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Abstract. Millimeter-wave (mmWave) radar provides privacy-preserving
sensing and is valuable for human action recognition (HAR). Existing
mmWave point cloud datasets are limited in scale and mostly collected
under homogeneous single-source settings, preventing current methods
from handling real-world distribution shifts caused by heterogeneous
radar sources, such as different devices and frequency bands. To address
this, we introduce UniMM-HAR, the largest and first mmWave point
cloud HAR dataset for heterogeneous multi-source scenarios, standard-
izing three distinct radar configurations to realistically evaluate cross-
source generalization. We further propose the Doppler-aware Point Cloud
Network (DAP-Net) to tackle heterogeneity challenges. DAP-Net en-
hances intra-modal representations and performs cross-modal alignment
to learn source-invariant action semantics. Leveraging action-consistent
spatio-temporal Doppler patterns as anchors, the Dual-space Doppler
Reparameterization (D²R) module performs sample-adaptive geometric
densification and Doppler-guided feature recalibration, while the Text
Alignment Module (TAM) provides stable semantic anchors via a pre-
trained textual space. Experiments show that DAP-Net significantly out-
performs existing methods under heterogeneous radar settings, achieving
state-of-the-art accuracy and strong cross-source robustness. Code and
dataset are publicly available at https://github.com/jolin830/DAP-Net.

Keywords: Radar Point Cloud · Heterogeneous mmWave Action Recog-
nition · mmWave Doppler

1 Introduction

Human action recognition (HAR) is fundamental to video understanding and
intelligent homes [19,25,35,36]. Most existing approaches rely on camera-based
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Fig. 1: UniMM-HAR is currently the largest mmWave point cloud human action recog-
nition dataset and the first unified benchmark for heterogeneous multi-source distribu-
tions, providing Cross-Subject and Cross-Set evaluation protocols and covering both
daily and rehabilitation actions. The samples in UniMM-HAR are collected from radar
devices with different models and operating frequencies.

modalities, including RGB [6, 16], and skeleton [9, 33, 71]. These methods in-
evitably expose identifiable visual information and remain highly sensitive to illu-
mination variations and occlusion, which constrains their deployment in privacy-
sensitive environments [66, 67]. In contrast, millimeter-wave (mmWave) radar
captures human motion through electromagnetic reflections rather than appear-
ance cues, thereby inherently preserving privacy while offering superior robust-
ness to low-light conditions and visual obstructions, making it more suitable for
continuous and unobtrusive monitoring [32,43,51,60].

In recent years, mmWave-based Human action recognition has advanced
rapidly, largely driven by public radar datasets, with point cloud datasets being
particularly valuable due to their explicit 3D structure and rich geometric se-
mantics [1,54–56,63,72]. However, existing mmWave point cloud HAR datasets
are mostly limited in scale and collected under homogeneous single-source set-
tings, where source refers to radar configurations such as device model and op-
erating frequency band. Accordingly, current methods are primarily designed
and validated under this simplified assumption. In contrast, real-world mmWave
sensing scenarios are typically heterogeneous and multi-source, as different ap-
plications may deploy diverse radar devices, and practical settings often involve
device upgrades and multi-device collaboration. Therefore, a practically deploy-
able HAR system must be capable of adapting to distribution shifts arising
from different radar sources. The core challenge of heterogeneous multi-source
data lies in the fact that the same human action, when captured by differ-
ent radar sources, can exhibit significant distribution shifts in terms of point
density, spatial distribution, velocity statistics, and noise characteristics. These
shifts are not merely additive noise but structural variations tightly coupled with
device-specific properties. Models trained on single-source data tend to overfit
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source-specific statistical patterns rather than learning stable, source-agnostic
action semantics, leading to substantial performance degradation under distribu-
tion changes and hindering deployment in multi-source environments [37,58,80].
Therefore, it is necessary to construct a large-scale mmWave point cloud dataset
that covers heterogeneous multi-source distributions and to explore effective
modeling strategies tailored to such heterogeneous settings, in order to enhance
cross-source generalization capability.

Motivated by this, we introduce UniMM-HAR, a large-scale heterogeneous
radar point cloud HAR dataset, along with the Doppler-aware Point Cloud
Network (DAP-Net). To our knowledge, UniMM-HAR is the largest mmWave
point cloud HAR dataset and the first unified benchmark from heterogeneous
multi-source data as Fig.1. It standardizes data from three heterogeneous radar
configurations and provides cross-subject (C-Sub) and cross-set (C-Set) proto-
cols to evaluate generalization under inherent inter-source distribution shifts.
Compared with single-source benchmarks, UniMM-HAR more rigorously tests
whether models learn source-agnostic and semantically meaningful representa-
tions. To address heterogeneous distribution shifts, DAP-Net performs intra-
modal enhancement and cross-modal alignment. It leverages the action-consistent
spatio-temporal Doppler patterns and introduces the Dual-space Doppler Repa-
rameterization (D²R) module to decouple source-specific interference in geo-
metric and feature spaces. Furthermore, a lightweight Text Alignment Module
(TAM) aligns mmWave features with a pretrained textual semantic space, serv-
ing as a stable semantic anchor to improve cross-source robustness.

DAP-Net is built upon the D²R module, which consists of Doppler-guided
Geometry Reparameterization (DGR) and Motion-aware Feature Recalibration
(MFR) for geometric and feature-level modeling, respectively. The reparameter-
ized point clouds are processed by a point cloud backbone, and the extracted fea-
tures are further aligned via TAM. In the geometric space, given the sparsity and
noise of mmWave point clouds, DGR performs Doppler-guided, sample-adaptive
densification over motion-relevant regions while suppressing device-induced noise
and outliers, instead of applying a fixed processing strategy. In the feature space,
MFR dynamically recalibrates feature channels conditioned on Doppler cues,
enhancing motion-related responses and mitigating source-specific bias. This
sample-wise reparameterization enables more consistent cross-source represen-
tations and is implemented as a parameter-efficient, plug-and-play module com-
patible with various backbones. To further enhance semantic consistency, TAM
projects mmWave features into a pretrained textual semantic space constructed
from action prompts and aligns them via similarity-based learning, serving as a
stable semantic anchor for cross-source robustness.

In summary, this work has the following contributions:

– We construct and release UniMM-HAR, the largest mmWave point cloud
HAR dataset to date and the first unified benchmark designed for heteroge-
neous multi-source distributions. It more realistically simulates multi-source
deployment scenarios in real-world applications and provides a foundation
for cross-source generalization research.
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Table 1: Comparison of UniMM-HAR with existing mmWave point cloud HAR
datasets. For fair comparison, only the single-person subset of mmMulti [81] is evalu-
ated. RF-BW: radar frequency band and bandwidth (GHz). Multi-Source: whether the
dataset is collected from heterogeneous radar source. †: non-public data. *: originally
designed for other tasks. Source datasets of UniMM-HAR are in light gray.

Dataset
Statistics Radar Actions Protocols

# Act. # Sub. # Seq. # Frame Device RF-BW Multi-Source Daily Rehab C-Sub C-Set

RadHAR [56] 5 2 200 167k TI IWR1443 76–81 ✗ ✓ ✗ ✗ ✗
∗MARS [2] 10 4 80 40k TI IWR1443 76–81 ✗ ✓ ✗ ✗ ✗

m-Activity† [63] 5 9 N/A 15k TI IWR1443 76–81 ✗ ✓ ✗ ✗ ✗

mRI [1] 12 20 300 160k TI IWR1443 76–81 ✗ ✓ ✓ ✓ ✗

miliPoint [12] 49 11 N/A 545k TI IWR1843 76–81 ✗ ✓ ✗ ✗ ✗

MM-Fi [72] 27 40 1080 320k TI IWR6843 60–64 ✗ ✓ ✓ ✓ ✓
∗mmParse† [62] 10 32 N/A N/A TI IWR6843 60–64 ✗ ✓ ✗ ✗ ✗

FastHAR [55] 7 5 4776 137k TI IWR6843 60–64 ✗ ✓ ✗ ✗ ✗
∗milliflow [15] 7 12 N/A 43k Vayyar vTrigB 62–69 ✗ ✓ ✗ ✓ ✗

mmMulti† [81] 6 4 2520 N/A TI IWR1443 76–81 ✗ ✓ ✗ ✓ ✓
∗M4Human [18] 50 20 999 661k Vayyar vTrigB 62–69 ✗ ✓ ✓ ✓ ✗

UniMM-HAR 33 62 40494 1295k TI IWR1443
& TI IWR6843

76–81
& 60–64 ✓ ✓ ✓ ✓ ✓

– We propose DAP-Net for cross-source adaptation of heterogeneous mmWave
point clouds via intra-modal and cross-modal enhancement. The Dual-space
Doppler Reparameterization (D²R) module performs sample-adaptive ge-
ometric densification and feature recalibration to mitigate source-specific
biases, while the Text Alignment Module (TAM) provides stable semantic
anchors to improve semantic consistency.

– DAP-Net achieves state-of-the-art performance on UniMM-HAR, demon-
strating its effectiveness and cross-source robustness. Notably, the D²R mod-
ule is a parameter-efficient, plug-and-play design that can seamlessly inte-
grate with any point cloud backbone, enhancing mmWave modeling.

2 Related Work

2.1 Human Action Recognition on Point Clouds

Point clouds from LiDAR or depth cameras have led to mature point cloud
networks, typically categorized into static and dynamic paradigms. Static point
clouds excel in tasks such as object classification and HAR [14,28,39,40,47,48,68],
while dynamic point clouds model temporal motion [3,17,31,34]. Although dense
point clouds provide fine-grained motion cues, they incur high hardware and
computational costs . In contrast, mmWave radar offers a low-cost, privacy-
preserving alternative. However, its sparse and noisy nature prevents direct adop-
tion of dense point cloud architectures. DAP-Net addresses this limitation by in-
corporating Doppler-guided motion priors to compensate for geometric sparsity,
enabling dense point cloud backbones to effectively process radar point clouds.
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2.2 mmWave-based Human Action Recognition

Millimeter-wave action recognition has witnessed substantial progress with di-
verse data representations, predominantly spectrum-based [5, 20, 53, 57, 61, 64,
65, 70, 74] and point cloud–based approaches [13, 21, 22, 29, 47, 56, 59, 73, 75].
Spectrum-based methods represent radar signals as 2D spectrum maps and
apply image recognition models to capture Doppler cues, but the 2D projec-
tion inevitably causes information loss. Point cloud-based methods preserve 3D
structure but often overlook Doppler information, a distinctive characteristic of
mmWave sensing. Existing studies mainly use Doppler for preprocessing, such
as frame selection [23], rather than explicit motion representation learning. In
contrast, DAP-Net leverages Doppler to guide feature learning in both geometric
and feature spaces.

2.3 Existing mmWave Radar Datasets

The advancement of mmWave-based human understanding has been largely fa-
cilitated by public radar datasets [2, 8, 10, 18, 30, 42, 52, 69], with action recog-
nition gaining increasing attention [1, 12, 15, 26, 55, 56, 63, 72, 77–79, 81]. Point
cloud datasets are increasingly favored for their intuitive 3D structure and rich
geometric semantics. Early mmWave point cloud HAR datasets [2, 56, 63, 78]
were limited in scale and relied on random splits. Later datasets [1,12,55,72,81]
expanded subjects and actions and introduced cross-subject (C-Sub) and cross-
dataset (C-Set) evaluation protocols. Existing datasets remain single-source and
limited in scale, diversity, and standardization. UniMM-HAR addresses these
gaps by integrating heterogeneous multi-source radar data, significantly increas-
ing samples, subjects, and action diversity, and providing multiple standardized
evaluation protocols under heterogeneous distributions.

3 UniMM-HAR Dataset

3.1 Dataset Overview

Existing mmWave point cloud datasets suffer from limitations in scale, subject
diversity, and action coverage. They are typically collected using a single radar
device at a fixed frequency band and lack standardized evaluation protocols. In-
spired by [41], we adopt a large-scale unified paradigm that integrates heteroge-
neous mmWave point cloud sources under standardized evaluation protocols, re-
sulting in the proposed UniMM-HAR. Table 1 provides a systematic comparison
with existing datasets. Specifically, UniMM-HAR consolidates three representa-
tive datasets: RadHAR [56], mRI [1], and MM-Fi [72], and standardizes their
action categories, subject splits, and sample representations to form a unified
benchmark. The heterogeneity in UniMM-HAR mainly arises from differences
in radar devices, operating frequency bands, and other recording configs across
the sub-datasets. These differences lead to varying data distributions even for
the same action, providing a realistic and challenging setting for cross-domain
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Fig. 2: Visualization of different action samples in UniMM-HAR. Actions (a)–(h) are:
squat, left lunge, jump, bow, left front lunge, throw left, stretch, and kick right. In each
subfigure, the 1st and 2nd columns show the RGB video frame and mmWave point
cloud, respectively. The 3rd and 4th columns show the Doppler heatmap in BEV and
front view. The 5th column shows the Doppler distribution for the action.

evaluation. UniMM-HAR contains 33 action categories spanning daily and reha-
bilitation activities, 62 subjects, and over 1.29 million frames. Figure 2 visualizes
representative action samples. To the best of our knowledge, UniMM-HAR is the
largest mmWave point cloud dataset for HAR to date and the first to systemat-
ically support cross-subject and cross-set evaluation under heterogeneous radar
hardware and frequency bands.

3.2 Dataset Statistics and Unification Process

UniMM-HAR excludes datasets that are not publicly available, incompletely
annotated, or lacking raw point cloud data, and ultimately retains three high-
quality datasets that satisfy the unification criteria: RadHAR [56], mRI [1],
and MM-Fi [72]. The selected datasets are then systematically unified. Table 2
summarizes the statistics of the source datasets and UniMM-HAR before and
after processing. The procedure is detailed as follows.
Action Alignment. After consolidating synonymous actions across the three
datasets, UniMM-HAR establishes a unified taxonomy of 33 categories, including
21 daily activities and 12 rehabilitation actions as in Fig.3. The action distri-
bution follows a natural long-tailed pattern, preserving realistic class imbalance
while increasing the difficulty of the benchmark.
Dataset-Aware Preprocessing. Given substantial differences among datasets
in sequence length, annotation granularity, and structural organization, dataset-
aware preprocessing strategies are applied to generate standardized clips. Rad-
HAR is processed using sliding windows (window size 60, stride 10), consistent
with its official implementation. mRI adopts sliding windows (window size 32,
stride 16). Since MM-Fi sequences are not pre-segmented by action, they are
divided into valid action clips according to the provided segmentation files.
Format Standardization. To improve interoperability and reproducibility,
UniMM-HAR is released in two formats: CSV and NPZ. The CSV format pre-
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Table 2: Dataset statistics before and after processing.
The processing strategy (Proc.): Sliding Window (SW),
Segmentation (SEG), and Normalization (Norm).
Dataset Proc. Format #Act. #Sub. #Seq. #Frame(k)

RadHAR [56]
– TXT 5 2 200 167
SW CSV 5 2 15,715 942
SW NPZ 5 2 15,715 502

mRI [1]
– CSV 12 20 300 160
SW CSV 12 20 8,332 131
SW NPZ 12 20 8,332 266

MM-Fi [72]
– BIN 27 40 1,080 320
SEG CSV 27 40 16,447 310
SEG NPZ 27 40 16,447 526

UniMM-HAR – CSV 33 62 40,494 1,384
Norm NPZ 33 62 40,494 1,295

UniMM
  HAR

Fig. 3: Action distribution
across sources and types.

serves raw annotations for data provenance and traceability, while NPZ is op-
timized for direct model input. All samples follow a unified naming convention
encoding dataset source, action label, subject identity, and scene.
Representation Standardization. Temporal–point normalization converts each
clip to a fixed shape [T, P,C] = [32, 64, 5], with channels x, y, z, Doppler, and
intensity. When the original sequence length exceeds T , uniform temporal down-
sampling is applied. Otherwise, zero-padding is used. When the number of points
per frame exceeds P , Farthest Point Sampling (FPS) is applied. Otherwise, re-
peat sampling is performed. Furthermore, UniMM-HAR offers dataset-level and
clip-level normalization variants. These normalize x, y, z, Doppler, and intensity
using global or per-sample statistics to reduce severe statistical bias, while re-
taining multi-source distribution gaps as an essential challenge of the benchmark.

3.3 Evaluation Protocols

UniMM-HAR supports three multi-source evaluation protocols: Random Split,
Cross-Subject (C-Sub), and Cross-Set (C-Set). 1) Random Split partitions sam-
ples 60:40 to simulate seen-subject and seen-action scenarios. 2) Cross-Subject
uses mRI and MM-Fi, comprising 19,657 samples across 25 actions and 60 sub-
jects, with a 5:5 split by subjects. 3) Cross-Set covers 28,041 sequences across
27 actions in 6 scenes, following a 4:2 split by scene for training and testing. Im-
portantly, all evaluation protocols are conducted under the heterogeneous radar
configuration, which introduces additional domain shifts across sources. As a re-
sult, these settings are more challenging than the conventional C-Sub and C-Set
protocols defined under single-source radar setups.

4 Methodology

4.1 Task Definition

We consider a mmWave point cloud sequence represented as X ∈ RT×P×3 =
{Pt}Tt=1, where T denotes the frame number, P denotes the point number per
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Fig. 4: Overview of DAP-Net: First, the Dual-space Doppler Reparameterization
(D²R) converts mmWave point cloud sequences into Doppler-guided dense represen-
tations. Within D²R, Doppler-guided Geometry Reparameterization (DGR) performs
geometric densification, while Motion-aware Feature Recalibration (MFR) enhances
motion-sensitive feature modeling to produce point embeddings. These embeddings are
first processed by a point cloud backbone to extract global features and then aligned
with textual features through the Text Alignment Module (TAM), with final predic-
tions made based on feature similarity.

frame, and each point is represented by its 3D coordinates (x, y, z). The Doppler
velocity of each point is represented by v ∈ RT×P . The point number in frame t
is denoted by Pt = |Pt|. The objective is to predict the action label y associated
with the input sequence. An overview of our DAP-Net is shown in Fig. 4.

4.2 Dual-Space Doppler Reparameterization (D2R)

To effectively address distribution shifts from heterogeneous multi-source data,
it is essential to disentangle source-specific representations from action-related
ones and extract motion priors that remain stable across different radar sources.
Geometric density and absolute coordinates are highly dependent on hardware
configurations, whereas Doppler encodes the radial velocity of each point, di-
rectly reflecting the underlying physical motion [7,24,38,46]. Although absolute
Doppler values may vary across devices, the relative temporal evolution exhibits
consistent patterns across sources. For example, arm swinging produces periodic
velocity oscillations, whereas squatting shows a regular sign alternation of veloc-
ity across the action cycle. Therefore, action-consistent spatio-temporal Doppler
patterns can serve as reliable modeling anchors.

Based on this observation, D²R leverages Doppler information as a motion
prior and performs sample-adaptive modeling via two complementary modules:
Doppler-guided Geometric Reparameterization (DGR), which densifies motion-
critical points in the geometric space, and Motion-aware Feature Recalibration
(MFR), which conditionally recalibrates dense point cloud features in the feature
space to enhance sensitivity to dynamic patterns. Notably, the D²R module is
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parameter-efficient and plug-and-play, enabling flexible integration with various
point cloud backbone networks while enhancing mmWave point cloud modeling
with negligible additional computational cost.

4.3 Doppler-guided Geometric Reparameterization (DGR)

Millimeter-wave point clouds are inherently sparse and noisy, with distribution
discrepancies further amplified under heterogeneous multi-source settings, ren-
dering fixed-rule densification strategies designed for single-source scenarios dif-
ficult to generalize: 1) Repetitive upsampling indiscriminately duplicates both
informative motion points and noise, amplifying cross-source bias. 2) Sliding-
window aggregation relies on manually defined temporal spans and remains sen-
sitive to variations in frame rate and point density. To better address densifi-
cation and denoising under heterogeneous distributions, DAP-Net introduces a
Doppler-guided Geometry Reparameterization (DGR) module, which performs
selective densification of each frame to a fixed target size Pgoal using per-point
Doppler as a motion prior. By adaptively emphasizing discriminative motion
regions and suppressing noise, DGR enables heterogeneous point clouds to form
aligned spatial structures, thereby improving cross-source generalization.
Doppler-sorted Soft Quantile (DSQ) Unlike methods relying on fixed ab-
solute thresholds, DSQ introduces a learnable quantile parameter q ∈ (0, 1) to
characterize the relative motion intensity boundary of each frame, enabling adap-
tive partitioning based on the relative distribution. For each frame Pt, let the
Doppler magnitudes be {vit}

Pt
i=1, sorted in ascending order as v1t ≤ · · · ≤ vPt

t .
The target rank position for frame t is defined as P tgt

t = q(Pt−1), represent-
ing the desired quantile index. To obtain a differentiable approximation of this
rank, Gaussian weights are constructed centered at P tgt

t :

wi
t ∝ exp

(
−
(
i− P tgt

t

)2
2σ2

)
. (1)

The frame-level motion threshold is computed as τt =
∑Pt

i=1 w
i
t v

i
t, which can

be interpreted as a soft dot product between the sorted Doppler values and the
Gaussian weight distribution. Given the threshold τt, each Doppler value vit is
compared against it to obtain a soft motion indicator:

sit = σ

(
vit − τt

γ

)
, (2)

where γ controls the sharpness of the transition. The resulting scores are then
binarized using a Straight-Through Estimator (STE) [4, 11], maintaining ex-
plicit partitioning in the forward pass while propagating gradients through the
soft probabilities sit in backpropagation. By modeling relative statistics via quan-
tiles, DSQ achieves stable motion-aware partitioning under heterogeneous multi-
source distributions, effectively mitigating source-induced statistical shifts and
providing consistent motion priors for subsequent geometric reparameterization.
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Tri-branch Motion-Aware Point Densification (TMPD) Given the mo-
tion confidence si for each point, TMPD partitions the point set into three com-
plementary subsets: Pfast = {pi | si > δ}, Pslow = {pi | si ≤ δ}, Praw = P,
where δ is the partition threshold and P denotes the original point set. The
points are assigned to Fast, Slow, and Raw branches, which are processed as:

P̃fast =

r⋃
k=1

Pfast, P̃slow = Pslow, P̃raw = RandSample
(
Praw, Praw

)
, (3)

where r is the duplication factor for motion-salient points in the Fast branch, and
RandSample(·, N) uniformly samples N points for the Raw branch. The Fast
branch focuses on motion-salient regions. Since mmWave point clouds are inher-
ently sparse in high-motion areas and exhibit distribution discrepancies across
heterogeneous sources, r-fold controlled duplication increases the sampling den-
sity of dynamic structures across sources, improving cross-source representation
consistency. Generative synthesis or interpolation is avoided to prevent physically
inconsistent noise due to the lack of point-wise supervision and stable inter-frame
correspondences. The Slow branch handles quasi-static points, which may be-
long to low-motion human regions or background structures. Their geometry is
relatively stable, so the original distribution is preserved without densification
to avoid cross-source geometric shifts affecting feature consistency. For the Raw
branch, the number of points is P̃raw = Pgoal − rPfast − Pslow, ensuring the
final point cloud has cardinality Pgoal. The final densified point cloud Pout, with
cardinality |Pout| = Pgoal, is obtained by aggregating the three branches:

Pout = P̃fast ∪ P̃slow ∪ P̃raw, (4)

This branch-wise adaptive strategy enhances key motion information while mit-
igating sparsity and noise discrepancies from heterogeneous sources.

4.4 Motion-aware Feature Recalibration (MFR)

Previous works primarily focus on modeling the geometric 3D structure of point
clouds, paying limited attention to the motion information embedded in Doppler
signals. This results in extracted features with constrained ability to capture dy-
namic motion patterns. To explicitly enhance motion representation, DAP-Net
introduces the Motion-aware Feature Recalibration (MFR) module, which condi-
tionally recalibrates dense point cloud features using Doppler-guided fast points,
thereby maintaining consistent motion information across heterogeneous radar
sources. The dense point clouds Pout ∈ RT×Pout×3 and the fast points Pfast ∈
RT×Pfast×3 are embedded to obtain Fout ∈ RT ·Pout×C and Ffast ∈ RT ·Pfast×C ,
respectively. The fast point features Ffast are then aggregated into a motion
summary vector c ∈ RC to guide subsequent feature recalibration:

c =
1

|Ffast|
∑

i∈Ffast

fi, (5)
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where fi denotes the embedding of the i-th fast point. This vector provides a sta-
ble motion prior across heterogeneous radar sources. Inspired by [44], the MFR
module leverages c to perform channel-wise recalibration of Fout. Specifically,
MLPs generate learnable scaling γ and shifting β parameters from c:

γ = MLPγ(c), β = MLPβ(c), γ, β ∈ RC . (6)

Recalibrated dense features F are derived via channel-wise affine transformation:

F = γ ⊙Fout + β, (7)

where ⊙ denotes element-wise multiplication across channels. This operation
leverages the motion-guided fast points to modulate point cloud features, effec-
tively enhancing the network’s sensitivity to motion patterns while maintaining
consistent motion representation across heterogeneous multi-source scenarios.

4.5 Backbone and Text Alignment Module

DAP-Net is backbone-agnostic and can be flexibly integrated into various point
cloud backbone networks. Given the input point cloud features F ∈ RT ·Pout×C ,
the backbone network extracts high-level representations, which are aggregated
via max pooling to obtain a global feature: F̃ = MaxPool(Backbone(F)) ∈ RD.
This global feature F̃ is fed into a classifier to obtain action prediction logits
z ∈ RK , where K denotes the number of action classes.

mmWave point clouds are sparse and have lower point resolution. To leverage
this, DAP-Net introduces the Text Alignment Module (TAM), aligning
mmWave features with information-rich textual embeddings. TAM first encodes
prompts T (·) for all action categories using a pretrained text encoder Etext(·):

Ftext = Etext
(
[T(texti)]

K
i=1

)
∈ RK×Ctext , (8)

where Ctext denotes the dimensionality of the text embeddings. The global
mmWave feature F̃ is projected via an MLP into the shared textual embed-
ding space, yielding the feature Fmmw ∈ RK×Ctext . Then, TAM computes the
similarity between mmWave and text features:

S = Softmax
(
FmmwF

⊤
text
)
∈ RK×K . (9)

Finally, the similarity scores s = diag(S) ∈ RK are fused with the backbone
classifier logits z ∈ RK to produce the final prediction ŷ ∈ RK . Note that TAM
is independent of the specific text encoder and can be seamlessly replaced with
more advanced large language models (LLMs) or domain-adapted text encoders.

5 Experiment

5.1 Implementation Details

Experiments are conducted on two NVIDIA RTX 4090 GPUs. DAP-Net is
trained for 150 epochs (batch size 128, learning rate 0.01, weight decay 1 ×
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Table 3: Comparison with prior methods on UniMM-HAR C-Sub and C-Set. Original
PC type indicates the point cloud type the model was designed for. MPC: mmWave
radar point clouds; SPC: static point clouds; TPC: temporal point clouds.

Model Source Original UniMM-HAR (%)

PC Type C-Sub C-Set

PointNet [47] CVPR’17 SPC 59.27 70.96
DGCNN [45] NN’18 SPC 71.70 52.18
RadHAR [56] mmNSS’19 MPC 42.49 48.47
PointMLP [40] ICLR’22 SPC 71.06 78.13
PST-Transformer [17] TPAMI’22 TPC 63.13 79.70
PointCLIP [76] CVPR’22 SPC 67.82 69.82
Clip2point [27] ICCV’23 SPC 64.17 59.56
FastHAR [54] CIKM’24 MPC 53.72 61.16
3DInAction [3] CVPR’24 TPC 73.43 57.81
UST-SSM [31] ICCV’25 TPC 71.50 48.40

DAP-Net – MPC 80.72 81.82

10−4). We set Pgoal = 1024 for DGR and a 5-fold duplication for TMPD’s Fast
Branch. Using PointMLP [40] as the backbone, TAM aligns features with a frozen
CLIP [49] text encoder via the template "a mmWave point cloud of a person
[CLS]". Optimization uses standard cross-entropy loss.

5.2 Compare with SOTA

We evaluate representative methods on the UniMM-HAR C-Sub and C-Set in
Table 3, including mmWave radar point cloud methods and LiDAR-based dense
point cloud methods (e.g., static point clouds and temporal point clouds). Ex-
isting dense point cloud methods fail on mmWave point clouds due to sparsity
and noise, and homogeneous mmWave methods perform poorly under hetero-
geneous settings. In contrast, DAP-Net consistently outperforms all methods,
demonstrating its effectiveness, heterogeneous cross-source generalizability.

5.3 Ablation Study

We perform ablation studies on UniMM-HAR C-Sub to systematically investi-
gate the contributions of each component in DAP-Net.
Evaluation of Backbone Generalization As shown in Table 4, integrating
the modules of DAP-Net leads to substantial accuracy gains across all backbones.
This improvement arises from D2R’s intra-modal enhancement and TAM’s cross-
modal alignment, which increase the backbone’s adaptability to mmWave point
cloud characteristics and its robustness to heterogeneous distributions, thereby
unlocking the full potential of dense point cloud backbones on mmWave data.
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Table 4: Impact of DAP-Net modules
across backbones.

Backbone Module Acc (%)

PointMLP [40]
– 71.06
+D2R 80.00↑8.94

+D2R+TAM 80.72↑9.66

UST-SSM [31]
– 71.50
+D2R 74.00↑2.50

+D2R+TAM 74.94↑3.44

PST-Transformer [17]
– 63.13
+D2R 76.73↑13.60

+D2R+TAM 78.21↑15.08

Table 5: Impact of D2R modules (DGR
and MFR).

Backbone D2R Acc (%)
DGR MFR

PointMLP [40]
✗ ✗ 71.06
✓ ✗ 76.97↑5.91

✗ ✓ 78.76↑7.70

✓ ✓ 80.00↑8.94

UST-SSM [31]
✗ ✗ 71.50
✓ ✗ 73.69↑2.19

✓ ✓ 74.00↑2.50

PST-Transformer [17]
✗ ✗ 63.13
✓ ✗ 72.31↑9.18

✓ ✓ 76.73↑13.60

Table 6: Impact of different point split strate-
gies and fast branch densification in TMPD.

Backbone Points Split Fast Branch
Densification Acc (%)

PointMLP [40]

– – 71.06
0.2 quantile MLP densification 71.00↓0.06

0.2 quantile r-fold duplication 76.46↑5.40

DSQ r-fold duplication 76.97↑5.91

UST-SSM [31]

– – 71.50
0.2 quantile MLP densification 71.40↓0.10

0.2 quantile r-fold duplication 73.40↑1.90

DSQ r-fold duplication 74.00↑2.50

Table 7: Impact of different point
split quantiles.

Quantile Split
Type Acc (%)

– – 71.06
0.2 Fixed 76.46↑5.40

0.3 Fixed 76.55↑5.40

0.5 Fixed 76.14↑5.08

0.8 Fixed 76.12↑5.06

DSQ Learnable 76.97↑5.91

Evaluation of D2R In Table 5, we ablate D2R on three representative back-
bones. Both DGR and MFR individually improve performance, and their com-
bination achieves the best results, demonstrating that D2R is backbone-agnostic
and its modules provide complementary benefits.
Evaluation of DSQ and TMPD We conduct ablation experiments to eval-
uate the individual and combined effects of DSQ and TMPD under different
point splitting and densification strategies. As shown in Table 6, the proposed
combination of DSQ and r-fold duplication of TMPD consistently achieves the
best performance across different backbones, demonstrating the effectiveness of
jointly modeling motion-aware point selection and densification.
Evaluation of DSQ We compare the proposed learnable soft quantile in DSQ
with fixed hard quantiles (0.2, 0.5, 0.8) and a variant without quantile-based
splitting. As shown in Table 7, the adaptive soft quantile consistently achieves
superior performance, demonstrating the benefit of learning a data-dependent
threshold for motion-aware point selection.
Evaluation of DGR In Table 8, we compare DGR with several common
point cloud densification strategies under a fixed number of output points. DGR
achieves the best performance, substantially outperforming naive duplication
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Table 8: Impact of point
cloud densification.

Densification Acc (%)

Repeat Sampling 71.06
Super-frame Fusion 59.72↓11.34

MLP 43.54↓27.52

DGR 76.97↑5.91

Table 9: Impact of different text prompts and encoders.

Method Action Text Prompt Text Encoder Acc (%)

Baseline – – 80.00

w/ TAM [CLS] CLIP [49] 80.71↑0.71

w/ TAM A person performing [CLS] CLIP [49] 80.65↑0.65

w/ TAM a mmWave point cloud of a person [CLS] SBERT [50] 80.67↑0.67

w/ TAM a mmWave point cloud of a person [CLS] CLIP [49] 80.72↑0.72

Cost

Ac
c(
%
)

Baseline
+ D2R
+ D2R + TAM

Prams (M)
FLOPs (GMACs)

UST-SSM
PointMLP

PST-Transformer

Fig. 5: Accuracy–Cost trade-off across
different backbones.

Micro Acc

Macro Acc

Cross-Source Acc*Centroid Dist

*CORAL

DAP-Net (PointMLP + DAP)
PointMLP

PST-Transformer + DAP
PST-Transformer

Metrics marked with * are reported as reciprocals since smaller is better.
Red metrics measure cross-source generalization.

Fig. 6: Accuracy and cross-source gener-
alization comparison.

and MLP-based generation, demonstrating that Doppler-guided geometric repa-
rameterization is more effective for enhancing sparse mmWave representations.
Evaluation of TAM We evaluate TAM with various prompt templates and text
encoders in Table 9. All combinations consistently yield performance gains, indi-
cating that TAM consistently benefits from diverse text encoders and prompts,
and can easily scale to more advanced text models such as LLMs.
Evaluation of Efficiency We analyze the modules of DAP-Net (D²R and
TAM) in terms of accuracy–cost trade-offs across different baselines in Fig. 5.
Both modules improve performance while incurring negligible parameter and
FLOPs overhead, with D²R contributing particularly significant gains.
Evaluation of Cross-Source Performance Fig. 6 shows performance on het-
erogeneous multi-source data, where Cross-Source Acc measures action consis-
tency across sources, Centroid Distance quantifies shifts between source fea-
ture centroids, and CORAL evaluates covariance differences across sources (see
Supplementary for metric details). DAP-Net achieves the highest overall accu-
racy while excelling in cross-source metrics. Compared with the baseline, adding
DAP-Net modules significantly improves heterogeneous cross-source metrics.

6 Conclusion

We construct the UniMM-HAR dataset and propose DAP-Net for heteroge-
neous multi-source mmWave point clouds. UniMM-HAR is the first and largest
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mmWave point cloud HAR benchmark designed for heterogeneous multi-source
scenarios, standardizing three distinct radar configurations and providing C-Sub
and C-Set evaluation protocols to rigorously assess cross-source generalization.
To mitigate source-specific biases, DAP-Net leverages Doppler as a motion prior,
performing sample-adaptive geometric densification and feature recalibration via
D²R, and aligns features with a pretrained textual space through TAM to pro-
vide stable semantic anchors. Extensive experiments demonstrate that DAP-Net
significantly improves both recognition accuracy and cross-source robustness.
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