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 A B S T R A C T

Identity-aware activity recognition is a key enabler for customized services. However, joint modeling of 
activity recognition and user identification from wireless signals remains underexplored. This work presents a 
dual-task graph model for millimeter-wave (mmWave) frequency-modulated continuous-wave (FMCW) radar 
point-cloud sequences. We construct directed graphs that capture a user’s spatial structure and motion over 
time. A shared graph neural backbone processes these graphs and produces node embeddings that encode 
local spatial features and short-term dynamics. Each task-specific head first aggregates node embeddings into 
a graph-level representation and then performs activity or identity classification. Experiments on two public 
datasets demonstrate that the proposed scheme achieves classification performance comparable to single-task 
baselines for both activity recognition and user identification while maintaining low-latency inference. Codes 
are available at https://github.com/junyongeom/mmActId/.
1. Introduction

Activity recognition is a fundamental capability for systems de-
signed to monitor human behavior continuously and unobtrusively 
across healthcare [1], eldercare [2], public safety [3], and smart fa-
cilities [4], where both highly reliable and low-latency inference is 
essential. By interpreting everyday motion in real time, it supports 
fall and anomaly detection [5], occupancy monitoring and safety man-
agement [6], and ambient human–computer interaction [7]. These 
applications often run on edge devices with limited computation and 
energy budgets.

Another functionality that such systems often need to support is 
the user identification, which attributes actions to specific individuals. 
Linking actions to actors enables tailored feedback and more personal-
ized support. A unified solution must preserve privacy, remain robust 
to lighting changes, and meet strict latency and memory budgets, 
since running separate models for recognition and identification in-
creases delay and memory traffic, especially on low-end edge hardware 
used in real-time fall detection, occupancy monitoring, and in-vehicle 
driver/occupant monitoring for rapid assistance.

However, in literature, joint modeling of activity recognition and 
user identification remains underexplored, with only a few studies 
attempting to connect the two tasks. Shrestha et al. [8] used wear-
able sensors with deep learning models to classify both activity and 
user’s identity. Cao et al. [9] used channel state information (CSI) 
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from Wi-Fi devices and proposed a dual-task deep learning network 
to recognize gestures and identify users. Yu et al. [10] showed that 
millimeter-wave (mmWave) radar point clouds are effective for activ-
ity recognition. Building on point-cloud-based mmWave sensing, Xu 
et al. [11] proposed a network to jointly perform gesture recognition 
and user identification.

Despite these efforts, existing systems do not fully benefit from 
a dual-task design. In most cases, only input-level preprocessing of 
sensing signals is shared, while the inference stage is naïvely split 
into task-specific feature extractors and classifiers. This duplication in-
creases model sizes, leading to higher memory and power requirements 
as well as longer end-to-end delays. As a result, the practical advan-
tages that motivate dual-task modeling are not realized, especially on 
resource-constrained edge platforms.

We address these limitations with a shared-backbone graph network 
on mmWave FMCW radar. The radar is compact and cost effective, 
robust to illumination, and privacy preserving while producing real 
time 3D point clouds. From point cloud sequences, we construct di-
rected spatio-temporal graphs that follow the time order and preserve 
fine-grained motion cues [12]. Nodes correspond to detected points in 
each frame, and directed edges connect the nodes to points in the next 
frame. Edge weights depend on Euclidean distance, with closer pairs 
receiving stronger connections. The representation keeps variable point 
counts without voxelization or heavy resampling and tolerates missing 
detections within a data sample.
https://doi.org/10.1016/j.icte.2026.02.003
Received 19 September 2025; Received in revised form 29 December 2025; Accept
vailable online 5 February 2026 
405-9595/© 2026 The Authors. Published by Elsevier B.V. on behalf of The Korean
rticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 
ed 4 February 2026

 Institute of Communications and Information Sciences. This is an open access 

https://www.elsevier.com/locate/icte
https://www.elsevier.com/locate/icte
https://orcid.org/0000-0003-2906-8925
https://orcid.org/0009-0004-6124-5818
https://github.com/junyongeom/mmActId/
mailto:junyongeom@dgist.ac.kr
mailto:dwseo@dgist.ac.kr
https://doi.org/10.1016/j.icte.2026.02.003
https://doi.org/10.1016/j.icte.2026.02.003
http://crossmark.crossref.org/dialog/?doi=10.1016/j.icte.2026.02.003&domain=pdf
http://creativecommons.org/licenses/by/4.0/


J.Y. Eom and D. Seo ICT Express 12 (2026) 512–516 
Fig. 1. System Overview.
In the proposed dual-task model, a single encoder processes the 
directed graph once and produces node embeddings that capture lo-
cal geometry and short-term motion. Two lightweight task-specific 
heads then read the shared embeddings: The activity head uses a 
gated aggregation with a normalized half-sine position so that the 
model can emphasize informative frames. The identity head aggregates 
distributional structure with stable statistics and a compact kernel-
based summary built with random Fourier features. Both heads are 
lightweight and operate on the same updated node features, which 
highly reduces the number of model parameters, and hence shortens 
memory usage and latency.

The model is trained in an end-to-end manner. The heads and the 
backbone are trained with task losses and a joint objective, respectively, 
concentrating computation in a single encoder and improving sample 
efficiency compared to separate pipelines. At inference stage, a single 
pass through the backbone and the two heads produces activity and 
identity decisions with low per-sample latency. Such a structure is 
well-suited for edge devices, where both memory and computational 
resources are limited. In experiments on public datasets, the model 
demonstrates accuracy on par with independently-trained task-specific 
models, while reducing inference time.

The main contributions are summarized as follows.

• We design a shared-backbone graph network trained end-to-end 
with a joint loss on the backbone and task-specific losses on 
the heads, which reduces the number of parameters and enables 
single-pass and low-latency inference.

• We introduce task-specific graph readouts where the user identi-
fication head emphasizes spatial topology and the activity recog-
nition head emphasizes temporal evolution, both operating on 
shared node embeddings with lightweight classifiers.

2. Methodology

In this section, we describe the proposed identity-aware activity 
recognition system in detail. Fig.  1 summarizes the pipeline from 
mmWave point clouds to the joint predictions produced by a shared 
backbone graph network with task-specific heads. Given a sequence of 
point cloud frames, we first construct a trajectory-aware directed graph. 
A shared graph neural network then processes this graph and encodes 
every node into an embedding that captures local spatial features and 
short-term motion. Two lightweight task-specific heads apply tailored 
graph readouts to the shared node embeddings and map the readouts 
to identity and activity labels, respectively.

2.1. Input and preprocessing

2.1.1. Point cloud
mmWave FMCW radar estimates 3D object coordinates in real 

time [13]. It transmits chirps and mixes the received echoes with 
the transmitted chirps to obtain intermediate frequency (IF) signals. 
Then, the range is obtained from the intermediate frequency spec-
trum. Radial velocity is inferred from phase changes across consecutive 
chirps. Angles of arrival, azimuth and elevation, are derived from phase 
differences across antennas. These measurements are converted to 3D 
Cartesian coordinates for each object.
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2.1.2. Graph construction
We build a directed spatio-temporal graph from input point cloud 

frames based on [12]. Let  = {𝑃𝑡}𝑇𝑡=1, where 𝑇  is the number of frames 
and is assumed 𝑇 ≥ 3. Frame 𝑡 contains 𝑁𝑡 points with coordinates 
𝐩𝑡𝑖 = (𝑥𝑡𝑖, 𝑦

𝑡
𝑖, 𝑧

𝑡
𝑖), 1 ≤ 𝑖 ≤ 𝑁𝑡. We create one node 𝑣𝑡𝑖 for each point. For 

1 ≤ 𝑡 < 𝑇 , we connect every node in frame 𝑡 to every node in frame 𝑡+1
and denote the edge set by 𝐸 = {(𝑣𝑡𝑖, 𝑣

𝑡+1
𝑗 ) ∣ 1 ≤ 𝑖 ≤ 𝑁𝑡, 1 ≤ 𝑗 ≤ 𝑁𝑡+1}.

Edge weights decay according to spatial separation. For an edge 
(𝑣𝑡𝑖, 𝑣

𝑡+1
𝑗 ), we compute 𝑑(𝑡,𝑡+1)𝑖𝑗 = ‖

‖

‖

𝐩𝑡𝑖 − 𝐩 𝑡+1𝑗
‖

‖

‖2
 and assign 𝑤(𝑡,𝑡+1)

𝑖𝑗 =
exp

(

−𝛽 𝑑(𝑡,𝑡+1)𝑖𝑗
)

, where 𝛽 > 0 is a scaling factor. Larger 𝛽 results in 
sharper emphasis on closer pairs while smaller 𝛽 spreads the edge 
weights more broadly. Note that this construction preserves temporal 
order and does not require voxelization. It keeps the variable number 
of points per frame.

The node feature is 𝐱𝑡𝑖 = [𝑥𝑡𝑖, 𝑦
𝑡
𝑖, 𝑧

𝑡
𝑖, 𝜙(𝑡)], where 𝜙(𝑡) = sin

(

𝜋
2 ⋅ 𝑡−1

𝑇−1

)

encodes the frame index as a half sine function and adds point ap-
pearance time and sequence progression to each node. The half sine is 
normalized across the data sample so that the index ranges from zero 
to the last frame. This gives a consistent time scale across data samples 
with different lengths.

2.2. Dual-task architecture

2.2.1. Shared graph backbone
The backbone updates node embeddings by aggregating information 

from directed temporal neighborhoods so that each node encodes local 
geometry and short-term motion [12]. The input multilayer perceptron 
(MLP) maps each node feature 𝐱𝑡𝑖 ∈ R4 to a 𝐷 dimensional latent 
vector 𝐡(0)𝑖 . We then apply 𝐿 message passing layers that aggregate 
neighbors and update embeddings with a residual path and dropout 
during training.

Let in(𝑖) be the set of nodes that have directed edges into node 
𝑖 from the previous frame. At layer 𝑙, the incoming message and the 
update are
𝐦(𝑙)
𝑖 =

∑

𝑗∈in(𝑖)
𝑤𝑗𝑖𝐡

(𝑙−1)
𝑗 , (1)

𝐡(𝑙)𝑖 = BN(𝑙)
(

ReLU
(

MLP(𝑙)
(

𝐡(𝑙−1)𝑖 +𝐦(𝑙)
𝑖
))

)

. (2)

Here, ReLU [14] is the rectified linear unit, and BN(𝑙) denotes batch 
normalization at layer 𝑙. The residual term 𝐡(𝑙−1)𝑖  improves stability.

2.2.2. Task-specific heads
Activity specific readout

As actions change over time, the information of actions in data is 
unequally distributed over frames. We combine content with a half-
sine positional encoding, which provides a smooth, bounded temporal 
weighting across frames and helps the model emphasize informative 
frames. Let a graph have 𝑁 nodes with embeddings {ℎ𝑖}𝑁𝑖=1 and frame 
encodings {𝜙(𝑡𝑖)}𝑁𝑖=1. We compute a score for each node 

𝑠𝑖 = 𝑢⊤ tanh
(

𝑊ℎℎ𝑖 +𝑤𝑡 𝜙(𝑡𝑖)
)

. (3)

Scores are then converted to coefficients with a softmax over the 𝑁
nodes 
𝛼𝑖 =

exp(𝑠𝑖)
∑𝑁 . (4)

𝑘=1 exp(𝑠𝑘)
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Finally, the representation of action is a weighted sum of node embed-
dings 

𝑟act =
𝑁
∑

𝑖=1
𝛼𝑖 ℎ𝑖. (5)

The half sine 𝜙(𝑡) is normalized within each sample from zero at 
the first frame to one at the last frame so that the coefficients are 
comparable across different frame lengths. The parameters 𝑤𝑡, 𝑊ℎ, and 
𝑢 control the effect of position and content in a data-driven manner. To 
be specific, when |𝑤𝑡| is small, the coefficients are dominated by the 
term 𝑊ℎℎ𝑖. If 𝑤𝑡 > 0, increasing |𝑤𝑡| assigns larger coefficients to later 
frames. If 𝑤𝑡 < 0, increasing |𝑤𝑡| assigns larger coefficients to earlier 
frames. Computing the softmax within the sample makes ∑𝑖 𝛼𝑖 = 1, 
which provides size invariance when 𝑁 changes and keeps the scale of 
𝑟act stable across data samples. In large graphs, we optionally keep only 
the top 𝐾 = ⌈𝜌𝑁⌉ scores before the softmax with 0 < 𝜌 ≤ 1 to reduce 
noise and cost while preserving the definition. For robustness on noisy 
samples, we may concatenate 𝑟act with simple statistics such as mean 
and max pooling and pass them through a light projection before the 
classifier. The overall cost of the readout is 𝑂(𝑁𝐷) for 𝑁 nodes and 
embedding size 𝐷.
Identity specific readout

A user can be identified based on how embeddings are distributed 
across the sequence. Given 𝑁 node embeddings, {ℎ𝑖}𝑁𝑖=1 we compute 
the mean and the standard deviation 

𝜇 = 1
𝑁

𝑁
∑

𝑖=1
ℎ𝑖, 𝜎 =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1

(

ℎ𝑖 − 𝜇
)2 + 𝜀. (6)

Here 𝜀 > 0 is a small constant to prevent exploding gradients when the 
variance approaches zero. We also build a kernel mean summary using 
random Fourier features [15,16] 

𝑧(ℎ) =
√

2
𝑚 cos

(

𝑊 ⊤ℎ + 𝑏
)

, 𝑧̄ = 1
𝑁

𝑁
∑

𝑖=1
𝑧(ℎ𝑖). (7)

The identity representation is 
𝑟id = 𝜓

(

[ 𝜇 ‖ 𝜎 ‖ 𝑧̄ ]
)

. (8)

where 𝜓 is a projection layer that maps the concatenated statistics to 
a fixed-size vector as the input to the subsequent prediction layer.

The vectors 𝜇 and 𝜎 respectively summarize first- and second-order 
structures across nodes and are robust against changes in the number 
of nodes. The term 𝑧̄ adds nonlinear distribution information through 
a shift-invariant kernel approximation and separates cases that share 
similar means and variances but differ in higher order structure. The 
matrix 𝑊 ∈ R𝐷×𝑚 and the phase 𝑏 ∈ [0, 2𝜋)𝑚 can be fixed for a stable 
baseline or learned so the effective kernel adapts to the dataset. The 
dimension 𝑚 is the number of random Fourier features and equals the 
output dimension of 𝑧(ℎ). A larger 𝑚 captures finer distribution details 
at higher cost. All operations are averages over nodes which makes the 
representation permutation invariant and stable when 𝑁 changes. A 
light normalization on 𝑟id before the classifier improves conditioning 
when batches are small. The cost is (𝑁𝐷) for statistics and (𝑁𝐷𝑚)
for random features.
Prediction layers

Each readout is followed by a small multilayer perceptron that 
outputs logits and softmax probabilities
𝑝act = sof tmax

(

𝑓act (𝑟act )
)

, 𝑝id = sof tmax
(

𝑓id(𝑟id)
)

.

2.3. Training and inference

2.3.1. Objective
The objective is to learn activity recognition and user identification 

from the same backbone. We train the shared backbone and the two 
heads together in an end-to-end manner.
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Let 𝑝act and 𝑝id be the softmax probabilities from the two classifiers. 
For a mini batch of 𝐵 graphs with activity labels 𝑦(𝑔)act and identity labels 
𝑦(𝑔)id , the task losses are 

act =
1
𝐵

𝐵
∑

𝑔=1
− log 𝑝(𝑔)act , id =

1
𝐵

𝐵
∑

𝑔=1
− log 𝑝(𝑔)id . (9)

Then, the joint objective is 
 = act + 𝜆id, (10)

where 𝜆 is a weighting factor. Each head comprising readout and 
classifier is optimized by its own task loss. The shared backbone is 
optimized by the joint loss in (10). Gradients from both tasks update 
the backbone which encourages features that transfer across tasks.

2.3.2. Inference
A single forward pass computes the two predictions at the same 

time. We construct the directed graph and then run the shared-backbone
network to obtain node embeddings. The activity head assigns attention 
coefficients to the nodes and aggregates them into 𝑟act before producing 
activity logits. The identity head computes (𝜇, 𝜎, 𝑧̄) then forms 𝑟id and 
produces identity logits.

3. Evaluation

3.1. Experiment setup

1. Dataset We use the MiliPoint [17] and Pantomime [18] datasets 
for evaluation. MiliPoint contains recordings from 11 users per-
forming 49 activities in an indoor environment, from which we 
use a total of 29,400 samples. Pantomime includes 41 users 
performing 21 gestures in two environments (Office and Open), 
and we use 9010 samples. For both datasets, we report results 
using 5-fold cross-validation.

2. Baselines We adopt four point cloud-based deep learning base-
lines designed for efficient point cloud processing. All baselines 
receive the same node features (𝑥, 𝑦, 𝑧, 𝜙(𝑡)) and are trained 
with the same protocol and hyperparameters described in the 
methodology section to control the capacity and optimization 
effects.

(a) P+G We combine PointNet++ [19] with a gated recurrent 
unit (GRU) [20], leveraging a lightweight PointNet-style 
encoder to reduce the number of floating-point operations 
(FLOPs).

(b) D+G We combine DGCNN [21] with a GRU. DGCNN 
captures local geometric relations through dynamic edge 
convolutions and the GRU models temporal dynamics.

(c) FastHAR FastHAR [22] is designed for computationally 
efficient activity recognition from point clouds.

(d) PTV3 Point Transformer V3 (PTV3) [23] is a Transformer-
based model that can handle variable-size point clouds.

Baselines that require a fixed number of points per frame are 
resampled based on sampling procedure in [24].

3.2. Experimental results

1. Computational Complexity
Table  1 summarizes latency and computational cost. Pre. denotes 
preprocessing time from point clouds to the model input. ACT
and ID denote inference latency for activity and identity recog-
nition, respectively. Tot. is the end-to-end latency, computed as
Pre.+ACT+ID. FLOPs denote the floating-point operations of the 
neural network forward pass required to produce both activity 
and identity outputs (excluding preprocessing). Experiments are 
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Table 1
Computational complexity comparison (latency ( ms) and FLOPs (M)) on the 
MiliPoint dataset.
 Method Pre. ACT ID Tot. FLOPs  
 P+G [19]+[20] 6.60 1.88 1.87 10.35 8  
 D+G [21]+[20] 6.60 18.07 17.97 42.64 888  
 FastHAR [22] 6.60 5.39 5.53 17.52 124  
 PTV3 [23] – 63.14 63.23 126.37 24560 
 Proposed (S) 2.40 1.36 0.96 4.72 30  
 Proposed (D) 2.40 1.61 4.01 19  

Table 2
Accuracy (%) comparison on the MiliPoint and Pantomime datasets.
 Method MiliPoint Pantomime

 ACT ID ACT ID  
 P+G [19]+[20] 91.48 98.37 95.52 91.44 
 D+G [21]+[20] 97.54 99.85 97.67 88.85 
 FastHAR [22] 97.34 99.85 95.45 78.36 
 PTV3 [23] 94.28 99.36 95.17 95.89 
 Proposed (S) 98.87 99.85 98.56 99.33 
 Proposed (D) 98.65 99.85 98.24 98.60 

run on a desktop with an i5-12400 CPU, an NVIDIA RTX 3050 
GPU, and 32 GB RAM, and the same environment is used for all 
methods.
The Proposed (S) row reports the results of our architecture 
when activity recognition and user identification are performed 
separately, and the total inference time is obtained by summing 
the two inference times. The Proposed (D) runs both heads jointly 
and produces activity and identity in one pass.
Note that P+G, D+G, and FastHAR operate on fixed-size inputs 
and require resampling during preprocessing, incurring non-
negligible overhead. In terms of total latency, the proposed 
method is the fastest among all compared approaches, even com-
pared to P+G. Moreover, compared to the single-task variant, the 
dual-task variant reduces FLOPs by 36.7%. These results indicate 
that our approach is well suited for latency-critical applications 
and has strong potential for deployment on edge devices.

2. Activity Recognition
For evaluation, we perform 5-fold cross-validation. In each fold, 
all baselines are trained from scratch using the same random 
seed for initialization.
In Table  2, ACT denotes activity-recognition accuracy (49 ac-
tivities in MiliPoint and 21 gestures in Pantomime). Although 
P+G is computationally light (smallest FLOPs), it achieves in-
ferior performance, suggesting limited representational capacity 
to capture the data variability. While the remaining baselines 
achieve strong performance, the proposed method consistently 
attains the best ACT accuracy across both datasets. Notably, 
the dual-task variant achieves ACT performance comparable to 
the single-task variant, despite simultaneously inferring identity, 
indicating that sharing the encoder does not compromise activity 
recognition.

3. User Identification
In Table  2, ID denotes identity-recognition accuracy (11 user 
classes in MiliPoint and 41 user classes in Pantomime). On 
MiliPoint, the relatively larger number of samples together with 
the small number of user classes leads to near-saturated per-
formance, and thus all schemes achieve very high ID accuracy. 
In contrast, Pantomime has fewer samples and a substantially 
larger number of user classes, which results in noticeably lower 
ID accuracy for several baselines. In this setting, capturing struc-
tural patterns is important for user identification; accordingly, 
PTV3 and the proposed method achieve higher ID accuracy on 
Pantomime.
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Finally, the dual-task variant remains comparable to the single-
task identity model. This indicates that the shared-backbone 
network effectively encodes information beneficial for both ac-
tivity recognition and user identification, without sacrificing 
identity performance.
In addition, our ablation study on MilliPoint shows that, over the 
sum+mean pooling readout baseline in [12], the proposed tem-
poral and kernel-based readouts improve activity-recognition 
and user-identification accuracy by 0.32% and 0.20%, respec-
tively.

4. Conclusion

We have presented a shared-backbone graph network with task-
specific heads for joint activity recognition and user identification 
using mmWave FMCW radar point clouds. Directed graphs captured 
geometric relations and temporal evolution, and the shared backbone 
processed these graphs. The activity head leveraged gated temporal 
aggregation, and the identity head used statistical pooling with random 
Fourier feature kernel mean embeddings, enabling variable-sized inputs 
without resampling. Experiments on public datasets show that the pro-
posed dual-task design achieves performance comparable to its single-
task counterparts, while reducing computational cost by more than 
threefold through parameter sharing. Future work includes extending 
the framework to multi-person settings and incorporating signal-level 
processing and sensor-fusion approaches, along with corresponding 
comparisons under these more challenging scenarios.
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