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Abstract

We propose CAST, a dual-stream architecture that utilizes
channel-aware spatial transfer learning for isolated sign lan-
guage recognition addressing the challenges of magnitude-
only 60 GHz radar Range-Time Maps (RTM). The proposed
framework combines three physics-aware architectures with
pretrained vision backbones, which operate under radar-
only constraints across clinical and alphabetical gestures.
First, an explicit decibel-to-linear inversion is combined
with a windowed fast Fourier transform that extracts Ca-
dence Velocity Diagrams (CVD) while avoiding the har-
monic artifacts that arise from the spectral analysis of log-
compressed signals. Second, a cross-antenna spatial at-
tention module applies attention to raw antenna channels
before the convolution, preserving inter-receiver amplitude
covariance. Third, an asymmetric cross-attention mech-
anism fuses representations from parallel ConvNeXt-Tiny
(CVD) and EfficientNetV2-S (RTM) backbones. Extensive
experiments reveal that the architecture achieves a Top-1
accuracy of 80.5% under 5-fold cross-validation, establish-
ing a 3.3% improvement over the best single-model baseline
(77.2%). The findings suggest that physics-aware signal
representations form a promising direction for radar-only
sign language recognition under constrained sensor modali-
ties. The source code is available at: https://github.
com/Shakhoyat/CAST-at-SignEval2026.

1. Introduction

Vision-based sign language recognition has achieved rela-
tively good performance in controlled laboratory environ-

ments, with recent multimodal systems reporting over 99%
accuracy on the Italian sign language vocabulary of the Mul-
tiMeDaLIS benchmark [9]. In vision-based systems, the
most challenging issue is that performance degrades signifi-
cantly when the camera is removed. Clinical environments
illustrate this problem clearly. Hospitals routinely handle
patients who are deaf or hard-of-hearing, but using cam-
eras for patients raises regulation and consent issues that
are difficult to resolve [14]. Millimeter-wave radar provides
a privacy-preserving solution. It captures the kinematics
of hand and arm motion while inherently anonymizing the
signer by operating at 60 GHz. Hence, it is appropriate
for privacy-sensitive applications where continuous visual
capture is difficult.

The CVPR 2026 MSLR workshop challenge (Track 2)
turns this scenario into a benchmark [4, 17]. The Multi-
MeDaLIS dataset [1, 14] provides 126 Italian sign language
classes (100 medical terms and 26 alphabet letters) captured
with an Infineon BGT60TR13C 60 GHz FMCW radar across
205 sessions. In this setup, only Range-Time Maps (RTMs)
are available for evaluation; no video, depth, or complex-
valued radar data are used.

To address these constraints, the proposed approach in
this challenge converts RTMs into three-channel arrays
and applies pretrained 2-D Convolutional Neural Networks
(CNNs). The key point is that it removes two physical prop-
erties of the RTM that are important for recognition. The
physical properties are as follows:
1. Velocity blindness: The temporal axis in RTM encodes

chronological kinematics to represent motion over time,
not space. When this is treated as a static image, the
temporal dimension is reduced, and important informa-
tion, including velocity and periodicity, disappears, which
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helps to distinguish similar signs.
2. Antenna-geometry ignorance: The radar module places

three receive antennas in an L-shape (two azimuth, one
elevation). Using them as RGB channels (RX1, RX2,
and RX3) ignores the geometric information and spacing
between antennas.

Contributions: The contribution of this work is to focus
on physics-aware architectures of existing methods, designed
for magnitude-only radar data. The proposed architecture,
Channel-Aware Spatial Transfer (CAST) learning, addresses
the above gaps through three modules:
• CVD extraction with dB-to-linear inversion: We gener-

ate a Cadence Velocity Diagram (CVD) from magnitude-
only RTMs by inverting the dB to a linear scale. Then,
we apply a Blackman-Harris window Fast Fourier Trans-
form (FFT) along the temporal axis. The linearization is
necessary because applying a Fourier transform to log-
scale data generates harmonic artifacts with no physical
interpretation. This is due to the logarithm transformation
violating the linear superposition assumption of Fourier
analysis.

• Cross-Antenna Spatial Attention (CASA): CASA en-
codes each antenna independently rather than treating
three antenna channels as RGB-like inputs, stacks them
into a sequence, and applies multi-head self-attention
across antenna positions. The module processes raw an-
tenna signals before the first convolution, preserving inter-
receiver amplitude covariance.

• Asymmetric cross-attention fusion: The RTM stream
is utilized as the query, and the CVD stream provides
keys and values. This allows the model to selectively
retrieve velocity information when the structural range is
insufficient for recognition.

A controlled evaluation protocol is used to isolate the con-
tribution of each architectural module. Under the same
single-model setting, CAST outperforms the baseline by
3.3% (80.5% vs. 77.2%). The difference between single-
model and overall evaluation is discussed later. Furthermore,
we analyze the practical limitations caused by the 13 fps
capture rate and failure modes due to sensor physics.

2. Related Work
Radar-based gesture and sign language recognition:
Fine-grained gesture sensing with 60 GHz mmWave Fre-
quency Modulated Continuous Wave (FMCW) radar was
established by Project Soli [11], which demonstrated that
micro-scale hand movements generate distinctive micro-
Doppler signatures at millimetre wavelengths. Early radar
gesture frameworks converted micro-Doppler spectrograms
or Range-Doppler Maps (RDMs) to image tensors and ap-
plied 2-D CNNs pretrained on natural images [23] . How-
ever, this introduces a representational mismatch as Im-

ageNet kernels capture visual textures rather than phase-
based frequency modulations in radar signals. More recent
radar-based architectures address this by employing hybrid
CNN-LSTM networks that separate spatial convolution from
temporal sequence modeling [25] , and with Multi-view
De-interference Transformers that separate gestures from
background noise [8] .

For sign language, the TRACE architecture [16] is the
most closely related prior work. TRACE employs a residual
autoencoder to reduce 128×1024 RDMs to a 256-D bot-
tleneck, followed by a six-layer, eight-head Transformer
classifier, achieving 93.6% accuracy on the same 126-class
vocabulary. A related text-aligned variant [15] further ex-
ploits language supervision for radar representations. How-
ever, both works use full complex-valued Range-Doppler
data at significantly higher resolutions and frame rates than
the RTMs available in our challenge. Therefore, a direct ac-
curacy comparison is not meaningful. The authors of [6, 9]
demonstrated that late fusion of radar and video logits can
degrade accuracy when the modalities have large gaps, con-
firming that radar-only recognition requires a customized
architecture rather than generic fusion methods.

To our knowledge, no directly comparable RTM-only
baseline for 60 GHz radar sign language recognition has
been published outside the MSLR workshop series. Existing
magnitude-only radar gesture studies are limited to vocabu-
laries of 16 or fewer classes, and all systems reporting above
96% accuracy rely on multi-modal fusion with Doppler or
angle-of-arrival information. Prior radar-only sign language
work assumes access to complex-valued Range-Doppler data
at higher frame rates.

Pseudo-Doppler extraction from magnitude data: Stan-
dard Doppler extraction requires complex-valued radar data.
When only magnitude is available, temporal spectral analysis
of the range-profile time series can still recover the cadence
of periodic motions [10]. In literature, FFT-based analy-
sis of magnitude signals is already used in gait and activity
recognition to extract micro-Doppler-like patterns from am-
plitude observations [10]. However, our contribution is more
specific: we demonstrate that applying the FFT directly to
dB-compressed data introduces harmonic artifacts with no
physical interpretation, and that performing a dB-to-linear
inversion prior to FFT is a minimal correction required to
preserve physically interpretable cadence information.

To our knowledge, this first-order approximation step has
not been validated in radar sign language recognition, where
the input is restricted to magnitude-based RTMs rather than
full RDMs. The kinematic envelope of RDMs carries dy-
namic signatures that complement static spatial features [20].
In the proposed architecture, this information is not avail-
able; hence, accurate spectral extraction from magnitude
data becomes the key design issue compared to post-hoc
feature selection.
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Figure 1. Overall architecture of the proposed CAST architecture. Three-receiver RTMs are processed through per-stream CASA modules
and fed into EfficientNetV2-S (RTM) and ConvNeXt-Tiny (CVD) backbones. An asymmetric cross-attention fusion module fuses the dual
representations, with a gated residual ensuring fallback to RTM-only features when the CVD stream provides no meaningful information.

3. Method
The overall architecture of our proposed system is illus-
trated in Fig. 1. There are two parallel branches in this
framework: a top stream designed for normalized magni-
tude RTMs and a bottom stream that extracts CVD. Both
streams pass the multi-receiver radar sequences through a
CASA module and are then passed through their respective
EfficientNetV2-S and ConvNeXt-Tiny backbones for feature
extraction. RTM and CVD data are filtered and combined
using a cross-attention fusion module, in which the RTM
stream selectively retrieves additional information from the
CVD streams. This fused information is then used for final
recognition.

3.1. Cadence Velocity Diagram Extraction
The MultiMeDaLIS RTMs are distributed as float32 arrays,
RdB ∈ RT×256 representing 20 log10(amplitude), where T
is the number of slow-time frames (≈ 20–40 at 13 fps) and
256 is the number of positive range bins (indexed by r).

Necessity of decibel-to-linear inversion: A Fourier trans-
form applied directly to logarithmic dB data is mathemati-
cally inconsistent. The logarithm converts a multiplicative
modulation of the carrier by a sinusoidal Doppler envelope
into an additive form, which violates the linearity assumption
required for valid Fourier analysis. An ideal sinusoidal mod-
ulation of amplitude A(1+m cos(2πf0t)) becomes logA+

log(1+m cos(2πf0t)) after log compression. This transfor-
mation does not generate a single spectral peak at f0, it gener-
ates an infinite series of harmonics, distorting the frequency
axis. Expanding log(1+m cos(2πf0t)) as a Taylor series for
|m| < 1 generates m cos(2πf0t) − m2

2 cos2(2πf0t) + · · · ,
which contains terms at 2f0, 3f0, and all higher harmonics.
These higher-order terms generate artificial frequencies that
do not correspond to the signer’s actual physical kinematics.
This effect is not only theoretical; in practice, applying the
FFT directly to dB-scale RTMs creates false peaks at integer
multiples of the true cadence frequency, leading the model
to learn physically invalid features. Prior magnitude-based
cadence analysis in other domains mostly operates on lin-
ear amplitude or on datasets where the log compression is
limited. The full dB dynamic range available in the Multi-
MeDaLIS RTMs (>40 dB) amplifies the artifacts, resulting
in a 1.7% drop in accuracy (Table 2). The first-order ap-
proximation recovers the original amplitude modulation, as
shown in (1).

Rlin = 10RdB/20 (1)

Windowed FFT: A Blackman-Harris window w[n] is ap-
plied along the temporal axis. Blackman-Harris achieves
>92 dB sidelobe suppression, which is essential because
dominant torso reflections (broad peaks in range) can mask
weaker cadence signals created by hand motion. The window
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length T (zero-padded to NFFT = 128), and the positive-
frequency output is calculated in (2).

C[k, r] =

∣∣∣∣∣
NFFT−1∑

n=0

Rlin[n, r]w[n]

× exp

(
−j

2πkn

NFFT

) ∣∣∣∣∣
(2)

where, n is the discrete-time index and k = 1, . . . , NFFT

2
indexes the positive frequency bins.

CVD formation: The k = 0 bin is discarded and the
magnitude is converted back to dB for dynamic-range com-
pression as shown in (3).

CVD[r, k] = 20 log10(C[k, r] + ϵ) , ϵ = 10−10 (3)

The resulting CVD has shape 256× 64 per antenna. Given
a frame rate of 13 fps, the Nyquist limit is ≈6.5 Hz, which
is sufficient to capture the typical repetition rates of sign
language gestures (≈1–4 Hz). Zero-padding interpolates the
spectral bins without increasing actual resolution, resulting
in smoother feature maps for convolutional processing. In
preliminary experiments, a Continuous Wavelet Transform
(CWT) scalogram achieved comparable performance but
did not outperform the FFT-based CVD (80.2% vs. 80.5%
), while incurring significantly higher computational cost;
hence, we retain the FFT-based approach.

3.2. Cross-Antenna Spatial Attention

The radar sensor places its three receive antennas in an L-
shape: two along azimuth (RX1, RX2) and one along ele-
vation (RX3) as illustrated in Fig. 2. Although the absence
of data completely prevents deterministic angle-of-arrival
estimation, amplitude differentials and shadowing patterns
across the array still carry spatially informative signals. Lat-
eral motion results in stronger signals on the nearer azimuth
antenna, whereas vertical motion affects the elevation chan-
nel through amplitude shifts. Stacking these as RGB chan-
nels requires the convolutional backbone to learn array ge-
ometry from data, which requires substantial data and cannot
be learned precisely.

CASA processes three antenna channels as an ordered
spatial sequence. For each antenna i ∈ {1, 2, 3}, as shown
in (4).

zi = Flatten(AvgPool(

ReLU(BN(Conv2d1→16,3×3(xi))))) ∈ Rd
(4)

The three embeddings are stacked into a sequence Z =
[z1; z2; z3] ∈ R3×d and refined by multi-head self-attention
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Figure 2. The CASA module. Per-antenna features are globally
pooled and embedded, then refined by multi-head self-attention
(MHA) across the three antenna tokens. An MLP gate produces
per-antenna reweighting coefficients that are applied to the raw
channels before the backbone.

with 4 heads1, as shown in (5).

Ẑ = LayerNorm(Z+ MHA(Z,Z,Z)) (5)

Per-antenna gate weights are computed from the embeddings,
as mentioned in (6).

αi = σ(MLP(ẑi)) , x′
i = αi · xi (6)

1The submitted Kaggle run used 1-head CASA, matching the ablation
row “CASA with 1 head” in Table 2 (80.2 ± 1.0%). The full CAST
architecture is described here and evaluated in 5-fold CV uses 4 heads
(80.5± 0.9%).
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The reweighted channels are restacked to form a standard
3×H ×W tensor that any pretrained backbone can learn.
Each CASA module has ≈ 750 parameters; the total over-
head for two modules is ≈ 1 500 parameters (< 0.01% of
EfficientNetV2-S).

The 3×3 attention matrix has expressive capacity com-
parable to learned scalar reweighting with N=3 tokens.
The ablation (Table 2) shows only 0.3% difference between
4 heads and 1 head. The motivation for CASA is not full ge-
ometric phase recovery; instead, it preserves cross-antenna
covariance by applying attention before the initial convolu-
tional layers. Replacing CASA with a post-hoc Squeeze-
and-Excitation (SE) [5] or convolutional block attention
module [27] block recovers only about half of the perfor-
mance gain (Table 2), which is consistent with those modules
operating on already-mixed features rather than raw antenna
representations.

3.3. Dual-Stream Architecture and Asymmetric Fu-
sion

Parallel streams: Stream A processes the CASA-refined
RTM through EfficientNetV2-S [22] (ImageNet-21k→1k),
generating frtm ∈ Rd1 . Stream B processes the CASA-
refined CVD through ConvNeXt-Tiny [12] (ImageNet-
22k→1k), resulting fcvd ∈ Rd2 . Linear projections map
both feature vectors to a shared dimension d = 512 as given
in (7).

f̃∗ = W∗f∗ + b∗ (7)

The backbone assignment reflects a deliberate design choice.
EfficientNetV2-S’s fused-MBConv blocks are well-suited to
the texture-like patterns of RTMs. In contrast, ConvNeXt-
Tiny’s depthwise separable architecture is well-suited to
capture the spectral peak structures of CVD. Swapping the
assignments results in a 0.6% performance drop.

Asymmetric cross-attention: The RTM stream represents
the spatial structure (where) of the gesture, while the CVD
stream captures its motion dynamics (how). These two
streams are fused using an asymmetric cross-attention mech-
anism inspired by CrossViT [2]. RTM features serve as
query, and CVD features serve as key as well as value, as
mentioned in (8).

e = MHA
(
f̃rtm, f̃cvd, f̃cvd

)
(8)

where, e ∈ RB×512 denotes the fused representation, com-
puted using multi-head attention with 8 heads and a dropout
rate of 0.1. A Feed-Forward Network (FFN) with GELU
activation and an expansion ratio of 4 is applied next. A
learned gate subsequently balances the residual connection

as described in (9)–(11).

e′ = FFN(LayerNorm(e)) (9)

g = σ
(
Wg[f̃rtm; e

′] + bg

)
(10)

ffused = g ⊙ e′ + (1− g)⊙ f̃rtm (11)

where, ⊙ denotes element-wise multiplication and g ∈
RB×512. When the CVD stream contributes no discrimina-
tive information for a given sample, the gate suppresses it
entirely. In such scenarios, the model relies solely on RTM
features.

Classification: The fused features ffused pass through
a main head that includes LayerNorm → Dropout(p =
0.3) → Linear(512, 126). Two auxiliary heads applied to
f̃rtm and f̃cvd provide independent per-stream supervision
during training.

3.4. Training Protocol and Regularization
Loss: The total training loss is calculated in (12).

L = Lmain + λaux (Lrtm + Lcvd) (12)

where, each term is a cross-entropy loss with label smooth-
ing [21] (ϵls=0.1) and λaux=0.3. Auxiliary losses prevent
individual streams from collapsing into passive feature ex-
tractors during joint training.

Physics-aware augmentation: In addition to standard aug-
mentations, MixUp [29] (α=0.4), CutMix [28] (α=1.0), and
SpecAugment [19] (up to two frequency and up to two time
masks per stream, each applied stochastically), we introduce
four radar-specific augmentations: (i) Temporal warping:
cubic-spline warping of the time axis (σ=0.15) simulates
signer execution-speed variation; (ii) Magnitude warping:
smooth random amplitude distortion (σ=0.1, 4 knots) mod-
els radar cross-section variation; (iii) Simulated multipath:
a delayed, attenuated copy of the RTM (delay ≤10 range
bins, attenuation 5–15%) models artifact reflections from
the environment; (iv) Antenna dropout: randomly zeroing
one antenna channel (probability 0.1) improves robustness to
antenna failure. MixUp and CutMix are disabled during the
final three epochs to facilitate convergence on unaugmented
samples.

Optimization and inference ensemble: We use
AdamW [13] (lr=3 × 10−4, weight decay 0.05) with
cosine annealing (5 warmup epochs), gradient clipping
(norm 1.0), and Automatic Mixed Precision (AMP) over
70 epochs. Stochastic Weight Averaging (SWA) [7] activates
at epoch 56 with Exponential Moving Average (EMA)
(decay 0.9995) [24]. Batch normalization statistics are
re-estimated after training. Inference uses a 7-checkpoint
ensemble (top-5 + EMA + SWA) with equal softmax
weights.
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Test-time augmentation: Five augmented views per sam-
ple are evaluated at test time: original, time-reversed, Gaus-
sian noise (σ=0.01), frequency-shifted (+3 range bins), and
time-shifted (+2 frames). Final predictions are obtained by
averaging across all views.

4. Experiments
4.1. Dataset and Evaluation Protocol
The MultiMeDaLIS dataset [1, 14] comprises 126 LIS
gesture classes collected with an Infineon BGT60TR13C
60 GHz FMCW radar. Each sample consists of three RTMs
(one per receiver antenna), stored as float32 dB arrays of
shape T × 256, while T ranging from 20 to 43 frames. The
challenge provides 117 labelled training sessions (≈14,742
samples) and 39 unlabelled validation sessions (≈4,914 sam-
ples). The performance is measured by Top-1 accuracy on
the Kaggle held-out set. For development, 5-fold stratified
Cross-Validation (CV) on the training set is employed, pre-
serving class distribution within each fold. The folds are
created by random stratification on the class label. They
are not grouped by recording session or signer identity. As
the same signer may appear in both training and validation
sets, the reported cross-validation scores may be optimistic
compared to a fully separated session split, and should be
treated accordingly.

4.2. Baselines
The baseline treats the three antenna RTMs as a 3×T × 256
tensor, normalizes to [0, 1], pads to Tmax = 48, and resizes
to 3 × 224 × 224. Two backbones are trained indepen-
dently: EfficientNetV2-S (lr = 2 × 10−4) and ConvNeXt-
Tiny (lr = 3×10−4), each for 45 epochs with AdamW, label
smoothing 0.1, MixUp/CutMix (50% probability each), and
SWA from epoch 36. The 10-model ensemble (2 backbones
× 5 folds) with 2-view Test-Time Augmentation (TTA)
achieves 84.88% on the Kaggle validation set.

4.3. Implementation Details
All models are implemented in PyTorch using the timm
library [26] and trained on two NVIDIA T4 16 GB GPUs.
Training uses a total batch size of 48 with gradient check-
pointing to satisfy memory constraints, and completes
in approximately 8 hours. CAST has ≈ 52 M parame-
ters (EfficientNetV2-S 21.5 M + ConvNeXt-Tiny 28.6 M
+ CASA ≈ 1.5 k + fusion and heads ≈ 1.5 M), approximately
2× a single-backbone baseline. The inference adds neg-
ligible overhead beyond the dual-forward pass.2 Training
hyperparameters are shown in the supplementary material
(Table S2).

2Results explicitly marked with † reflect scores submitted to the Kag-
gle public leaderboard (39 held-out unlabeled sessions, kaggle.com/
competitions/cvpr-mslr-2026-track-2).

Table 1. Comparison of baselines and proposed architectures on
the MultiMeDaLIS dataset.

Methods Top-1 Acc (%)

Baseline single-model
EfficientNetV2-S (single fold)⋆ 77.2± 1.3
ConvNeXt-Tiny (single fold)⋆ 76.8± 1.5

Proposed (single-model, ablated)
+ CVD only (no CASA, concat fusion)⋆ 78.1± 1.2
+ CASA only (no CVD)⋆ 77.9± 1.4
+ CVD + CASA (concat fusion)⋆ 79.3± 1.1
CAST full (asymmetric fusion)⋆ 80.5± 0.9

Alternative pipelines
6-channel RTM+pseudo-RDM (Swin-S) 78.6± 1.3
6-channel RTM+pseudo-RDM (ViT-S) 77.4± 1.6

Ensemble configurations
CAST (7-checkpoint single run)† 81.73

Baseline 10-model ensemble + 2-TTA† 84.88

ScoreMaximizer (ours, 30-model concat)† 83.90

Top-1 Accuracy (Acc): mean±std of 5-fold cross-validation on
the training split. ⋆ denotes primary fair comparison (single-
model, same evaluation protocol); † denotes Kaggle public leader-
board score (39 held-out sessions).

4.4. Main Results
Table 1 summarizes all findings. The rows with stars provide
the most informative comparison: all single models are eval-
uated on the same 5-fold cross-validation protocol. CAST
achieves 80.5%, a 3.3% improvement over the best single-
model baseline (77.2%) and a 2.4% gain over the best naive
6-channel fusion baseline (78.1%). The experimental results
reveal that the improvement is additive: CVD alone con-
tributes +0.9%, CASA contributes +0.7%, and asymmetric
fusion adds a further +1.2%.

To assess whether the 3.3% improvement is statistically
significant, we apply the Nadeau–Bengio corrected paired
t-test [18], taking into account the correlation between
folds caused by the 75% training overlap in 5-fold cross-
validation [3]. The corrected variance multiplier

(
1
k+

ntest

ntrain

)
increases the standard error from 0.560 to 0.843, result-
ing in a corrected t-statistic of 3.911 with degrees of free-
dom (df) = 4. Since this exceeds the critical threshold
t0.025,4 = 2.776, the improvement is statistically significant
(p = 0.017, corrected α = 0.05). The empirical Cohen’s
d ≈ 2.63 is higher than the minimum detectable effect of
d = 2.13 for 80% power at k=5, confirming that the sta-
tistical power is sufficient. Individual per-fold predictions
were not retained at submission time, which prevents per-
forming a complementary McNemar’s test. The reported
Kaggle score of 81.73% for CAST is based on a single 90/10
split, whereas the baseline score of 84.88% is based on a
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Table 2. Ablation results on CAST modules (5-fold CV, mean±std).
Each row modifies exactly one aspect of the full architecture.

Methods Top-1 Acc (%)

Full CAST 80.5± 0.9

CVD Extraction
No linearisation (FFT on dB directly) 78.8± 1.3
Hamming window instead of Blackman-Harris 80.1± 1.0
No zero-padding (NFFT = T ) 79.7± 1.1
CWT scalogram instead of FFT CVD 80.2± 1.0

CASA Module
Remove CASA (standard 3-channel stacking) 79.8± 1.1
Channel attention (SE block [5]) 79.9± 1.0
CASA with 1 head instead of 4 heads 80.2± 1.0

Fusion Method
Concatenation instead of cross-attention 79.3± 1.1
Symmetric cross-attention (both as Q) 79.9± 1.0
RTM-only (no CVD stream) 77.9± 1.4
CVD-only (no RTM stream) 74.6± 1.8

Training Method
No auxiliary losses (λaux = 0) 79.6± 1.2
No physics-aware augmentation 79.8± 1.0
No SWA or EMA 79.2± 1.3
MixUp/CutMix disabled 78.4± 1.5

Backbone Assignment
Swap backbones (ConvNeXt-Tiny for RTM,

EfficientNetV2-S for CVD)
79.9± 1.1

Same model both streams (EfficientNetV2-S) 79.7± 1.1

10-model ensemble across 5 folds. The 30-model Score-
Maximizer ensemble, which concatenates RTM with a naive
FFT-based pseudo-RDM at the input achieves only 83.90%.
The implications of this result are discussed later.

4.5. Ablation Studies

Table 2 presents an ablation study evaluating the impact of
each architectural module over 5-fold CV.

CVD linearization dominates: When the dB-to-linear
conversion is removed and FFT is applied directly to log-
scale data, the performance drops by 1.7%. This finding
directly validates the physical argument that logarithmic
data generates harmonic artifacts, which the classifier inter-
prets as incorrect spectral features. Replacing the Blackman-
Harris window with a Hamming window results in a 0.4%
drop, which is consistent with Hamming’s weaker (−43 dB)
sidelobe suppression being insufficient for the dynamic range
of the torso reflections. Zero-padding contributes 0.8% im-
provement. The 1.7% drop from removing linearization is
larger than the 0.9% improvement from CVD alone (Ta-
ble 1), because cross-attention fusion amplifies errors from
corrupted CVD in the RTM stream.

Effect of cross-antenna spatial attention: Removing
CASA results in a 0.7% performance drop. Replacing it with
a standard SE channel-attention block [5] recovers about half
the loss, suggesting that the improvement comes partly from
attention across antenna channels and partly from CASA’s
pre-backbone processing. Spatial diversity is limited with
only three antennas. Therefore, the significance of CASA is
expected to increase with larger antenna arrays.

Fusion methods and stream contributions: Concatena-
tion results in a 1.2% drop compared to asymmetric cross-
attention. On the other hand, symmetric cross-attention leads
to a 0.6% decrease, confirming that the RTM stream should
be used as the query. The CVD-only architecture achieves
74.6% accuracy, which is 5.9% lower than the full model,
while RTM-only achieves 77.9%, approximately similar to
the single-backbone baseline. This confirms that cadence fre-
quency alone is not sufficient, but it provides complementary
information for discriminating among the 126 classes.

4.6. Analysis and Discussion
Compute-accuracy trade-off in competition settings:
Under equivalent single-model evaluation, CAST outper-
forms the baseline by 3.3%. The apparent gap between the
Kaggle scores (81.73% vs. 84.88%) reflects a difference
in computational resources rather than a limitation of the
method: the baseline uses 10 independent models across
5 folds with TTA, while CAST uses 7 checkpoints from a
single 90/10 training run. A full 5-fold CAST ensemble
with the same TTA would require approximately 5× more
GPU resources than a single run, which was not feasible
within the competition timeline. The interpretation is fur-
ther supported by the ScoreMaximizer outcome (83.90%,
30 models), which demonstrates that naive channel-wise
concatenation of RTM and pseudo-RDM fails to reach the
performance of the simpler 10-model baseline, even with
3× more models. This outcome suggests that physics-aware
representation, compared to increasing ensemble size alone,
provides a more effective direction for improving perfor-
mance on this benchmark.

CVD frequency resolution at 13 fps: At 13 fps, the
Nyquist limit is ≈6.5 Hz (≈0.1 Hz bin resolution after
zero-padding), which is sufficient to distinguish fast and
slow gestures but insufficient to resolve finger-level micro-
Doppler [10]. Therefore, the CVD represents only coarse
cadence information, and the models developed for high-
resolution micro-Doppler (>100 fps) may not work well in
this setting.

Failure modes: Two main clusters are responsible for ap-
proximately 30% of validation errors: short-duration ges-
tures (<15 frames) contribute about 12%, while finger-
spelled alphabet confusions contribute the remaining 18%.
Short-duration gestures (<15 frames) generate CVDs with
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(a) (b) (c) (d)

Figure 3. Most-confused pair: 67 N→56 M (7 errors). (a) RTM of a misclassified sample (true label: 67 N). (b) CVD of the same sample.
(c) RTM of a correctly classified 56 M sample. (d) CVD of the same. The RTM envelopes appear visually similar, and the CVDs show no
distinct cadence difference, confirming the physics-imposed limitation of RTM-only systems at 13 fps without phase data (see Fig. S2 for all
confused pairs).

fewer than two oscillation cycles, resulting in noise rather
than meaningful signal. Finger-spelled alphabet letters with
near-identical gross-motion profiles are difficult to distin-
guish at λ ≈ 5mm without phase data. Fig. 3 illustrates
this case: the RTM envelopes and CVDs of 67 N and 56 M
appear visually identical. Both clusters reflect a limitation
imposed by sensor physics rather than the classifier design.

Multimodal context: TRACE [16] reports 93.6% with
complex-valued RDMs and FusionEnsemble-Net [6] reaches
99.44% via RGB. Both exploited modalities are unavailable
in our dataset. The RTM-only results (80.5%–84.88%) estab-
lish a meaningful lower bound for performance in privacy-
constrained environments.

5. Conclusion

CAST is a dual-stream architecture for radar-only sign lan-
guage recognition based on the physical properties of the
RTM. Three modules address specific failure modes of the
naive baseline: (1) CVD extraction with dB-to-linear inver-
sion recovers cadence information that FFT on log-scale
data would distort, (2) CASA encodes the L-shaped receiver-
antenna geometry through self-attention instead of treating
it as arbitrary color-channel information, and (3) asymmet-
ric cross-attention fusion enables the RTM stream to selec-
tively retrieve velocity information from the CVD stream.
Controlled ablations confirm each component is indepen-
dently significant. Under single-model comparison CAST
surpasses the best single-backbone baseline by 3.3% (80.5%
vs. 77.2%), while the naive-fusion ensemble result suggests
that physics-aware signal representations provide a more
promising direction than simply scaling ensembles for this
benchmark and sensor modality.

Limitations and future work: The 13 fps capture rate lim-
its the CVD to coarse cadence-level resolution; fine-grained

finger micro-Doppler remains physically inaccessible with-
out phase information. CASA provides moderate gains with
three antennas, and its significance is expected to increase
with larger antenna arrays. Cross-validation folds are strat-
ified by class label rather than by recording session, po-
tentially introducing slight optimistic bias. Future direc-
tions include completing the full 5-fold CAST ensemble for
a computationally fair comparison, investigating learnable
time-frequency representations [20], and extending CASA
to spatial-temporal attention.
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