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Abstract—Wireless sensing-based human gesture recognition
(HGR) is widely used in smart homes due to its contactless
operation and privacy protection. However, deploying recog-
nition systems for new tasks typically requires labor-intensive
data collection. Existing methods leverage data from different
modalities to construct cross-modal recognition frameworks,
which reduce reliance on target modality data. Nonetheless, these
methods usually require strong category consistency between
source and target modalities to reduce domain differences,
which limits their generalization across multiple modalities. To
eliminate the need for category consistency and achieve across
multi-modal recognition, we propose Img2Spec, a generalizable
cross-modal gesture recognition framework, which pretrains on
image datasets and effectively recognizes gestures captured by
wireless signals using minimal target modality data. We propose
the modal-aware attention local matching (MAALM) module,
which combines mutual nearest local descriptors and attention
mechanisms to enhance inter-class separability and reduces intra-
class variation, enabling efficient knowledge transfer to various
sensing modalities. Experiments show that with five support
samples, Img2Spec achieves recognition accuracies of 95.47%,
93.49%, and 88.44% for acoustic, WiFi, and millimeter wave
gestures respectively. With one support sample, our method
achieves an accuracy improvement of up to 15.40% over the
baseline. Our framework totally eliminates the need for training
data and supports gesture recognition with different sensing
modalities.

Index Terms—Cross-modal Framework; Gesture Recognition;
Local Descriptors
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Fig. 1. The sketch of a cross-modal framework leveraging
knowledge from public datasets for gesture recognition

ITH the rise of smart devices, wireless sensing-based
Wgesture recognition has become a popular contact-
less method for human-computer interaction. Many gesture
recognition methods have been developed in recent years.
These include approaches based on acoustic [1]-[5], WiFi [6]-
[10], millimeter wave [11]-[15], inertial measurement units
(IMU) [16], [17], and vision-based methods [18], [19]. IMU-
based methods often require users to wear devices, which can
be uncomfortable. Meanwhile, vision-based methods rely on
cameras, which raise privacy concerns. In contrast, wireless
sensing-based gesture recognition does not require contact,
offers high comfort, and protects privacy. These advantages
make it a research focus in the field of human-computer
interaction.

However, current wireless sensing-based gesture recognition
methods heavily rely on large amounts of training data, which
must be collected separately for each modality and specific
task. This process is time-consuming and labor-intensive. For
example, SonicASL [4] requires 20 acoustic samples per
gesture class, the research [8] needs 100 WiFi samples per
sentence, and the work [11] collects over 30 millimeter wave
radar samples. To address these challenges, researchers have
proposed several solutions: (1) Generating target modality
data from source modality data [20]-[25]; (2) Leveraging
source modality data to assist model training [26]-[28]. While
these methods reduce data collection costs and improve per-
formance, they still have several limitations. First, methods
that generate target-modality data from source modality data
typically require highly similar or consistent activity categories
to minimize the discrepancy between the source and target
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modalities. This constraint is called category consistency,
which restricts the task categories and cannot be extended to
more classes. Second, these solutions, designed for a single
target modality, often lack adaptability and fail to generalize
across new modalities and diverse environments. Third, when
video data is used as the source modality, complex techniques
are needed to handle occlusion. As a result, this naturally
raises an interesting question: can we design a generalizable
cross-modal gesture recognition framework, as illustrated in
Fig. 1, that transfers knowledge from a single source modality
to multiple target modalities without the category consistency
constraint?

We propose Img2Spec, which learns from unrelated open-
source image datasets and applies to recognition tasks across
diverse wireless sensing modalities. To achieve this, Img2Spec
must overcome several key challenges: (1) How fo select
an appropriate source modality dataset? With many public
datasets available across modalities like images, videos, and
IMUs, choosing a source modality that supports effective
knowledge transfer to multiple target modalities is critical.
if the source and target modalities do not share common
structural patterns, knowledge transfer may fail, and leveraging
the source modality for auxiliary training can degrade perfor-
mance. The selected dataset must support balanced transfer
across multiple target modalities to ensure broad applicability.
(2) How to preserve the knowledge learned from the source
modality maximally? Since our framework targets multiple
modalities, it is difficult for the categories in the source
modality dataset to match all target modality categories. This
category inconsistency causes significant differences between
the source and target domains, making knowledge transfer
difficult. Therefore, we need to design a method to remove
category constraints, enabling knowledge transfer across dif-
ferent target modalities while retaining each modality’s in-
ternal pattern variations to improve generalization. (3) How
can the framework be enabled to adapt across multiple target
sensing modalities? Differences in data representation across
modalities increase the demand for flexible feature extractors.
In addition, the training strategy must allow the model to
leverage knowledge from the source without introducing bias
toward any specific target modality.

First, we use three widely adopted wireless sensing signals,
namely acoustic, WiFi, and millimeter wave, as the target
modalities. These modalities differ in raw data formats: Acous-
tic data is stored as audio files; WiFi data is represented as
CSI channel sequences; Millimeter wave data is stored as point
cloud representations. Despite these differences, prior works
[2]-[6], [9]-[11], [13], [20], [21], [26]-[31] transform these
signals into 2D spectrograms via modality-specific preprocess-
ing, allowing models to exploit visual features for recognition.
Specifically, acoustic gestures are transformed to spectrograms
using the Short-Time Fourier Transform (STFT) [2], WiFi
gestures are represented as doppler frequency shifts (DFS)
from CSI channels [10], and millimeter wave gestures are ex-
tracted as concentrated position-doppler profiles (CPDP) from
point cloud data [11]. Despite the differences in raw signal
formats, prior work commonly transforms wireless sensing
data into spectrograms, enabling models to leverage visual

Fig. 2. The acoustic spectrograms of writing ‘0’

representations for recognition. This observation suggests that
different sensing modalities can be unified under an image-
like representation, motivating us to explore image datasets as
a general source modality. By treating spectrogram as a bridge,
we aim to facilitate knowledge transfer across heterogeneous
sensing modalities while reducing the impact of modality gaps.

However, although different target sensing modalities can
be correlated with the image modality, significant feature
discrepancies still remain. As shown in Fig. 2, motion-induced
frequency shifts form distinctive local patterns in spectro-
grams, which are critical for accurate gesture recognition. In
computer vision, models often rely on salient local structures
and fine-grained details for classification. This motivates us
to investigate whether locality-aware representations can be
effectively transferred to wireless sensing modalities. Inspired
by recent cross-domain studies [32]-[34], we observe that
global feature representations may introduce bias when han-
dling multiple modalities, as they tend to incorporate irrelevant
background information. In contrast, local features focus on
discriminative regions and are more robust to cross-modal
discrepancies. Therefore, we propose to leverage local descrip-
tors to capture discriminative patterns and facilitate effective
knowledge transfer. Based on this intuition, we design a
modality-aware attention local matching (MAALM) module
to enhance cross-modal alignment and improve recognition
performance. In addition, to learn general and transferable
representations, we adopt unsupervised contrastive learning as
the pretraining strategy, followed by modality-specific fine-
tuning for downstream tasks.

Based on this design, we propose Img2Spec, a general-
izable cross-modal gesture recognition framework. It uses
unlabeled image dataset for pretraining and requires only a
small amount of data for fine-tuning downstream modalities.
This approach enables the construction of a high-performance
gesture recognition system. Img2Spec is not merely a stacking
of target modalities. Instead, we propose MAALM to eliminate
category consistency between the source and target modalities,
demonstrating that local descriptors can preserve source do-
main knowledge in cross-modal tasks. In summary, the main
contributions of this work are as follows:

o« We propose Img2Spec, a generalizable framework for
cross-modal gesture recognition that greatly reduces data
collection costs and achieves high performance with just
a few samples from target modality. To the best of our
knowledge, this is the first work to effectively transfer
knowledge from image data to acoustic, Wi-Fi, and
mmWave data simultaneously.

e We design the modal-aware attention local matching
(MAALM) module, which can effectively reduce back-
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ground interference and enhance knowledge transfer by
leveraging local descriptors and attention mechanisms.

o Experimental results show that with five support samples,
Img2Spec achieves accuracies of 95.47%, 93.49%, and
88.44% on acoustic, WiFi, and mmWave gesture recog-
nition tasks, exceeding the baseline by 5.15%, 4.96%,
and 5.78%, respectively. The source codes and datasets
will be released upon the acceptance of this manuscript'.

The rest of this paper is organized as follows. Sec. II
discusses related work. Sec. III-B presents problem definition.
Sec. IV and Sec. V describe the system design and implemen-
tation details of Img2Spec. Sec. VI presents the evaluation
results. Sec. VII discusses some related issues. Sec. VIII
concludes our work.

II. RELATED WORK
A. Framework for Cross-modal Recognition Tasks

To reduce data collection costs, existing studies investigate
cross-modal solutions. Some approaches [20]-[25] generate
target modality data for training using data from alternative
modalities. For instance, both Vid2Doppler [20] and Midas
[21] generate millimeter wave Doppler data from video data.
RF Genesis [22] generates millimeter wave data from textual
descriptions based on physical simulations, while IMUTube
[23] and SignRing [24] generate accelerometer data from
videos. mmCLIP [25] enables zero-shot recognition of unseen
activities sensed by millimeter wave, using textual descriptions
and synthesized RF signals. In addition, other studies [26]-
[28], [35] directly leverage data from different modalities to
assist in training models for the target modality. IMU2Doppler
[26] and RF-CM [27] train millimeter wave-based activity
recognition models using IMU and WiFi datasets, respectively.
Img2Acoustic [28] implements acoustic gesture recognition by
pretraining model on image dataset. However, these methods
typically require category consistency between source and
target modalities or restrict knowledge transfer to a single
modality. As a result, they limit support for multiple target
modalities and necessitate careful selection of datasets due to
category alignment constraints.

B. Cross-domain Few-shot Learning

Current few-shot learning methods are generally categorized
into meta-learning approaches [36], [37] and metric-based
methods [38]-[40]. In meta-learning, a representative approach
is model-agnostic meta-learning (MAML) [36], which pre-
trains a model on base tasks and subsequently tests it on new
tasks. Metric-based learning methods map data into a feature
space and perform classification based on similarity metrics.
For example, the prototype network [40] calculates prototype
vectors and classifies based on their similarity. Additionally,
matching network [38] and relation network [39] employ
neural networks to assess the similarity between samples.
The query-centric distance modulator (QCDM) [41] generates
channel attention weights between samples.

Ihttps://github.com/ISAC-GROUP/Img2Spec

Cross-domain few-shot learning (CD-FSL) methods [32]-
[34], [42]-[45] focus on addressing challenges related to cross-
domain and cross-category learning. For instance, domain-
adversarial prototypical network (DAPN) [42] aligns global
distributions, while DN4 [32] uses nearest-neighbor deep
descriptors for similarity matching, reducing background noise
interference. DMN4 [33] utilizes the mutual nearest neighbor
relationships between samples to enhance similarity. Existing
works focus on single-image modality recognition across
different domains, and we innovatively combine CD-FSL with
gesture recognition across multiple wireless sensing modali-
ties.

C. Wireless-based Gesture Recognition

Wireless gesture recognition is widely adopted due to
its advantages in security and privacy. For acoustic-based
gesture recognition [1]-[5], EchoWrite 2.0 [2] recognizes
letters and digits using Doppler time-frequency maps. In
WiFi-based recognition [6]-[10], Widar3.0 [10] introduces the
body-coordinate velocity profile (BVP) as a novel feature
to enhance cross-domain adaptability. For millimeter wave-
based recognition, methods [11]-[15] such as mHomeGes
[11] utilize point cloud features to generate a concentrated
position-doppler profile (CPDP) that effectively characterizes
the unique features of different arm joints.

The characteristics of these wireless sensing modalities are
diverse, and the required sensing modality may vary depending
on the environment and recognition accuracy. However, exist-
ing methods are typically tailored to specific modalities and
lack generalizability across others. Additionally, these methods
often rely on large amounts of training data to generalize the
model, which limits the rapid deployment of the system. This
reveals a major limitation in current research: the absence
of a generalizable, low-cost solution for multiple sensing
modalities.

I1I. PRELIMINARY
A. Understanding Cross-modal Knowledge Transfer

Although generic image datasets and wireless modalities
differ in semantic meaning and physical interpretation, effec-
tive knowledge transfer can still be achieved between them.
In this paper, knowledge transfer does not refer to high-
level semantic information, but to the reuse of structural
representations captured at low and intermediate levels. Pre-
trained models learn generic local patterns such as edges,
textures, and spatial continuity, which are not unique to
generic images. Such structural patterns are also inherently
present in spectrogram representations of wireless signals. Due
to motion-induced Doppler effects, wireless signals exhibit
characteristic frequency shifts over time, forming continuous
and structured patterns in the spectrogram domain. These
patterns encode meaningful physical information of gestures
and are structurally analogous to edges or contours in generic
images. As a result, convolutional filters trained on image
datasets can be naturally activated by these structurally similar
patterns, enabling the reuse of learned feature detectors across
modalities.
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Fig. 4. The visualization of acoustic spectrograms of two
different gestures. From left to right: spectrogram, Grad-CAM,
and guided Grad-CAM.

This behavior is further illustrated by comparing the feature
responses of models with and without image-based pretraining
using Grad-CAM and guided Grad-CAM [46]. As shown in
Fig. 5, the model without pretraining exhibits scattered and
noisy activation patterns, failing to consistently focus on dis-
criminative regions. In contrast, the pretrained model produces
concentrated and continuous responses that align well with
motion-induced frequency variations in the spectrogram. These
observations indicate that image-based pretraining enables the
model to capture structurally meaningful patterns, rather than
responding to arbitrary or noisy regions.

In our framework, cross-modal knowledge transfer is there-
fore realized at the level of structural representations rather
than semantic concepts. Its effectiveness depends on the
presence of shared structural regularities between modalities,
rather than their semantic similarity. Consequently, not all
source modalities are equally suitable for transfer. When the
target data lacks clear and consistent structural patterns, the

Fig. 5. The visualization of acoustic spectrograms with and
without image-based pretraining. From left to right: Grad-
CAM (w/o pretraining), guided Grad-CAM (w/o pretraining),
Grad-CAM (with pretraining), and guided Grad-CAM (with
pretraining).

transferred knowledge becomes less effective. In our setting,
different wireless signals can be transformed into spectro-
grams with well-defined structural patterns, which reduces the
modality gap and enables effective transfer from image-based
pretraining. This observation also motivates the use of local
feature representations in our framework, as they are more
capable of capturing and matching such structural patterns
across modalities.

B. Problem Definition

Img2Spec is a cross-modal gesture recognition framework
that utilizes the abundance of image dataset to develop gesture
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recognition systems for acoustic, WiFi, and millimeter wave
signals. We assume the source modal dataset Dy CONSists
of image samples x; with corresponding labels y;, represented
a8 Dsource = {(@i,y:)};29"". In the pre-training phase, we
train a general feature extractor F'(.,0) : X — Z, where X is
the input space and Z is the feature space. During fine-tuning,
we use an IN-way K-shot approach to adapt the pretrained
feature extractor F'(.,0), where N is the number of target
modal classes, and K is the number of support samples per
class. The target modal dataset Dygrger = { (s, yi)}?:ml"ge‘ has
a very small number of samples. F'(.,6) randomly selects a
series of N-way K-shot segments from Dy,.ge¢ for parameter
adjustment. Each training epoch includes mulg\i}ple tasks 7.
In each task 7;, the support set S = (zs,,ys;) ileK contains
K samples per class, and the query set Q = (in,yQi)?il
includes M query samples. In few-shot learning, support
samples are crucial for providing labeled examples of each
class, allowing the model to learn and generalize from limited
data. Within the same task 7, S N Q = (. After fine-
tuning across several tasks, the model produces a modality-
specific feature extractor F'(.,¢). In real-world applications,
users can choose a target modality and provide K custom
gesture samples as the support set S. During testing, the user’s
input samples are treated as the query sample ¢ and combined
with the pre-stored support set S to predict the specific gesture
class using our proposed framework.

IV. SYSTEM DESIGN
A. System Overview

Img2Spec is a generalizable cross-modal gesture recognition
framework pretrained on open-source image datasets and
finetuned with a small number of samples from the target
modality, enabling high recognition accuracy across various
modalities. The framework uses a large set of unlabeled image
data for pretraining and fine-tunes with a few labeled samples
to ensure the model can adapt to the characteristics of different
modalities dynamically. The system workflow is shown in
Fig. 3. In the pretraining phase, Img2Spec leverages contrastive
learning on a large image dataset to train the base model.
In the fine-tuning phase, the encoder from the pretraining
phase acts as the feature extractor. Users can choose the
modality for gesture recognition and provide a small set
of labeled samples to fine-tune the model. During testing,
signals of different modalities are first converted into spec-
trograms through modality-specific preprocessing and then
passed through the feature extractor. The model transforms the
extracted features into local descriptors. The matching module
computes classification probabilities based on the relationships
among these descriptors. Finally, the model outputs the gesture
recognition results.

B. Data Pre-processing

According to the discussion in Sec. I, data from different
target modalities can be transformed into image-like repre-
sentations through appropriate processing. To ensure consis-
tent feature representation across modalities, we convert the
acoustic signals, Wi-Fi CSI, and mmWave point clouds into a

(a) Acoustic

(b) WiFi (c) mmWave

Fig. 6. The feature maps generated from the raw data of
acoustic, WiFi, and mmWave modalities

unified format using modality-specific preprocessing methods
as illustrated in Fig. 6.

1) Acoustic data: According to the Doppler effect, when
a user performs hand gestures within the acoustic field of
a speaker, the frequency of the echo signal received by the
microphone shifts. The magnitude of this frequency shift,
denoted as fp, depends on the relative movement speed
between the finger and the speaker-microphone pair. It is
defined as follows:

1_vsivf

fo=fo- Sy

(1)

where fy represents the frequency of the transmitted signal,
v, is the propagation speed of the signal in air, and vy is the
relative motion speed of the finger with respect to the device.

In our experiment, to avoid low-frequency noise, we set
the frequency of the signal transmitted by the speaker to
19kHz. Given that the maximum finger movement speed is
approximately 1.5m/s, the maximum Doppler shift is about
168Hz, as shown in Eq.(1). Therefore, we focus on the
frequency band [18800,19200] Hz. To isolate the target fre-
quency band and remove static environmental components,
we first apply a third-order Butterworth notch filter to isolate
[18985,19015] Hz, followed by a bandpass filter for the de-
sired frequency range. The audio signal is then converted into
a spectrogram using Short-Time Fourier Transform (STFT)
with a Hamming window, 8192 window size, and 1024 overlap
size. After obtaining the spectrogram, we normalize it, smooth
it with a Gaussian filter, and apply thresholding.

2) WiFi data: Channel State Information (CSI) describes
the propagation of wireless signals between a transmitter and
receiver. Wireless signals typically travel through multiple
paths. For a subcarrier with N propagation paths, the CSI
value between a pair of transmitting and receiving antennas
as a function of frequency f and time ¢ is given by:

N
H(f,t) =) An(t)e7?mIm® )
n=1

where A, (t) and 7,(t) represent the attenuation factor and

propagation delay of the n-th channel, respectively.
According to the Doppler effect, human movement induces

phase variations in wireless signals, with the Doppler fre-

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on June 30,2026 at 18:08:53 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TMC.2026.3689384

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. XX, NO. YY, ZZ 2024

quency shift denoted as fp. The changes in wireless signals
caused by gestures can be mathematically represented as:

H(f,t)=Hy(f)+ > An(t)e 2o 3)
nepP

where H,(f) represents the sum of static path responses (i.e.
fp = 0) that remain constant over time, and P denotes
the set of dynamic paths (i.e. fp # 0). To remove static
environmental components H(f) and high-frequency noise,
we use a bandpass Butterworth filter to retain the frequency
band [2,60]Hz. Then, we apply a STFT with a Gaussian
window on the CSI data, setting the window size to 250 and a
75% overlap. The DFS features capture intensity information
across specific time and frequency ranges, offering insight into
the user’s dynamic state.

3) Millimeter wave data: mHomeGes [11] uses position
and velocity information from millimeter wave radar to pro-
pose the CPDP. Specifically, the millimeter wave radar cap-
tures the user’s motion to produce a point cloud in each
frame. Each point can be represented as a vector p; =
(4, Yi, 2i, diy €;), where i denotes the current frame index.
Here, z;, y;, and z; represent the position of the point, d;
represents the point’s velocity relative to the radar, and ¢;
indicates the reflection intensity. A point cloud in the j-
th frame is denoted as P; = {pili = 1,2,...,n,}, where
n; is the number of points in that frame. Therefore, we
can assume that a gesture sequence consists of N frames,
it can be represented as Ges = (Py, Pa,...,Py). CPDP
features aggregate reflection intensities at specific positions
and velocities, mapping each gesture onto a two-dimensional
matrix. It captures the energy distribution of the gesture at
each position and velocity. The computed distance and velocity
values are normalized to the range [0, 1] and mapped to matrix
indices. Formally, CPDP can be represented as:

II= [Z e'rn,nhs x1q (4)

where Y €, , denotes the intensity of 7, I, is the distance
index, and I is the Doppler radial velocity index. By con-
structing CPDP, raw point cloud signals are transformed into
spectrograms that represent different gestures.

C. Pre-training Phase

In this section, we introduce the design of the feature
extractor and the details of pretraining.

1) Design of feature extractor: Img2Spec is a framework
designed for gesture recognition across various target modal-
ities. It emphasizes the need for a robust and generalizable
feature extractor. However, the distributions, scales, and rela-
tional structures of features vary across modalities, which may
influence fine-tuning performance. Choosing an appropriate
network backbone based on the characteristics of different
modalities is essential in practical applications. Overly simple
or complex models may fail to adapt to the target modality.
Smaller-scale models work better for modalities with uniform
data distributions, while larger-scale models are more effective
for diverse and complex feature distributions.

100
c\c -
A
> 60
Q
g
5 40
Qo
< 20 Acoustic (W/o pretrain) Acoustic (W/ pretrain)
‘WiFi (w/o pretrain) WiFi (w/ pretrain)
0 mmWave (w/o pretrain) ] mmWave (w/ pretrain)

1 1
Resnet-18 Conv-64F Resnet-12

Fig. 7. The impact of pretraining on models of different scales

To address this issue, we compare the performance of mod-
els with different scales in pretraining-finetuning and direct-
training frameworks. We randomly select one user in each
of the three target modalities (acoustic, WiFi, and millimeter
wave) for experiments, setting the support sample count to 3.
The results are shown in Fig. 7. When the backbone network is
ResNet-18 [47], fine-tuning performance on the WiFi modality
decreases. For the acoustic modality, a Conv-64F backbone
leads to poor performance. In contrast, fine-tuning on the
mmWave modality is effective across all three network scales.
We attribute this to millimeter wave features being closer to
image features, while acoustic and WiFi features differ sig-
nificantly from images, resulting in the observed performance
differences. Considering the differences in data distribution
across modalities and the need for a lightweight yet effective
architecture, we design the backbone network based on a
residual network structure [47]. The network consists of four
residual blocks with channel dimensions of 64, 128, 256, and
128 respectively. The proposed model offers advantages in
both size and performance, the detailed discussion is provided
in Sec. VI-DI. Inspired by [48], we adopt LeakyReLU as the
activation function instead of the standard ReLU, which is
particularly beneficial for heterogeneous data representations
in cross-modal recognition tasks.

2) General Feature Learning via Image Pre-training:
Based on the above discussion, we decide to perform pre-
liminary pre-training on open-source image datasets before
applying the model to gesture recognition tasks based on
different sensing modalities. Given the distinct characteristics
of data from different modalities, we aim to learn generalizable
representations of 2D features from image datasets during
pre-training to maximize its effectiveness. We also expect
the pre-training phase to be decoupled from downstream
tasks. In other words, the framework should require minimal
adjustments regardless of the type or class composition of the
image dataset used for pre-training. Contrastive learning is
used to capture general features from visual data, reducing
the reliance on labeled data. Therefore, during pre-training,
we initialize the parameters of the feature extractor using
contrastive learning.

Unsupervised contrastive learning uses large amounts of
unlabeled data to learn meaningful feature representations
[49]. An anchor sample is augmented to create positive pairs,
minimizing the distance between similar samples and maxi-
mizing the distance between dissimilar ones. We use cosine
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similarity in contrastive learning to measure the distance
between vectors. Given two vectors x and y, their distance
is computed as follows:

xX-y
[l < ly

To ensure that the model focuses on learning general visual
representations rather than task-specific classes during pre-
training, data augmentation is commonly used to generate
diverse samples. In this work, we adopt augmentation strate-
gies including random cropping, scaling, horizontal flipping,
color jittering, and random noise injection. Given an input
sample x;, we generate augmented sample pairs (i.e., positive
sample pairs) (z;,z;). From a batch of N samples, we
generate 2N augmented samples. To enhance representation
and semantic generalization, we add a nonlinear head after
the feature extractor. This module consists of a fully connected
layer followed by ReLU activation. The output representations
are denoted as (s; , ;")

The construction of positive and negative sample pairs
is crucial. From the 2N augmented samples, we construct
negative pairs. Given a sample s;, its positive pair is sj‘, and
the remaining samples s; (j # ¢) form the negative pairs for
s;. Therefore, for each s;, there are 2N negative pairs. The
contrastive regularization loss is defined as:

exp(Cos(s;,s7) /)

log
Z ZWGXP(COS(SMSJ)/T)

where 7 is the temperature parameter, s is the augmented
positive sample of s;, and s; represents the remaining aug-
mented samples. After pretraining, only the feature extractor
is retained.

Cos(x,y) = 5)

(6)

D. Fine-tuning / Testing Phase

After self-supervised pretraining, we obtain a feature extrac-
tor F'(.,0) that can extract features from image samples. Fine-
tuning this extractor with a small number of target modality
samples (e.g., 1-shot, 3-shot, or 5-shot) adapts the model to
specific modalities, resulting in a gesture recognition model
F(.,¥). In this section, we explain why local descriptors
are suitable for cross-modal tasks and provide details of our
MAALM module.

1) Global and local matching strategies: In few-shot learn-
ing, global matching and local matching are common strategies
for feature matching. For a query sample, the feature map Z, is
matched with the feature maps Z;, of support samples from
a specific class, where i = 1,2, ..., K. Here, Z € R¥*"xw,
where d is the dimension of feature channels, and h and w
are the height and width of the feature map, respectively.

Global matching strategy: In global matching, the fea-
ture of an input sample is compressed into a fixed vector
representation. For example, in the prototypical network [40],
a prototype vector represents all support samples of a given
class. This representation is called the global descriptor. Global
descriptors are compared by computing their similarity to
determine the class. As shown in Fig. 8, the global descriptor
of a query sample, D,, is obtained by applying average pooling

Support samples

Query samples
I

Classification
possibility

Global
descriptors

Fig. 8. The illustration of global and local matching strategies

to Z,, with D, € R¥!*1_Similarly, the global descriptor for
support samples, D, , is computed as D,, € R¥*1x1 The
prototype vector P is calculated as:

1 K
=2 Ds, ™
i=1

Finally, the query sample’s class is determined by the cosine
similarity between D, and P. Global matching is computa-
tionally efficient but often loses local feature information. In
cross-modal learning, it is particularly sensitive to differences
between modalities.

Local matching strategy: In contrast, local matching di-
vides sample features into multiple local regions for com-
parison. For instance, DN4 [32] uses nearest-neighbor local
descriptors to compute similarity for classification. Here, Z,
is represented as local descriptors D, as shown in Fig. 8,
where D, € R"wxd and D, for support samples is also
in R"*wxd Nearest-neighbor descriptor pairs (D, Ds, )
(where j, k € h x w) are identified, and their cosine similarity
is summed to compute the similarity score. This approach
focuses on the most valuable information while ignoring com-
mon features across classes, such as background or texture.
It enhances the domain-specific distinctiveness of the target
modality. For example, when support samples are flipped or
partially missing, global descriptors may lose information,
but nearest-neighbor local descriptors retain their relationships
[32]. Local descriptors captures finer sample details, which
helps discard irrelevant features and focus only on the impor-
tant information of the target modality in cross-modal learning.

We conduct experiments to validate the effectiveness of
local descriptors in reducing source-target domain discrep-
ancies while preserving intra-domain distinctiveness. In these
experiments, we use a pre-trained ResNet-18 [47] as the fea-
ture extractor and derive global and local descriptors through
average pooling and dimension reordering, respectively. We
visualize these descriptors using t-SNE [50]. As shown in
Fig. 9, the first row presents the global descriptors of the target
modality, while the second row shows the local descriptors.
Compared to global descriptors, local descriptors exhibit larger
inter-class distances and more distinct clusters. However, the
class boundaries of millimeter wave local descriptors remain
unclear, suggesting that additional filtering mechanisms can be
added to improve class distinction.

In summary, local descriptors often focuses on the most
significant regions for classification, this ability enables it to
fully use the knowledge learned from source modalities with
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Fig. 9. The t-SNE visualization of target modals’ descriptors,
the top represents the global descriptors and the bottom
represents the local descriptors.

inconsistent categories. Therefore, local descriptors are ideal
for cross-modal tasks.

2) Modal-aware attention local matching: As discussed
above, global descriptors tend to suppress fine-grained local
cues when there exists a significant domain gap between
training and testing data. In cross-modal sensing scenarios,
such information loss is further amplified due to modality-
specific signal characteristics and heterogeneous feature distri-
butions. Local descriptors preserve spatially localized patterns
and exhibit stronger channel-wise correlations, making them
more suitable for cross-modal generalization under limited
supervision. Moreover, different sensing modalities emphasize
distinct local structures, which cannot be uniformly cap-
tured by a modality-agnostic matching strategy. Based on
these observations, we propose modal-aware attention local
matching (MAALM), which explicitly adapts local descriptor
matching to modality-specific characteristics before similarity
computation.

For a given sample X, the feature map F(X, ¥) € Rixwxd
is viewed as a collection of » = h X w local descriptors.
The descriptor sets for query samples and support samples
are denoted as q and S = UCGC Se¢, respectively, where C' is
the set of all categories, and s. represents the descriptor set
for category c.

Img2Spec is intended to support multiple target modalities,
yet the image-like features derived from different sensing
modalities—after the processing described in Sec. IV-B may
exhibit substantial variation. Directly applying local match-
ing across modalities risks emphasizing task-irrelevant or
modality-specific noise patterns. To address this issue, we in-
troduce a modal-aware attention module prior to local descrip-
tor matching, enabling adaptive emphasis on modality-relevant
feature channels. The feature map F'(X, ¥) is passed through
an attention module A, as shown in Fig. 3. This module
consists of convolutional layers with a kernel size of 3, using
the GELU activation function to extract deeper information.
A sigmoid function constrains the attention weights within the
range [0, 1]. The modality attention map W = A(F(X,¥)) €

Rh>xwxd js yused to reweight the feature map:
FI(X,0) = W ® F(X, ¥) ®)

This attention-guided reweighting suppresses modality-
irrelevant activations while preserving discriminative local
structures that are consistently informative across sensing
modalities. After attention adaptation, we perform local de-
scriptor matching using a mutual nearest neighbor (MNN)
strategy to mitigate the influence of background clutter and
ambiguous descriptors. Unlike conventional nearest-neighbor
matching that independently associates each query descriptor
with support descriptors, MNN enforces a bidirectional consis-
tency constraint in the descriptor space. Specifically, for each
q € q and category ¢, we find s, the nearest neighbor of ¢ in
Sc, denoted as s = NNg.(¢). Similarly, we locate g, the nearest
neighbor of s in q, denoted as ¢ = NNg(s). If ¢ = ¢, ¢ and s
are considered a mutual nearest neighbor pair. To enhance the
discriminative power of these selected mutual nearest neighbor
pairs, we incorporate the concept of positive and negative
samples, strengthening the relationship with support samples
of the same category while weakening connections to samples
from other categories. The classification contribution of each
mutual nearest neighbor pair is formulated as:

¢ = arg IPE%(Z (Cos(q, NNs. (¢)) — Cos(q,NNg\s, (q)))

q€q
©))
where ¢ represents the predicted category, C'os is the cosine
similarity function, and S \ s. denotes the set of descriptors
in S excluding those in s.. This discriminative approach
leverages information from the query samples and enhances
inter-category distinction.

Based on the local matching strategy, we utilize attention
and mutual nearest neighbor mechanisms to help the model
retain knowledge learned during pretraining, effectively dis-
tinguish between different classes, and dynamically adapt to
various sensing modalities.

V. IMPLEMENTATION
A. Datasets

1) Training dataset: In the experiment on overall perfor-
mance, we generally select CIFAR-10 [51], a benchmark
dataset for general object recognition, consisting of 60,000
color images across 10 classes, 6,000 images per class. Each
image has a resolution of 32x 32. To validate the generalizabil-
ity of our framework, we also pretrain the model on different
datasets in the subsequent analysis.

ImageNet [52]: ImageNet is a large-scale image database
containing over 14 million images across more than 20,000
categories. These images encompass a wide range of common
objects and scenes encountered in daily life.

MinilmageNet [38]: As a mini-version of ImageNet [52],
this dataset is widely used for few-shot recognition tasks. It
contains 100 classes, with 600 images per class. Each image
has a resolution of 84 x 84.

MNIST [53]: The MNIST dataset is a collection of hand-
written digits used for image classification tasks. It contains
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60,000 training images and 10,000 test images, with 10 classes
(digits ‘0’-‘9), each image has a resolution of 28 x 28.

Omniglot [54]: Omniglot is a handwritten character dataset,
containing 1,623 categories from 50 different alphabets. Each
category consists of 20 samples, with image resolution of
105 x 105. It is commonly used for few-shot learning tasks.

For pre-training, the images are all resized to 224 x 224.

2) Testing dataset: We evaluate the Img2Spec framework
across three modalities: acoustic, WiFi, and millimeter wave.
For each modality, we select gesture datasets, including a
self-collected dataset and two public datasets: Widar3.0 and
mHomeGes. Each dataset varies in terms of gesture categories
and includes customized gestures. During fine-tuning, all fea-
ture maps are resized to 84 x 84 to ensure consistency in
feature extraction.

Self-collected Dataset (Dataset 1): We collect an acoustic
gesture dataset using an Android application developed in-
house. This app controls a smart device speaker to emit a
19kHz modulated sine wave, while the microphone samples
the echo at 44.1kHz. The echoes are processed to generate
time-frequency gesture feature maps, as detailed in Sec. IV-B1.
The study involves 10 participants (6 male, 4 female), aged
between 18 and 25 years, each performing 10 repetitions
of hand-drawn gestures representing digits ‘0’ to ‘9’ in a
controlled laboratory environment. Participants use a tablet and
maintain a writing distance of [0, 5) cm, with background noise
ranging from [45, 55] dB. The tablet is positioned at a 0° angle,
and the speaker volume is set to 60 dB using a Samsung Tab S2
device. In subsequent experiments, participants perform ges-
tures under varying conditions, including different distances
and angles. In total, over 10,000 samples are collected from
the 10 participants across 14 domains.

Widar3.0 [10] (Dataset 2): Widar3.0 is a WiFi-based ges-
ture dataset consisting of 12, 000 samples from 16 participants.
It covers over 75 domains and includes more than 20 gesture
types, such as digits ‘0’ to ‘9°, as well as gestures like push,
clap, and slide. For this study, we select data from four users,
with position 5 and orientation 3, the number of gesture
categories is six. Unlike Widar3.0’s approach of converting
CSI to BVP features, we transform the data into DFS features.

mHomeGes [11] (Dataset 3): The mHomeGes dataset is
designed for gesture recognition in smart home scenarios,
comprising 22,000 samples from 25 participants. It includes
10 custom arm gestures, each repeated 30 times at anchor
points between 1.2m and 3m (spaced 0.15m apart) across
seven indoor environments such as bedrooms, study rooms,
and living rooms. mHomeGes provides raw point cloud data,
which we process into CPDP feature maps as described in
Sec. IV-B3. For this study, we select gesture data from seven
users for evaluation.

B. Implementation

During pre-training, we set the batch size to 128, the
dimension of the nonlinear projection head to 64, and the
temperature parameter 7 to 0.5 in Eq.(6). The model is trained
for 30 epochs using the Adam optimizer with a learning rate
of 3 x 107%, retaining only the feature extractor. For fine-
tuning, users provide K target modality samples as required.
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Fig. 10. Img2Spec’s overall performance

The model is trained with a batch size of 5 using Adam and
a learning rate of 1 x 1072 for 10 epochs, with each epoch
consisting of 10 episodes. To reduce user interaction costs,
Img2Spec does not rely on validation samples during fine-
tuning. Therefore, we retain the model from the final epoch
for testing. All data processing and model training are done
on a server with an Intel Xeon E5-2686 v4 CPU, an NVIDIA
RTX A6000 GPU, and 440 GB of RAM, using the PyTorch
library (Python 3.8). Widar3.0’s data processing is performed
in MATLAB on a PC with an Intel Core i9-10900K CPU.

VI. EVALUATION
A. Evaluation Metric

For performance evaluation, we conduct assessments on
three distinct gesture recognition tasks across different modal-
ities, using average accuracy as the evaluation metric. The
accuracy is defined as:

Ncorrect

Nan

where Niorrect and Ny denote the number of correctly
predicted samples and the total number of test samples,
respectively. Specifically, we perform fine-tuning and testing
using an N-way K -shot approach.

Accuracy = (10)

B. Baseline

To demonstrate the effectiveness of Img2Spec in enhancing
cross-modal hand gesture recognition, we use models trained
directly on target modality data as baselines for comparison.
These baseline models share the same feature extractor and
classification module as Img2Spec, ensuring a fair comparison.

C. Overall Performance

We evaluate the performance of Img2Spec across different
target modalities, including a custom dataset (Dataset 1) and
two public available datasets (Datasets 2 and 3). In the N-
way K-shot setting, we select K samples randomly from the
dataset for fine-tuning, with K samples as support samples
and one sample as a query sample. The remaining samples
are used only for testing. For acoustic gesture recognition,
we focus on the core experiments outlined in Sec. V-A. For
WiFi-based gesture recognition, we evaluate data collected in
a classroom environment, with coordinates of (0.91,0.91) m
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TABLE I: Comparison with different classification methods

Method Acoustic WiFi Millimeter wave
1-shot 3-shot 5-shot 1-shot 3-shot 5-shot 1-shot 3-shot 5-shot
Prototypical network [40]  69.19%  79.34%  80.96%  72.01%  73.82%  76.18%  61.97%  68.18%  72.57%
Relation network [39] 28.49%  48.11%  36.56% 56.45%  59.66% 74.29% 35.74% 39.55% 27.17%
Linear probe 26.36% 34.99%  39.34% 37.74% 33.71%  55.97% 26.95%  28.09% 27.53%
DMN4 [33] 81.62%  92.17%  94.71% 80.91% 89.94%  92.96%  71.72% 82.63% 88.41%
DN4 [32] 8249%  91.95%  95.05% 80.32% 89.37%  92.49%  70.72% 82.14% 87.81%
MAALM (Ours) 84.15% 93.02% 95.47% 81.48% 90.96% 93.49% 74.69% 84.38%  88.44%

and an orientation angle of 0°. For mmWave gestures, we use
data collected at a distance of 1.2m.

Fig. 10 shows that for the acoustic modality, Img2Spec
achieves accuracies of 84.15%, 93.02%, and 95.47% for the
1, 3, and 5-shot settings, respectively, with improvements
over the baseline of 12.29%, 6.91%, and 5.15%. As for the
Wi-Fi modality, the corresponding accuracies are 81.48%,
90.96%, and 93.49%, with improvements of 15.40%, 7.93%,
and 4.96% compared to the baseline. Regarding the mmWave
modality, Img2Spec achieves accuracies of 74.69%, 84.38%,
and 88.44% for 1, 3, and 5-shot settings, outperforming the
baseline by 9.74%, 5.47%, and 5.78%, respectively. These re-
sults show that Img2Spec effectively transfers prior knowledge
from the image dataset to various modalities, demonstrating
its generalizability and adaptability for multi-modal gesture
recognition tasks.

D. Effectiveness Analysis of Framework Components

To evaluate the effectiveness of key components in
Img2Spec, we replace the feature extractor and classifier with
alternatives for assessment in this section.

1) Feature extractor: We design a feature extractor specif-
ically optimized to effectively capture features from spectro-
grams across different modalities. Additionally, we investigate
the recognition performance of various CNN models as feature
extractors for different modalities, including ResNet-18 [47],
MobileNetv2 [55], and Conv-64F. In this experiment, only
the backbone of the feature extractor is modified, while all
other settings remain constant. The evaluation results, shown
in Fig. 11, clearly indicate that our backbone consistently
outperforms the others across all modalities. For the acoustic
modality, the 1-shot, 3-shot, and 5-shot settings yield maxi-
mum improvements of 15.77%, 11.71%, and 10.83%, respec-
tively. For the WiFi modality, the corresponding improvements
are 11.47%, 9%, and 10.57%. In the mmWave modality, the

improvements are 18.46%, 10.76%, and 10.30% for the 1-
shot, 3-shot, and 5-shot settings, respectively. These results
suggest that the performance of the same backbone varies
across modalities, likely due to the inherent differences in the
data characteristics. The more complex ResNet-18 model may
lead to overfitting on simpler data, while the simpler Conv-64F
may underperform on more complex data. Furthermore, our
backbone has a compact size of only 9.89 MB, which is 1.15
times that of MobileNetv2, making it suitable for deployment
on mobile devices. In conclusion, the selected feature extractor
is both effective and practical for use in Img2Spec.

2) Classification module: To address the challenges as-
sociated with multimodal gesture recognition, we propose a
classification module, modal-aware attention local matching
(MAALM), which effectively leverages knowledge gained
from pretraining on image dataset to achieve superior recog-
nition performance across various modalities. To validate the
effectiveness of MAALM, we conduct experiments with a
fixed feature extractor and compare it against several CD-
FSL methods [56], [57], including a simple linear classifier,
global descriptor-based approaches (prototype network [40]
and relation network [39]), and local descriptor-based methods
(DN4 [32] and DMN4 [33]).

The evaluation results, presented in Table I, demonstrate that
MAALM consistently achieves the best performance across
the three modalities. Specifically, when provided with three
support samples, MAALM outperforms the prototype network
by 13.68%, 17.14%, and 16.20% across the respective tasks.
This highlights the superiority of local descriptors in capturing
inter-class differences in multimodal tasks. Notably, when
limited support samples are available, classification methods
such as the relation network and linear classification head often
fail to converge. To facilitate a fair comparison, we adjust the
batch sizes to 100 and 16 for fine-tuning these methods. Even
under these conditions, MAALM significantly outperforms
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Fig. 13. The results of ablation study

both the relation network and the linear classification head,
with an average improvement of 47.52% across all scenarios.
Furthermore, compared to DN4 and DMN4, both of which also
rely on local descriptors, MAALM achieves maximum im-
provements of 2.53%, 2.24%, and 1.00% in the 1-shot, 3-shot,
and 5-shot settings, respectively. These results validate the
effectiveness of the proposed discriminative mutual nearest-
neighbor selection mechanism, which enhances inter-class
separability and reduces intra-class variance. Additionally,
the modal-aware attention mechanism further refines feature
representations based on specific tasks, boosting recognition
accuracy.

In summary, MAALM consistently delivers superior per-
formance across different modalities and support sample sizes.
These findings further demonstrate that the proposed MAALM
module effectively leverages prior knowledge to enhance inter-
class separability and improve recognition performance in
multimodal scenarios, achieving superior results compared
with multiple CD-FSL baselines.

E. Generalization Across Diverse Pre-training Datasets

Our goal is to design a universal framework that can be
pretrained on open-source image datasets and then applied to
various wireless sensing modalities for gesture recognition.
Sec. VI-C demonstrates the effectiveness of our cross-modal
framework. Sec. VI-D1 verifies that our designed feature ex-
tractor can learn generalizable knowledge. Sec. VI-E confirms
that our classification module, MAALM, effectively transfers
the knowledge learned from image datasets to different wire-
less sensing modalities, enabling high-accuracy classification.
However, this does not yet validate our ultimate objective—a
universal cross-modal framework. To verify this, we pretrain

For acoustic gesture recognition, the accuracies are 82.48%,
91.80%, and 94.34%. For WiFi gesture recognition, the accu-
racies are 78.08%, 86.55%, and 89.07%. For millimeter wave
gesture recognition, the accuracies are 72.44%, 83.94%, and
87.43%. These results indicate that regardless of the image
dataset used for pretraining, Img2Spec consistently achieves
strong recognition performance across different modalities.
Furthermore, the findings highlight the superiority of our
proposed feature extractor and classification module.

F. Ablation Study

In this section, we perform an ablation study on MAALM to
evaluate the effectiveness of its design. We start with a global
feature based linear classifier and progressively add local
descriptor matching and subsequent components to quantify
their individual contributions. The results are shown in Fig. 13.
All three target modalities achieve the highest recognition
accuracy when classified using MAALM. Removing either
the modal-aware attention or the discriminative mutual nearest
neighbor mechanism reduces accuracy, indicating that these
components are beneficial when differences exist between
target modalities. Classification without local descriptors re-
sults in a substantial performance drop, demonstrating that
local descriptors are essential for cross-modal recognition.
Finally, when the MAALM module is completely removed,
the model’s classification ability becomes almost unusable.
These results confirm that MAALM, as the core component
of Img2Spec, is effective across different target modalities and
facilitates cross-modal gesture recognition.

G. Robustness Study

1) Acoustic: Specifically, we assess Img2Spec on acoustic
tasks across different writing distances, angles, and speaker
output power levels. Finally, we involve users from different
age groups to further validate the robustness of our approach.
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mance in different volumes

Distance: In real-world applications, the distance at which
users perform gestures can vary. To simulate this variability,
participants perform gesture writing at 5 cm intervals, as
illustrated in Fig. 14a. The starting distance ranges from
(0, 5] cm and extends to (20, 25] cm. The system’s performance
across these distances is shown in Fig. 14b, where average
accuracies of 87.96%, 97.16%, and 97.51% are achieved for
1-shot, 3-shot, and 5-shot scenarios, respectively. However,
there is an anomalous behavior observed: recognition accuracy
peaks at mid-range distances, while performance degrades at
both near and far distances. We attribute this to the fine-grained
nature of our gesture set, where even slight perturbations
can affect recognition. Since the acoustic signal propagates
outward from the speaker as a circular wavefront, the hori-
zontal component of the gesture becomes relatively large at
close range and relatively small at long range, leading to
performance degradation in both cases.

Angle: In real-world scenarios, users may perform gesture
writing at different angles based on their writing habits. To
assess the impact of writing angles, we test the system under
interaction angles of 0°, 7.5°, —7.5°, 15°, and —15°, as
shown in Fig. 15a. The results present in Fig. 15b, indicating
that the system achieves an average accuracy of 91.40% in
the 1-shot scenario. When provided with five support sam-
ples, recognition accuracy increases significantly to 98.65%.
Notably, Img2Spec does not achieve its best performance at
0°, but rather at 15°. This occurs because the speaker and
microphone on the tablet used for data collection are not
centrally aligned. Nevertheless, these results demonstrate that
the proposed framework exhibits robustness to variations in
angle for acoustic gesture recognition.

Volume: Smart devices vary in type, and their speaker
output power also differs. To evaluate the recognition perfor-

mance in different age groups

mance in different distances

mance of Img2Spec under different output power levels, users
perform gesture writing at four power levels (40-70dB, with
10dB intervals). As shown in Fig. 16, recognition accuracy
drops significantly at 40 dB, reaching only63.70%, 78.21%,
and 81.81% wunder 1-shot, 3-shot, and 5-shot conditions,
respectively. This decline is likely due to the low speaker
output power, which weakens the received echo energy, mak-
ing it difficult for gestures to be effectively represented in
spectrograms. When the output power is between 50-70dB,
Img2Spec maintains stable gesture recognition performance.
Most commercial smart devices can produce sound above
50dB, mitigating the low performance observed at 40 dB.
User’s age: In the evaluation presented in Sec. VI-C,
participants are aged between 18 and 25 years. Users from
different age groups may exhibit distinct handwriting styles.
To assess the impact of age, we evaluate gesture recognition
performance across three age groups: young (average age
10), middle-aged (average age 35), and elderly (average age
60). Notably, the model is re-finetuned for this experiment.
The results, shown in Fig. 17, indicate that overall gesture
recognition accuracy improves with age. The elderly group
achieves the highest accuracy, reaching 89.13% with just one
support sample. Spectrogram analysis reveals that, compared
to the young and middle-aged groups, the elderly participants
write more slowly. This slower motion results in more distinct
local variations in the spectrogram, enhancing recognition.
Nonetheless, Img2Spec demonstrates robustness across differ-
ent age groups in acoustic-based gesture recognition tasks.
2) Millimeter Wave: In the mmWave gesture recognition
task, we evaluate system robustness at different distances,
specifically 1.2m, 1.5m, 1.8m, 2.1 m, and 2.4 m. Since the
mHomeGes dataset [11] contains data from different partic-
ipants at varying distances, only one participant’s data from
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TABLE II: Recognition performance of WiFi under different
torso locations and face orientations with 5-shot samples

Location 1 2 3 4 5
A 7494%  87.26% 9321% 87.26%  97.55%
B 79.27%  9091%  93.35% 87.58%  96.01%
C 84.63%  95.05% 96.83%  78.67%  91.05%
D 7928%  9246% 95.61% 78.32%  91.70%
E 85.26% 96.69%  98.38%  83.66%  94.64%

the [1.2,2.4] m range is used for testing.

As shown in Fig. 18, with five support samples, the recog-
nition accuracies at 1.2m and 2.4 m are 72.06% and 77.81%,
respectively, while performance at 1.8 m drops to 53.94%.
Overall, the recognition accuracy exhibits ‘V’ pattern, consis-
tent with findings from [11]. We infer that this fluctuation is
likely caused by interference introduced during data collection.
In summary, the proposed framework achieves recognition
accuracy suitable for everyday applications in the mmWave
gesture recognition task.

3) WiFi: For WiFi-based gesture recognition, we evaluate
the system’s performance under different user positions and
orientations. We adopt specific parameters from Widar 3.0
[10]. Torso location represents the user’s coordinates relative
to the wireless transmitter and includes positions A to E.
Face orientation denotes the user’s facing direction relative
to the transmitter and includes orientations 1 to 5. When
provided with five support samples, the average recognition
performance across all positions and orientations is shown in
Table II The model does not achieve the highest accuracy at
our designated setting of location E with orientation 3. Instead,
the highest recognition accuracy of 98.56% is observed at
location A with orientation 2, along with several other set-
tings outperforming our chosen configuration. Nevertheless,
we consider location E with orientation 3 to be the most
reasonable setting, as it allows users to write gestures naturally
while maintaining an appropriate distance and facing the WiFi
transmitter. We conduct separate evaluations for position and
orientation.

Torso Location: With the transmitter as the origin, locations
A to E correspond to (1.365, 0.455), (0.455, 0.455), (0.455,
1.365), (1.365, 1.365), and (0.91, 0.91) in meters. The model
is fine-tuned using a small number of samples from each user
at location E with orientation 3 and tested on samples from
all five orientations. As shown in Fig. 19, gesture recognition
at location E achieves the highest average accuracy, reaching
80.52% and 95.20% under the 1-shot and 5-shot settings,
respectively. This is because location E is at the center of
the sensing region. In contrast, location D exhibits the lowest
performance, with 1-shot, 3-shot, and 5-shot accuracies of
72.11%, 86.61%, and 90.79%, respectively. The lower accu-
racy is attributed to the greater distance from the transmitter,
leading to signal attenuation after long-distance reflection.
Overall, Img2Spec achieves robust recognition performance
across different user positions, making it suitable for various
application scenarios.

TABLE III: The specifications of mobile devices

Device CPU clock speed RAM  Listing year
Huawei Mate40 Pro 3.13GHz 8GB 2020
Huawei P50 Pro 3.13GHz 8GB 2021
Samsung Galaxy S20 2.84 GHz 12GB 2020

Face Orientation: Orientations 1 to 5 correspond to user-
facing angles of —90°, —45°, 0°, 45°, and 90° relative to
the transmitter. The model is fine-tuned using a small number
of samples from each user at location E with orientation 3
and tested on samples from all five orientations. As shown in
Fig. 20, orientation 2 achieves the highest average recognition
accuracy, reaching 83.10%, 94.19%, and 96.11% for 1-shot, 3-
shot, and 5-shot settings, respectively, outperforming the other
four orientations. In contrast, orientation 5 exhibits the lowest
accuracy, with only 71.26%, 85.69%, and 90.70% under the
same settings. This decline in performance is expected, as
orientation 5 introduces the largest deviation relative to the
transmitter. However, the superior performance of orientation
2 over orientation 3 is somewhat unexpected. A possible
explanation is that a moderate angle between the user and
the transmitter allows the model to capture additional motion
components, thereby improving recognition accuracy. Overall,
when provided with five support samples, Img2Spec achieves
an average recognition accuracy of 93.63% across all orienta-
tions, demonstrating strong robustness.

H. Performance Evaluation in Mobile Device

To evaluate the practical deployment of /mg2Spec in real-
world scenarios, we develop a mobile prototype. In this
section, we test Img2Spec’s fine-tuning time, response time,
memory occupation, and power consumption on Huawei
Mate40 Pro, Huawei P50 Pro, and Samsung Galaxy S20. The
specifications of these devices are listed in Table III. In our
experiments, we assume that the user provides 5-shot samples.

1) Fine-tuning time: Fine-tuning time refers to the duration
required to adapt the pretrained general model to a specific
modality using support samples. In this experiment, we assume
the user provides five support samples for model fine-tuning.
As shown in Fig. 21, the acoustic modality requires the longest
fine-tuning time, followed by the millimeter wave modality,
while the WiFi modality requires the shortest. Img2Spec
achieves the shortest fine-tuning time on Huawei Mate40
Pro, with 202.52s, 135.22s, and 194.68 s for the acoustic,
WiFi, and millimeter wave modalities, respectively. All results
remain under 4 minutes, which is considered acceptable. Fur-
thermore, as shown in Table III, Mate40 Pro is a smartphone
released in 2020, suggesting that future smart devices can
perform fine-tuning even faster.

2) Response time: Response time refers to the duration be-
tween the user’s input of raw signals and the device’s output of
recognition results. In practical applications, response time is
a key factor influencing user experience. To comprehensively
evaluate the system’s response time, we measure three steps:
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TABLE IV: Comparison with existing cross-modal frameworks across multiple perspectives
Framework | Source  Category Consistency  Unseen Class ~ Multi-modality Target Samples  Accuracy
IMU2Doppler [26] IMU Yes No No Millimeter 11 76.55%
. . s 0 81.40%
Vid2Doppler [20] Video Yes No No Millimeter 54 93.40%
. . . 0 84.67%
Midas [21] Video Yes No No Millimeter 27 90.70%
- s 2 83.19%
RF-CM [27] WiFi Yes No No Millimeter 3 96.50%
mmCLIP [25] Text Yes Yes No Millimeter 3 76.40%
Img2Acoustic [28] | Image No Yes No Acoustic 1 82.16%
Acoustic 1 84.15%
Img2Spec (Ours) Image No Yes Yes WiFi 5 93.49 %
Millimeter 5 88.44%

Note: Source: source modality; Category Consistency: require category consistency between source and target modalities; Unseen Class:
support unseen class recognition; Multi-modality: support multiple target modalities; Target: target modality.

loading the corresponding modality-specific model; perform-
ing modality-specific data processing; and inferring the results
from the feature maps. As shown in Fig. 22, the model loading
time across devices ranges from 30 to 40 ms, and the inference
time for different modalities stays within 0.9 to 1.3 s, demon-
strating the effectiveness of our lightweight model design. The
data processing time varies significantly across modalities.
Acoustic data requires slightly more processing time than
millimeter wave signals, primarily due to the time-consuming
STFT used to convert audio signals into spectrograms. WiFi
data processing takes approximately 2 s, since MATLAB code
cannot be directly executed on mobile devices. In future work,
we aim to migrate WiFi data processing to mobile platforms to
reduce processing time. Overall, Img2Spec maintains response
times within 3.5 s across different sensing modalities.

3) Battery consumption: To evaluate the power consump-
tion of Img2Spec on mobile devices, we run the application
under two settings on different devices: repeated inference
(Setting 1) and idle with the screen on (Setting 2). We

record the battery level every 5 minutes over a 60-minute
period. As shown in Fig. 23, after 60 minutes of execution,
repeated inference increases power consumption by 7.83% on
the Samsung Galaxy S20, by 6.66% on the Huawei Mate40
Pro, and by 7.53% on the Huawei P50 Pro compared to the
idle setting. These results indicate that Img2Spec maintains
power consumption within a controllable range across different
devices. Meanwhile, the Img2Spec prototype system continu-
ously runs for up to 6.67 hours on the P50 Pro. This efficiency
benefits from the lightweight feature extractor we design.

4) Memory occupation: To evaluate the memory usage of
Img2Spec during runtime, we perform continuous inference
for 60s on different devices. As shown in Fig. 24, the
maximum memory usage does not exceed 450 MB on the
Huawei Mate40 Pro and Samsung Galaxy S20, and remains
under 500 MB on the P50 Pro. According to Table III, all these
devices have more than 8 GB of RAM. Therefore, we conclude
that Img2Spec runs smoothly on common commercial smart
devices without imposing a significant memory burden.

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on June 30,2026 at 18:08:53 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TMC.2026.3689384

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. XX, NO. YY, ZZ 2024

1. Comparison with Existing Cross-modal Frameworks

In this section, we compare our framework with existing
cross-modal approaches from multiple perspectives, such as
the requirement of category consistency, the ability to rec-
ognize unseen classes, and the support for multiple target
modalities. Due to differences in datasets and experimental
protocols across prior works, the reported accuracy values are
not directly comparable and are included only for reference.
Table IV summarizes these comparisons. To reduce the domain
gap between the source and target modalities, IMU2Doppler
[26], Vid2Doppler [20], Midas [21], and RF-CM [27] require
category consistency between the source and target modalities
during the auxiliary training process. mmCLIP [25] pretrains
the model using text and generated RF signals, followed by
fine-tuning with a small amount of real RF signals, leveraging
CLIP for unseen class recognition. Although mmCLIP enables
the recognition of unseen classes, its average accuracy for 10-
class classification is only 76.40%. Img2Acoustic [28], on the
other hand, adopts a few-shot learning approach to achieve
unseen class recognition, reaching an accuracy of 82.16%
with just one sample per class. Overall, these frameworks
are designed for specific modalities, such as millimeter wave
or acoustic data, which limits their adaptability to other
modalities.

In contrast, we design a feature extractor that adapts to
the characteristics of multiple modalities and use the fine-
tuning strategy and MAALM to enhance the model’s gen-
eralization across different modalities. For acoustic tasks,
the model obtains an accuracy of 84.15% with only one
sample per class. For WiFi and millimeter wave tasks, the
accuracy reaches 93.49% and 88.44%, respectively, with just
five samples per class. In summary, while our framework
does not always achieve the highest accuracy under specific
settings, it offers several key advantages: (1) it removes the
category consistency constraint between the source and target
modalities; (2) it supports recognition of unseen classes; and
(3) it generalizes across multiple target sensing modalities
within a unified framework. These properties highlight the
generality and practical applicability of our approach in cross-
modal gesture recognition.

VII. DISCUSSION AND FUTURE WORK
A. Generalizability across Target Modalities

Currently, Img2Spec is designed for wireless sensing modal-
ities that can convert raw signals into meaningful two-
dimensional spectrograms. However, we specifically discuss
the transformation of acoustic signals and CSI signals into
Doppler time-frequency spectrograms using STFT for acoustic
and WiFi-based sensing, and the conversion of captured point
cloud signals into CPDP spectrograms for millimeter wave
sensing. Many acoustic recognition tasks rely on CIR spectro-
grams, while numerous WiFi and millimeter wave recognition
tasks utilize spectrograms generated through alternative pro-
cessing methods, highlighting the diversity of data processing
techniques. In future work, we plan to further validate the
generalizability of the Img2Spec framework across a broader
range of wireless sensing modality datasets.

B. Expand to More Modalities and Recognition Tasks

In this paper, we evaluate the performance of gesture
recognition using acoustic signals, WiFi, and millimeter waves
as target modalities. However, this focus does not imply that
Img2Spec is limited to these three modalities. As a cross-
modal gesture recognition framework, Img2Spec is adaptable
to a broad range of modalities, extending beyond gesture
recognition tasks. In future work, we explore the generalization
of Img2Spec to other target modalities. Additionally, we extend
the scope of recognition tasks beyond gesture recognition to
applications such as human activity recognition.

C. Reduce Usage Costs

To reduce data collection costs, we employ an unsupervised
pretraining approach in combination with a metric-learning-
based classification method. At the user level, only a small
number of target modality samples are required for fine-tuning.
Although only a few samples (1, 3, or 5) are sufficient to build
a high-performance gesture recognition system, we still aim to
minimize the deployment cost for end users. In future research,
we aim to decouple the fine-tuning process from the user level,
enabling users to simply select the target modality to achieve
effective recognition.

VIII. CONCLUSION

This paper introduces Img2Spec, a cross-modal frame-
work for human gesture recognition that achieves strong
performance across diverse wireless sensing modalities. It
enables users to customize gesture categories and select tar-
get modalities, achieving high-performance recognition with
minimal fine-tuning overhead. Img2Spec achieves modality
adaptability through pretraining the feature extractor on public
image datasets using unsupervised contrastive learning and
integrating the MAALM module based on local descriptors
for effective knowledge transfer. Experiments show that the
framework leverages general knowledge from images to ac-
curately recognize gestures captured by acoustic, WiFi, and
millimeter wave signals. More importantly, /mg2Spec removes
the requirement for category consistency between source and
target modalities and demonstrates the effectiveness of local
descriptors in cross-modal recognition tasks. We believe this
idea will inspire future cross-modal work.
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