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ABSTRACT: Millimeter-wave (mmWave) radar supports non-contact action sensing without optical imagery, but its sparse point clouds
vary with multipath, aspect angle, and detection quality. We address within-protocol recognition with a radar-informed Multi-Stream
Gated Transformer (MSG-Transformer). Separate streams encode target-centered geometry, Doppler velocity, radar-reported SNR, and
tracker-estimated horizontal-centroid context prior to temporal fusion. Raw trials are split before frame stacking, and augmentation
perturbs only centered coordinates, leaving measured Doppler and SNR unchanged. On 820 archived trials from eight anonymized
participant identifiers and nine action categories, MSG-Transformer achieved 97.67% development-set macro-recall with 1.03 million
parameters and a 3.92MiB FP32 footprint. This single-split result is not subject-independent or cross-environment evidence.

1. INTRODUCTION

Millimeter-wave (mmWave) radar enables Human-
Computer Interaction (HCI) and Ambient Assisted

Living (AAL) under poor illumination without recording
optical appearance [1, 2]. Although related sensing hardware
is studied in Integrated Sensing and Communications (ISAC),
this paper addresses action recognition [3, 4].
Point-cloud action recognition has mainly used vision or

LiDAR-like data, including 3DInAction [5], whereas mmWave
radar is sparse, discrete, and non-stationary [1, 6, 7]. Signal
dropouts, Doppler ambiguity, and specular reflections further
disrupt local geometric continuity assumed by many point-
cloud models [2, 6, 8].
PST2 [9], CSP-Former [10], and P4Transformer [11] model

long-range or local spatiotemporal dependencies, but were de-
veloped mainly for dense geometric inputs without separated
radar attributes [6]. Dot-product attention also depends on
learned query-key norms, making temporal correlation sensi-
tive to the magnitude of latent features. This feature-space ef-
fect does not imply physical radar cross-section (RCS). Doppler
and measurement-quality cues are informative [12, 13] and are
retained in datasets, such as K-Radar and RADIATE [14, 15].
MSG-Transformer separately projects spatial coordinates,

Doppler, target-position context, and stored SNR [12, 16]. A
Swish Gated Linear Unit (SwiGLU) fuses the projections [17],
while Scaled Cosine Attention normalizes queries and keys be-
fore correlation [18]. Ablations test these radar-informed bi-
ases; they do not recover calibrated RCS, remove multipath, or
simulate radar measurements.
Multi-stream processing itself is not claimed as a domain-

independent novelty. The radar-specific contribution is
the coordinated design of semantic streams aligned with
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sparse mmWave measurements, target-centered augmentation
that leaves measured Doppler and SNR unchanged, and
norm-controlled temporal attention with local depthwise con-
volution. The feature and component ablations evaluate this
combination under the archived protocol, and the absence of a
matched-parameter single-stream control remains a limitation.
The study makes two contributions. First, it documents an

archived multimodal radar action collection containing geom-
etry, Doppler velocity, radar-reported SNR, point-to-centroid
distance, and target-centroid context, with raw trials split be-
fore window generation. Second, it evaluates a compact MSG-
Transformer combining semantic streams, SwiGLU fusion,
Scaled Cosine Attention, local depthwise convolution, and re-
stricted coordinate augmentation. Comparative, ablation, and
complexity results are reported under a deliberately narrow
single-split development protocol.

2. RELATED WORK
For privacy-sensitive HCI and AAL, mmWave radar avoids
the illumination dependence and identifiable imagery of opti-
cal cameras [1, 6] and shares sensing concepts with ISAC sys-
tems [4]. Its sparse returns varywith aspect andmotion, making
radial velocity and measurement quality informative comple-
ments to geometry.

2.1. Radar Data Representation Formats

Early radar-recognition pipelines converted returns into Range-
Doppler maps or micro-Doppler spectrograms and then ap-
plied convolutional neural network (CNN) classifiers. These
inputs capture motion signatures but discard much of the 3D
scattering layout, including limb position [6]. Multiple-input
multiple-output (MIMO) radar can produce point clouds, al-
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FIGURE 1. Architecture of MSG-Transformer. The input block shows the stored 9-column preprocessing tensor, while the semantic streams use the
effective radar channels described in Eqs. (3)–(4).

though some public datasets retain only LiDAR-style geom-
etry and omit Doppler or SNR [14, 15]. Those attributes aid
target-clutter separation, especially for weak limb returns and
multipath-affected points [8, 12]. A recognition model should
therefore use them when the archive provides them [19].

2.2. Deep Representation Methods for Point Clouds

Point-cloud networks provide the building blocks for radar per-
ception [20, 21]. PointNet uses shared MLPs for permutation-
invariant point processing [22]; PointNet++ adds hierarchi-
cal sampling for local features [23]; and DGCNN models local
topology through dynamic graphs [21, 24]. Transformer-based
point models, including Point Transformer and Point Cloud
Transformer (PCT), aggregate global context by self-attention
and perform strongly on geometric benchmarks [25–28]. The
radar-specific gap is not whether attention can model points,
but whether the architecture respects the distinct semantics of
coordinates, radial velocity, tracker context, and measurement
quality.

2.3. Radar-Attribute Challenges

Radar action recognition often uses tracking-then-classification
pipelines or PointNet-RNN cascades, whichmayweaklymodel
echo-intensity variation, Doppler velocity, and target-level mo-
tion context [6, 8]. Vision-style Transformers also require ad-
justment. Standard Scaled Dot-Product Attention depends on
query-key magnitudes [26]; normalization stabilizes the sim-
ilarity scale without providing physical RCS compensation.
Augmentation raises a separate issue because rotating coor-
dinates while retaining measured radial velocity changes the
implied viewing geometry [12, 13]. MSG-Transformer there-
fore keeps radar attributes explicit, restricts coordinate pertur-
bations, and uses Scaled Cosine Attention only as feature-space
norm control [18].

3. THE MSG-TRANSFORMER FRAMEWORK
Figure 1 outlines three stages: preprocessing with restricted
augmentation, a multi-stream gated backbone, and a temporal
Transformer with Scaled Cosine Attention. Section 3.4 speci-
fies the recognition implementation.

3.1. Multimodal Radar Feature Integration and Augmentation
The acquisition protocol records geometry, kinematics, signal
intensity, association distance, and target trajectory context.
For point i ∈ {1, . . . , nt} at frame t, the 9D feature is

facqt,i = [xt,i, yt,i, zt,i, vt,i, St,i, dt,i, Xt, Yt, Zt] ∈ R9, (1)

Here, facqt,i is the acquisition feature vector; t is the frame index;
nt is its number of points; i is the within-frame point index
;(xt,i, yt,i, zt,i) are Cartesian coordinates; vt,i is Doppler radial
velocity; St,i is radar-reported SNR; dt,i is point-to-centroid
distance; and (Xt, Yt, Zt) is the associated tracked-target cen-
troid.
Before sample generation, the Cartesian coordinates are con-

verted into target-centered coordinates to reduce dependence on
absolute radar placement:

x̃t,i = xt,i −Xt, ỹt,i = yt,i − Yt, z̃t,i = zt,i − Zt. (2)

The tilde denotes target centering; archived columns satisfy
posx,t = Xt, posy,t = Yt, and posz,t = Zt.
The preprocessed point is then stored as a 9-column tensor

p̂t,i =
[
x̃t,i, ỹt,i, z̃t,i, Dt,i, SNRt,i, tidt,i, dt,i, posx,t, posy,t

]
,

(3)
Here, p̂t,i ∈ R9 is the stored point vector; Dt,i = vt,i is the
Doppler; and SNRt,i = St,i is the stored signal-to-noise ratio
(SNR). The integer tidt,i is a temporary tracker identifier, and
the columns dt,i and (posx,t, posy,t) retain point-to-centroid
distance and horizontal target context. This nine-column lay-
out preserves compatibility with the data loader and Figure 1,
while the Multi-Stream Gated Backbone reads only

pt,i =
[
x̃t,i, ỹt,i, z̃t,i, Dt,i, SNRt,i, posx,t, posy,t

]
∈ R7. (4)
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(a) (b)

FIGURE 2. Spatiotemporal enhancement of sparse point clouds. (a) Raw single-frame geometry and (b) five-frame stacked multimodal point cloud,
where Doppler color indicates motion direction, and the red curve represents the target trajectory.

pt,i is the seven-dimensional classifier input. Tracker ID is ex-
cluded, and point-to-centroid distance remains only an acqui-
sition and preprocessing attribute. Likewise, posz,t is used for
target centering in Eq. (2), and the target stream receives only
(posx,t, posy,t). This prevents identifiers and unused fields
from becoming class cues. Restricted yaw rotation, scaling,
and jitter affect only centered coordinates; unchanged Doppler
makes this geometry-only regularization rather than physical
view simulation [12, 29].
Radar physics motivates these features. Suppressing the

frame index, ci = [xi, yi, zi]
T describes the scattering location,

and Doppler relates to inter-chirp phase variation:

vi =
λ∆ϕi

4πTc
, (5)

where λ, ∆ϕi, and Tc denote the wavelength, measured phase
difference, and chirp interval. Received echo power is

Pr =
PtGtGrλ

2σ

(4π)3R4L
, (6)

where Pt, Gt, Gr, σ, R, and L denote transmitted power,
antenna gains, radar cross-section, range, and aggregate loss.
SNR is

SNRdB
i = 10 log10

(
Pr,i

Pn

)
, (7)

Here, SNRdB
i is the point-level SNR, and Pr,i and Pn are re-

ceived and noise power. In physical units, SNR can be viewed
as a noisy radiometric confidence measurement. Texas In-
struments (TI)-detected-point side information may use 0.1 dB
units, and some tracking interfaces export a linear field [30].
Because the archive lacks the originating TLV type and unit
metadata, we report stored device units without dB conversion.
SNR is therefore a processed measurement-quality attribute,
not calibrated RCS.

3.1.1. Kinematic Enhancement and Temporal Trajectory Fusion

Single frames contain limited motion information [2, 7]. Stack-
ing combines M = 5 frames, or approximately 0.5 s at 10 fps,
into a denser chunk while retaining T = 10 ordered chunks
and limiting each sample to 50 frames. For stored point set
Pt = {p̂t,i}nt

i=1, chunkm is

Cm =

mM∪
j=(m−1)M+1

Pj , (8)

Here, Cm is the point set in chunk m, m ∈ {1, . . . , T} is the
chunk index; T is the number of chunks; M is the number of
raw frames per chunk; and j is the raw-frame index. The union
covers the indicated frame range. A resampling operatorRN (·)
then maps each variable-size chunk to

C̃m = RN (Cm), C̃m ∈ RN×9. (9)

RN samples without replacement when at least N points ex-
ist and otherwise repeats points. The final sample X =
[C̃1, . . . , C̃T ] ∈ RT×N×9 uses T = 10 and N = 100. Fig-
ure 2 compares a raw frame with this five-frame representa-
tion; Doppler color indicates the motion direction [2]. Hori-
zontal centroids provide global target anchors, while centered
coordinates describe body-relative scattering. Combining local
Doppler cues with global displacement reduces clutter-induced
ambiguity.

3.1.2. Signal Intensity Distribution and Gated Feature Fusion

Multipath can create strong ghost detections, and limb returns
can be weak [8]. The model therefore keeps radar-reported
SNR as a separate input, instead of applying a hard cutoff. Fig-
ure 3(a) shows values above 300 stored units in strong-return
regions and values below 150 elsewhere. The distribution in
Figure 3(b) has mean µ ≈ 205 and standard deviation σ ≈ 72.
Weak detections may still encode limb motion, so thresholding
could remove useful evidence together with clutter.
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(a) (b)

FIGURE 3. Distribution of radar-reported point-cloud SNR in stored device units. The distribution contains both strong returns and weaker detections,
motivating learned intensity encoding rather than hard thresholding. (a) Spatial intensity heatmap and (b) Probability density in stored device units.

SNR is not an explicit multiplicative gate. A two-layer inten-
sity Multilayer Perceptron (MLP) first maps it into a latent em-
bedding, which is concatenated with geometry, Doppler, and
target-position embeddings. The subsequent SwiGLU block
performs nonlinear gated fusion over the full latent vector. The
ablation supports the intensity stream and gated fusion as im-
plemented, but it does not demonstrate monotonic suppression
of low-SNR points.

3.2. Multi-Stream Gated Backbone

Let the stacked radar point-cloud sample beX = (C̃1, . . . , C̃T ).
TheMulti-StreamGated Backbone separates themodalities and
encodes each chunk as F ′

t . Geometry, Doppler, centroid mo-
tion, and stored SNR have different ranges and semantics, so
they receive separate projections before fusion. This separation
is an architectural bias rather than proof that raw concatenation
is always inferior.
For resampled point i ∈ {1, . . . , N} in chunk C̃t, the effec-

tive semantic channels are separated as

uxyz
t,i = [x̃t,i, ỹt,i, z̃t,i] , udyn

t,i = [Dt,i],

usnr
t,i =

[
SNRt,i], upos

t,i = [posx,t, posy,t
]
.

(10)

Here, uxyz
t,i , udyn

t,i , usnr
t,i , and upos

t,i denote the geometry, dynam-
ics, SNR, and target-position input vectors. Their superscripts
identify streams rather than mathematical powers. The indices
and measurements retain the definitions in Eqs. (2)–(4), so the
stream decomposition introduces no additional observed vari-
ables.

The four streams independently project these heterogeneous
measurements into latent spaces with different capacities:

hxyz
t,i = ϕxyz(u

xyz
t,i ) ∈ R128,

hdyn
t,i = ϕdyn(u

dyn
t,i ) ∈ R64,

hpos
t,i = ϕpos(u

pos
t,i ) ∈ R48,

hsnr
t,i = ϕsnr(u

snr
t,i ) ∈ R16.

(11)

In Eq. (11), ϕxyz , ϕdyn, ϕpos, and ϕsnr are learnable MLP map-
pings, and the corresponding h vectors are their latent outputs.
Their empirical widths sum to 256. The allocation gives sparse
geometry the largest capacity, represents Doppler as compact
kinematics, uses target position for global trajectory context,
and treats SNR primarily as a measurement-quality cue. These
widths are not physically derived constants, and a matched-
parameter single-stream control is still needed to isolate stream
separation.
Instead of concatenating raw measurements directly, MSG-

Transformer projects each modality and then fuses the latent
embeddings via a compact nonlinear block. The concatenated
vector is

at,i =
[
hxyz
t,i ;hdyn

t,i ;h
pos
t,i ;h

snr
t,i

]
∈ R256. (12)

where at,i is the fusion input for point i in chunk t; the semi-
colon denotes channel-wise concatenation, and 256 = 128 +
64 + 48 + 16. The fused point representation is

zt,i = SwiGLU (GELU (LN (Wfat,i + bf ))) ∈ RC , (13)

where zt,i is the fused point embedding, C = 256, andWf and
bf are learnable. LN normalizes channels, and GELU is ap-
plied element-wise. The streams do not read stored tid or dis-
tance columns. Permutation-invariant point aggregation then
uses channel-wise max pooling:

F ′
t = max

i∈{1,...,N}
zt,i ∈ RC . (14)
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FIGURE 4. Diagram of the scaled cosine attention mechanism.

Thus, F ′
t is the chunk-level feature, with the maximum evalu-

ated independently in each of theC channels over allN points.
For latent vector x, the Swish Gated Linear Unit (SwiGLU)

implements multiplicative nonlinear fusion as

SwiGLU(x) = LN (W3 [SiLU(W1x+ b1)

⊗(W2x+ b2)] + b3) . (15)

W1 andW2 project x ∈ RCin to gated width Cg , andW3 maps
their product to the output width. SiLU(r) = rσ(r) is element-
wise; σ is sigmoid,⊗ denotes element-wise multiplication; and
LN is the channel-wise normalization. The fusion block uses
Cin = Cout = 256 and Cg = 170. Because SNR is part of the
latent vector, the gate can learn intensity interactions, but no
monotonic SNR-gate relation nor direct physical interpretation
is imposed. The chunk embeddings form

E = [F ′
1, F

′
2, . . . , F

′
T ] ∈ RT×C , (16)

Here,E is the ordered temporal feature matrix, andF ′
T is the T -

th chunk feature from Eq. (14). The model uses T = 10 chunks
and feature width C = 256; the brackets stack the chunk vec-
tors as temporal rows.

3.3. Temporally Gated Transformer
The temporal module combines norm-stabilized global atten-
tion with local temporal convolution. These are neural mod-
eling choices motivated by radar-measurement variability and
do not treat latent-vector norms as calibrated radar amplitudes.
A learnable classification token ecls and positional embedding
Epos are added:

Z(0) = [ecls;F
′
1; . . . ;F

′
T ] + Epos ∈ R(T+1)×C . (17)

Here, Z(0) is the input token matrix before the first Trans-
former layer; ecls ∈ RC is the learnable classification token;
and F ′

T ∈ RC represents temporal chunk T . Epos ∈ R(T+1)×C

is learnable. The semicolon denotes token-wise concatenation,
and T + 1 counts one classification token plus T chunk tokens
of width C = 256. For the ℓ-th Transformer layer and the h-th
attention head, query, key, and value matrices are computed as

U (ℓ) = LN(Z(ℓ)), Qh = U (ℓ)WQ
h ,

Kh = U (ℓ)WK
h , Vh = U (ℓ)WV

h .
(18)

Here, Z(ℓ) enters layer ℓ; U (ℓ) is its normalized form; Qh,Kh,
and Vh are the query, key, and value matrices for head h, pro-
duced by learned projections WQ

h , WK
h , and WV

h . The imple-
mentation usesL = 2 layers,H = 4 heads, and head dimension
dh = 64. Each head therefore maps a 256-dimensional token
into a 64-dimensional attention subspace.

3.3.1. Scaled Cosine Attention

Scaled Cosine Attention stabilizes learned feature-space simi-
larity through row-wise query-key normalization [18], not cal-
ibrated radar-amplitude modeling:

Ah = Attentionh(Qh,Kh, Vh)

= Softmax

[
τ

(
Qh

∥Qh∥2

)(
Kh

∥Kh∥2

)T
]
Vh. (19)

The ℓ2 norms are computed row-wise over the head dimension,
normalizing each token query and key before pairwise dot prod-
ucts. A shared learnable temperature τ > 0 is initialized to
10. Values remain unnormalized, so Scaled Cosine Attention
changes the logits without removing all feature-amplitude in-
formation. Figure 4 illustrates normalization, cosine correla-
tion, and value aggregation. Multi-head fusion is

MHCA(U (ℓ)) = Concat(A1, . . . , AH)WO∈R(T+1)×C . (20)

The attention residual update for layer ℓ is

Z̄(ℓ) = Z(ℓ) +MHCA(U (ℓ)). (21)

Table 6 tests its empirical contribution.

3.3.2. Integrated Temporal Convolution

A depth-wise temporal convolution follows attention to extract
local dynamics [31, 32]. The classification token is preserved,
and a kernel-size k = 3 convolution is applied only to frame
tokens:

Z̃
(ℓ)
1:T = Z̄

(ℓ)
1:T + DWConvk=3

(
LN

(
Z̄

(ℓ)
1:T

))
. (22)

The processed frame features are recombined with the classifi-
cation token:

Z̃(ℓ) = [Z̄
(ℓ)
cls ; Z̃

(ℓ)
1:T ]. (23)
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A gated feed-forward block then updates the token matrix:

Φff(x) = Dropout
(
W3,ff

[
SiLU(W1,ffx+ b1,ff)

⊗ (W2,ffx+ b2,ff)

]
+ b3,ff

)
,

Z(ℓ+1) = Z̃(ℓ) +Φff

(
LN(Z̃(ℓ))

)
.

(24)

The feed-forward width isCff = 128, and dropout is 0.4. These
operations form the Temporally Gated Transformer: cosine at-
tention provides norm-invariant query-key correlation, depth-
wise convolution models local continuity, and SwiGLU sup-
plies gated nonlinear transformation. Applying convolution af-
ter global attention allows each layer to compare all chunks be-
fore refining adjacent temporal changes.

3.4. Implementation of MSG-Transformer for 3D Action Recog-
nition
MSG-Transformer treats action recognition as point-cloud se-
quence classification. Each sample contains T = 10 chunks,
each stacking M = 5 frames and sampling or padding to
N = 100 points. The resulting T × N × 9 stored tensor cov-
ers 50 raw frames. Short recordings repeat cyclically, and long
recordings use a 25-frame stride. Both operations follow split
assignment, preventing windows from one raw file from cross-
ing data splits.
Although the sequence includes a learnable Classification

Token (CLS), the classifier temporally max-pools only frame
tokens:

Fglobal = max
t∈{1,...,T}

Z
(L)
t ∈ RC . (25)

The resulting feature is mapped toK = 9 action classes:

ŷ = Softmax(WoFglobal + bo) ∈ [0, 1]K . (26)

Training uses cross-entropy with label smoothing ϵ = 0.2 [33].
For ground-truth class y, the target is

qk = (1− ϵ)I(k = y) +
ϵ

K
, (27)

and the training loss is

L = −
K∑

k=1

qk log ŷk. (28)

4. EXPERIMENTS

4.1. Dataset, Acquisition Protocol, and Radar Configuration
Data were acquired with a Texas Instruments IWR6843-ISK
mmWave radar. The Frequency Modulated Continuous Wave
(FMCW) sensor operates in the 60–64GHz band and was con-
trolled through a MATLAB interface adapted from the TI Area
Scanner Demo. Processing comprised range fast Fourier trans-
form (FFT), static-clutter mean cancellation, Doppler FFT,

Constant False Alarm Rate (CFAR) detection in the range and
Doppler domains, field-of-view filtering, multi-object beam-
forming, and azimuth/elevation estimation. Table 1 lists the
archived settings.

TABLE 1. Radar configuration used for data acquisition.

Parameter Setting

Radar sensor TI IWR6843-ISK
Antenna configuration 3 Tx/4 Rx
Signal waveform FMCW
Operating frequency 60.5GHz
Signal bandwidth 2.13GHz
Frame rate 10 fps
Range resolution 7.03 cm
Azimuth resolution approximately 15◦

For each detected point, radial distance r, radial velocity
v, azimuth angle θ, and elevation angle ϕ are estimated first.
Cartesian coordinates follow the TI convention: the Y axis de-
notes forward range, theX axis lateral displacement, and the Z
axis height:

xi = ri sin θi cosϕi, yi = ri cos θi cosϕi, zi = ri sinϕi.
(29)

Here, i indexes a detected point; ri ≥ 0 is radial range; and
(xi, yi, zi) are Cartesian coordinates. The range is used to gen-
erate these coordinates, while model inputs follow the acquisi-
tion and effective-channel definitions in Eqs. (1)–(4).
All trials were conducted in a laboratory with desks, chairs,

a host computer, mounting fixtures, and the radar sensor. The
archive has no separate cross-environment, cross-distance, or
cross-azimuth protocol. It also lacks identifiers for alternative
layouts, controlled clutter, sensor height, or sensor orientation.
Consequently, the random trial split measures within-protocol
behavior and cannot be reinterpreted as cross-environment val-
idation.
The archived filenames contain eight anonymized partici-

pant identifiers. Identifiers 1–5 performed seven action classes:
Left forerake, Left hand wave, Open arms, Right forerake,
Right hand wave, Squat, and Walk. Identifiers 7–9 performed
Standing up and Sitting down; Identifier 6 was not used in the
archived naming sequence. Each participant repeated every as-
signed action 20 times. This gives 820 raw trials and a nom-
inal total of 41,000 frames, as detailed in Table 2. All par-
ticipants were informed of the acquisition procedure and par-
ticipated voluntarily. The records contain anonymized radar
point clouds and include neither optical imagery nor speech
recordings. The action-dependent participant assignment cre-
ates a class-subject confound, so the dataset is not suitable for
claiming subject-independent performance. The archive also
contains no simultaneous multi-person action labels. Tempo-
rary tracker identifiers associate points during preprocessing;
they are not participant identities, and the final classifier pro-
duces one clip-level action label rather than separate labels for
multiple tracked people.
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TABLE 2. Action categories and raw-trial split statistics. The names in parentheses are the original directory names used by the archived code.

Action label Raw trials Train Development (Test) Held-out (Ver)
left_forerake 100 80 10 10

left_hand_wave 100 80 10 10
open_arms 100 80 10 10

right_forerake 100 80 10 10
right_hand_wave 100 80 10 10
sitting_down 60 48 6 6

squat 100 80 10 10
standing_up 60 48 6 6

walk 100 80 10 10
Total 820 656 82 82

The preprocessing script applies a per-action random raw-
file split with seed 42 and an 8:1:1 ratio, writing the subsets
as Train, Ver, and Test. The archived training script opti-
mizes on Train, evaluates on Test after each epoch, and se-
lects best_model.pth from that score. The directory named
Test is therefore a development set. The Ver directory is
not accessed by the training loop and is used only as a held-
out audit. Splitting is done before frame stacking and sliding-
window generation, so windows from the same raw recording
cannot cross subsets. Participant-level overlap remains possi-
ble. Generated-sample counts may also differ from raw-trial
counts because long recordings yield overlapping windows and
short recordings are cyclically padded inside their assigned sub-
set.
At the acquisition-protocol level, one labeled point record

can be summarized as

rrect,i =
[
t, xt,i, yt,i, zt,i, vt,i, St,i, dt,i, posx,t, posy,t, posz,t, κt

]
,

(30)
where rrect,i is one labeled acquisition record; t is the frame in-
dex; and i is the point index within that frame. The quantities
xt,i, yt,i, zt,i, vt,i, St,i, and dt,i are respectively Cartesian posi-
tion, radial velocity, stored SNR, and point-to-centroid distance
as defined earlier. The values posx,t, posy,t, and posz,t are the
target-centroid coordinates at frame t, and κt ∈ {1, . . . ,K} is
the action-class label, withK = 9. Frame index is used for tem-
poral ordering, labels are used only for supervision, and tracker
ID is excluded from classifier inputs. The archive does not re-
tain tracker uncertainty or a separate manual validation of the
centroid trajectory, so centroid context should be interpreted as
a tracker-derived auxiliary cue rather than a ground-truth body
trajectory.
All models use PyTorch. MSG-Transformer has a fused

width of 256 with stream widths of 128, 64, 48, and 16 for
centered geometry, Doppler, horizontal centroid context, and
SNR. The temporal module has two Transformer layers, four at-
tention heads of dimension 64, feed-forward width 128, depth-
wise temporal-convolution kernel 3, and dropout 0.4. The clas-
sifier maps the pooled 256-dimensional representation to nine
classes. Training uses a batch size of 32 for 100 epochs. Adam
parameters are β1 = 0.9, β2 = 0.999, ϵ = 10−8, initial learn-
ing rate 10−4, and weight decay 5 × 10−4. Gradient norm is

clipped at 1.0. Cosine annealing uses Tmax = 100 and min-
imum learning rate 10−6, with label smoothing 0.2. Samples
contain 10 chunks, 100 points per chunk, and 9 stored chan-
nels; the model reads the seven channels in Eq. (4). Augmenta-
tion uses yaw±15◦, scale [0.95, 1.05], and Gaussian jitter with
standard deviation of 0.005 clipped to±0.02. The raw-file split
seed is 42. Because the archived code does not set global Py-
Torch or NumPy seeds for initialization and point resampling,
the retained run is not fully deterministic.

4.2. Comparative Experiments
The comparison uses PointNet and PointNet++ as spatial base-
lines and P4Transformer plus an in-house SequentialPointNet
as spatiotemporal baselines. All methods use the raw-file split
and sample-generation protocol in Section 4.1. Centered coor-
dinates x̃, ỹ, and z̃ form the diagnostic coordinate-only input.
Radar-feature variants use the same non-ID attributes when
their input layers support additional channels, with the first pro-
jection adjusted for channel count. The archived comparison
contains one run per setting and no repeated-seed uncertainty.
It also lacks exhaustive equal-compute or equal-parameter tun-
ing for all baselines. MSG-Transformer excludes tid as defined
in Eq. (4).
Table 3 shows that MSG-Transformer gives the highest

archived single-run development score. Figure 5 provides the
corresponding per-class comparison. Spatial-only PointNet-
family models remain weaker because they do not explic-
itly model temporal dependencies, while P4Transformer and
SequentialPointNet benefit from temporal modeling. MSG-
Transformer reaches a 97.67% macro recall, approximately
4.8 percentage points above the strongest baseline, supporting
within-protocol competitiveness but not cross-subject superior-
ity or statistical significance.
Table 4 separates gains from radar measurements and prepro-

cessing fields. Doppler-only and SNR-only inputs lack geomet-
ric context, while centered geometry alone remains weaker than
the full semantic input. Removing horizontal centroid context
also reduces the development score. Tracker-ID and stored-
distance rows are controls; the final model excludes both fields
from its semantic streams.
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TABLE 3. Single-run development comparison under the same data preparation protocol. Non-ID radar features exclude temporary tracker identifiers.
Scores are percentages; repeated-seed uncertainty is unavailable.

Model Input channels Development score

PointNet Centered xyz only 73.18
PointNet Non-ID radar features 82.46

PointNet++ Centered xyz only 78.32
PointNet++ Non-ID radar features 86.75
P4Transformer Centered xyz only 90.45
P4Transformer Non-ID radar features 92.90

SequentialPointNet Centered xyz only 89.28
SequentialPointNet Non-ID radar features 92.71
MSG-Transformer Effective radar streams 97.67

TABLE 4. Single-run input-feature ablation using MSG-Transformer on the development split. Scores are percentages.

Input setting Channels used Dev. score
Doppler only D 83.91
SNR only SNR 71.43

Centered xyz only x̃, ỹ, z̃ 92.14
Centered xyz + Doppler + SNR x̃, ỹ, z̃, D, SNR 95.83

Without centroid, stored-distance control x̃, ỹ, z̃, D, SNR, d 96.21
With stored distance control x̃, ỹ, z̃, D, SNR, d, posx, posy 96.88

With tracker ID Effective streams + tid control 97.05
Proposed x̃, ỹ, z̃, D, SNR, posx, posy 97.67

FIGURE 5. Per-class recall of different network models on the devel-
opment split. Values are from one archived run per setting.

4.3. Confusion Matrix Analysis
Figure 6 is row-normalized, so each diagonal entry is class
recall. The arithmetic mean of the nine diagonal entries is
97.6656%, reported as a 97.67% macro recall rather than
weighted accuracy.
The largest displayed off-diagonal value is 3.58% from

right_forerake to left_forerake. Limited azimuth
resolution and similar radial-motion patterns are plausible
explanations, but the confusion matrix alone cannot identify
a causal mechanism. Smaller errors occur among squat,

FIGURE 6. Row-normalized development-set confusion matrix, with
actual labels on the vertical axis and predicted labels on the horizontal
axis. Diagonal entries are per-class recall, and their macro-average is
97.67%.

standing up, and sitting down. The component ablation in
Table 5 shows an association between the proposed modules
and the development score; it does not isolate the physical
origin of individual errors.
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TABLE 5. Single-run development scores for different coordinate-
augmentation strategies.

Strategy Rotation Scale Score Gain

Baseline None None 94.77% -
Naive Geometric Full 360◦ ±20% 93.02% -1.75%

Restricted geometry ±15◦ ±5% 97.67% +2.90%

Averaged window probabilities give 82/82 correct Ver file
predictions, treated only as a small audit because participant
identifiers overlap subsets.

4.4. Analysis of Restricted Geometry Augmentation
To avoid mismatching transformed coordinates with measured
radar attributes, augmentation perturbs only target-centered co-
ordinates while keeping the original Doppler velocity and SNR
values unchanged.

caugi = sRz(α)cctri + ϵi,

Daug
i = Di, SNRaug

i = SNRi,

Rz(α) =

cosα − sinα 0
sinα cosα 0
0 0 1

 .

(31)

Here, cctri = [x̃i, ỹi, z̃i]
T , s ∈ [0.95, 1.05], α ∈ [−15◦, 15◦],

and ϵi is the Gaussian jitter with standard deviation 0.005
clipped to [−0.02, 0.02]. This is regularization, not physical
viewpoint simulation.
With full 360◦ rotation and ±20% scaling, the development

score decreased from 94.77% to 93.02% (Table 5). Restricted
perturbation reached 97.67% in the archived run. The compar-
ison supports limiting coordinate perturbations when measured
Doppler remains unchanged, without treating the augmentation
as a physically exact view simulation.

4.5. Effect of the Number of Fused Frames
To evaluate the choice of five-frame stacking, we varied the
number of raw framesM fused into each temporal chunk while
keeping the remaining model and training settings unchanged.
As shown in Figure 7, the classification accuracy increased
from 95.38% at M = 3 to a maximum of 97.67% at M = 5.
Further increasing M reduced accuracy to 96.53%, 93.26%,
and 89.45% for 8, 10, and 15 frames, respectively. Compared
with three-frame stacking, five-frame stacking improved the
accuracy by 2.29 percentage points; using 8, 10, and 15 frames
produced decreases of 1.14, 4.41, and 8.22 percentage points
relative to the five-frame setting.
These results reveal a trade-off between point-cloud density

and temporal resolution. Stacking too few frames may provide
insufficient radar returns to alleviate the sparsity of individ-
ual frames, whereas an excessively long stacking interval may
merge distinct motion phases and weaken fine-grained tempo-
ral information. At the acquisition rate of 10 fps, five frames

FIGURE 7. Single-run development scores of MSG-Transformer for
different numbers of raw frames fused per temporal chunk. Five-frame
stacking achieved the highest score among the evaluated settings.

correspond to approximately 0.5 s of measurements per chunk.
This setting achieved the highest accuracy among the evaluated
configurations andwas therefore adopted inMSG-Transformer.
Because the comparison is based on the present dataset and ex-
perimental protocol, M = 5 should be regarded as an empiri-
cally supported configuration rather than a universally optimal
value.

4.6. Ablation Studies
The retained ablations test the multi-stream backbone, temporal
module, activation function, and attention mechanism where
the archive permits.

4.6.1. Network Architecture Evaluation

Figure 8 reports 92.90%, 88.75%, 92.71%, 91.56%, and
95.36% for MSG-RNN, MSG-GRU, MSG-LSTM, PointNet-
Transformer, and PointNet++-Transformer, versus 97.67% for
MSG-Transformer. These single-run results support modality-
aware encoding with Transformer temporal aggregation.

FIGURE 8. Single-run development accuracy across recurrent MSG
variants and point-cloud Transformer hybrids.
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TABLE 6. Single-run development ablation of activation and attention choices.

Group Activation Attention Development score Gain
Baseline ReLU Dot-Product 89.97% -
Variant A ReLU Cosine 93.60% +3.63%
Variant B SwiGLU Dot-Product 94.19% +4.22%
Proposed SwiGLU Cosine 97.67% +7.70%

TABLE 7. Comparison of computational load and available process-time evidence. N/R indicates that the corresponding training-time record was
not retained.

Model FP32/MiB GFLOPs Parameters/M Train/h GPU forward/ms
PointNet 13.21 28.83 3.46 N/R 25.30

PointNet++ 5.60 55.87 1.47 ∼20.00 82.40
P4Transformer 161.51 443.65 42.34 N/R 17.58

SequentialPointNet 11.41 219.23 2.99 N/R 1.32
MSG-Transformer, proposed 3.92 1.48 1.03 ∼2.73 43.44

4.6.2. Component Mechanism Evaluation

Table 6 compares SwiGLU and Scaled Cosine Attention in
the archived single-run experiment. Cosine attention removes
query-key norm dependence from the attention logits, whereas
SwiGLU adds multiplicative nonlinear interactions. Their
combination gives the highest development score. Because
equal-parameter repeated-seed experiments were not retained,
the table provides diagnostic evidence rather than statistical
proof.

4.6.3. Comparative Analysis of Computational Complexity

Table 7 compares model size, operation count, parameter count,
and process-time records for 10 chunks and 100 points per
chunk. The forward-time entries are measured values retained
from the corresponding experiments. However, the archived
baseline records do not preserve complete hardware, software,
warm-up, iteration count, or synchronizationmetadata; they are
therefore presented as descriptive evidence rather than a stan-
dardized same-platform latency ranking. Auditing the retained
nine-classMSG-Transformer checkpoint gives 1,027,633 train-
able parameters, reported as 1.03M, and a 3.92MiB FP32
parameter footprint. The serialized PyTorch checkpoint is
4,138,034 bytes because it also contains serialization metadata.
The archived operation-count estimate is 1.48GFLOPs.
We additionally re-benchmarked the retained MSG-

Transformer checkpoint with batch size of 1 after 30 warm-up
iterations and 200 synchronized timed iterations. On an
NVIDIA GeForce GTX 1650 Ti using PyTorch 1.8.1 and
Compute Unified Device Architecture (CUDA) 11.1, the
neural forward pass required 43.44ms on average (42.54ms
median; 56.37ms 95th percentile). On an Intel Core i5-
10300H CPU, it required 58.07ms on average (40.88ms
median; 147.44ms 95th percentile). These measurements ex-
clude radar acquisition, file I/O, preprocessing, frame stacking,

and host-to-device transfer. The baseline GPU forward values
in Table 7 are retained mean measurements from the original
experiments, but their complete benchmarking metadata are
unavailable; consequently, differences between their Giga
Floating-point Operation (GFLOP) estimates and recorded
latency should not be interpreted as hardware-throughput
measurements. The retained PointNet++ record indicates
approximately 20.00 h of training. The MSG-Transformer
run-directory timestamp and final-checkpoint time imply
approximately 2.73 h for its archived 100-epoch run, but the
original training hardware and per-epoch timing log were not
retained. These two training values are therefore approximate
archival records, and the other baseline training times are
marked N/R. The comparison is quantitative in model com-
plexity and available process time, but it is not a controlled
equal-hardware timing study.

4.7. Experimental Scope and Threats to Validity

The archive bounds the claims. The main class-wise result is a
single-split development result because Test is used for check-
point selection, whereas Ver is a small file-level audit. The par-
ticipant distribution does not support strict subject-independent
claims, and the retained logs do not include repeated seeds or
confidence intervals. Baseline fairness is limited by the absence
of exhaustive equal-compute or equal-parameter tuning and by
incomplete hardware and benchmark-protocol metadata for the
retained baseline timing values. Doppler and stored SNR are
measured attributes, but SNR lacks complete unit metadata, and
restricted geometry augmentation is not a physical simulation
of a new viewpoint.
Cross-subject validation would require every action to be

represented for every participant and a participant-disjoint
protocol such as leave-one-subject-out evaluation. Cross-
environment validation would require training and testing
across independently labeled rooms or layouts while control-
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ling radar height, orientation, subject distance, azimuth, clutter,
and acquisition settings. Neither analysis can be reconstructed
from the current archive because those grouping variables and
balanced action–participant observations are absent. These
experiments are feasible as a new data-collection protocol, but
they are not results of the present study.
Simultaneous multi-person recognition is also outside the

current formulation. A practical extension would maintain a
temporal buffer for each tracked target and apply the classifier
independently, or replace the clip-level head with an instance-
level multi-label head. Such a system would additionally need
to quantify missed tracks, track switches, mutual occlusion, and
interference between people. The current temporary tracker-ID
field alone does not establish this capability.
The measured forward time indicates that neural computa-

tion is compatible with an online pipeline on the benchmarked
workstation, but it does not demonstrate low-latency end-to-
end operation. At 10 fps, one 50-frame input window spans
approximately 5 s, and the archived 25-frame stride produces a
newwindow approximately every 2.5 s. Acquisition, detection,
tracking, stacking, and transfer latency remain unmeasured. A
deployment study must therefore report both compute latency
and observation-window delay.
A stronger validation would reserve an untouched final test

set, collect all actions from all participants, report repeated-seed
cross-subject and cross-environment results with confidence in-
tervals, benchmark end-to-end latency, test simultaneous multi-
person actions, and include matched single-stream controls.

5. CONCLUSION
MSG-Transformer separates the target-centered geometry,
Doppler velocity, radar-reported SNR, and horizontal centroid
context before temporal modeling of sparse mmWave radar
point clouds. Under the archived single-split development
protocol, the row-normalized confusion matrix yielded a
97.67% macro recall, and the implemented model has 1.03M
parameters with a 3.92MiB FP32 parameter footprint. These
results demonstrate strong within-protocol performance. The
added batch-size-one benchmark measures a 43.44ms mean
neural forward pass on a GTX 1650Ti, but the 5-s observation
window and unmeasured acquisition/preprocessing stages
preclude an end-to-end real-time claim. It does not establish
subject-independent, cross-environment, or simultaneous
multi-person robustness, which remains the main requirement
for future studies.
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