracy. While a large value of
λ guarantees lightweight computations for high computation
efficiency.

D. Parameterization Techniques

One problem in dynamic multimodal fusion is the training
of gating network G(x). Because of the non-differentiability
of the discrete decisions given by G(x), the learning network
cannot be directly trained by back-propagation. To solve the
problem in dynamic multimodal fusion, Gumbel-softmax and
parameterization techniques are considered in the training pro-
cess [18]. Since g denotes the desired one-hot J-dimensional
decision vector created by a gating network G(x), denoted as

g = one-hot(argmax
j

G(x)j). (10)

We use a real-valued soft vector ĝ with the following form

ĝj =
exp((logG(x)j + ej)/τ)∑J
j=1 exp((logG(x)j + ej)/τ)

, (11)

where e1, e2, ..., eJ are samples independently selected from
Gumbel (0,1) and τ is the softmax temperature. The dis-
tribution of ĝ is more uniform with large τ and resembles
a categorical distribution with small τ . The real-valued soft
vector ĝ serves as a continuous, differentiable approximation
of g. In the training process, g is replaced by soft ĝ to enable
back-propagation. Through annealing τ , ĝ gradually converges
to a desired one-hot vector. According to the straight-through
technique [18], we use g in the forward pass and soft ĝ in
the backward propagation with the gradient approximation
∇g ≈ ∇ĝ. In this way, the gating network still outputs a
discrete decision during training. In the inference process, we
directly use trained g for computational benefits. Further, we
propose a two-stage training of dynamic multimodal fusion
that jointly optimizes the multimodal and gating networks.

Stage I: Pre-training. The sparse decisions of the gating
network in the early stage of training may lead to biased
optimization. Expert networks that are rarely selected have
fewer weight updates, resulting in poor learning performance.
Therefore, the goal of a pre-training stage is to ensure that
each expert is fully optimized before the gating network gets
involved.

Stage II: Fine-tuning. After the pre-training stage, gating
networks are integrated into our optimization process at this
stage. Based on the aforementioned parameterization tech-
nique, we jointly optimize the dynamic network along with
gating networks.

IV. SIMULATION RESULTS

We conduct experiments on sentiment analysis on CMU-
MOSEI [19]. To demonstrate the wide applicability of our
proposed multimodal learning, we select three tasks that
include different modalities (i.e. video, audio, and text).

CMU Multimodal Opinion Sentiment and Emotion Intensity
(CMU-MOSEI) is the largest dataset of sentiment analysis and
emotion recognition. It contains 3,228 real-world online videos

TABLE I
LEARNING PERFORMANCE ON CMU-MOSEI SENTIMENT ANALYSIS.

MODALITIES V, A, AND T REPRESENT VIDEO, AUDIO, AND TEXT,
RESPECTIVELY.

Method Modality Accuracy (%)
Video Network V 69.02
Audio Network A 67.68
Text Network T 78.35
Multimodal V+A+T 79.54

from more than 1000 speakers and 250 topics. Each video is
split into short segments of 10-20 seconds. Each segment is
annotated for a sentiment from -3 (strongly negative) to 3
(strongly positive). The task is to predict the sentiment scores
from video, audio and text. Following [20], we use 16,265
data for training, 1,869 data for validation and 4,643 data for
testing. The feature extraction steps are the same as [20].

As text is the best-performing modality in this task, we
adopt an unimodal network that takes textual features as input
to be the expert network E1. The second expert network E2 of
our multimodal learning receives inputs from three modalities.
The gating network is designed as a lightweight transformer
network with hidden dimensions equal to 512 and 2 attention
heads, followed by a linear layer. The gating network receives
concatenated features from three modalities and generates
sample-wise decisions on which expert network to activate
during inference time. Results are shown in Table 1. We can
find that our multimodal learning achieves a higher learning
accuracy.

V. CONCLUSIONS

In this paper, multimodal learning for ISAC networks was
proposed. Particularly, devices were able to sense multimodal
data and transmit them to BS to make predictions. Simulation
results have demonstrated that our proposed framework could
achieve higher learning accuracy compared to the framework
only sensing unimodal data.
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