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Abstract

Millimeter-wave (mmWave) radar enables privacy-friendly
human sensing, but its sparse point clouds are phys-
ical measurements of view-dependent electromagnetic
reflections and only indirectly characterize body ar-
ticulation. Recovering a complete 3D pose from such
partial, geometry-dependent observations is therefore
under-constrained. Existing methods directly regress joint
coordinates from paired radar-pose data, relying on the
same limited paired supervision to learn radar percep-
tion, human-body structure, and their alignment. This
coupling can encourage dataset-specific shortcuts under
ambiguous radar observations. We propose Wave2Body, a
radar-to-body token translation framework that decouples
these learning targets using a self-supervised mmWave
tokenizer, a pretrained compositional body tokenizer that
defines the output space, and a lightweight translator
between them. Experiments on M4Human and mmBody
show that Wave2Body achieves stronger cross-domain
generalization than previous methods while incurring much
lower computational costs for training and inference. All
the code and experiment results are publicly available at

https://github.com/Galaxywalk/Wave2Body.

1. Introduction

Millimeter-wave (mmWave) radar has emerged as a promis-
ing sensing modality for human motion understanding in
mobile and ubiquitous systems. Unlike cameras, mmWave
radar does not record visible appearance, can operate under
poor illumination, and remains robust to partial visual oc-
clusions. By reconstructing sparse 3D point clouds from ra-
dio reflections, recent mmWave-based human pose estima-
tion (HPE) systems have enabled privacy-friendly 3D body
perception for in-home monitoring, clinical rehabilitation,
and human-robot interaction [19, 23, 24, 55]. Progress [2,
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Figure 1. Wave2Body reformulates mmWave HPE from coor-
dinate regression to radar-to-body token translation. A self-
supervised mmWave tokenizer produces radar tokens, which are
translated and quantized into discrete body tokens before decod-
ing; the body encoder is used only to construct training targets.

13, 45, 51] has been made through stronger point-cloud
backbones, signal augmentation, diffusion-based pose es-
timation, and reliability-aware modeling for pose recovery.

Despite this progress, mmWave-based HPE differs from
vision-based HPE. Radar returns depend on body geometry,
orientation, motion, signal propagation, and sensor config-
uration; they do not provide dense observations of anatom-
ical joints. Some body parts may produce weak or missing
returns, while reflections can admit multiple plausible body
configurations. Recovering a complete 3D skeleton is there-
fore an under-constrained inverse problem: the measured
returns constrain only part of the pose, and the remaining
structure must be inferred from human-body priors.

As illustrated by the upper path in Fig. 1, most exist-
ing methods [13, 14, 32, 40, 49] jointly learn radar repre-
sentations and human-body priors within a single super-
vised radar-to-coordinate regressor. Even with stronger
backbones or pose-aware objectives, they typically predict
raw 3D joint coordinates. Consequently, the model must
use the same limited paired supervision to encode sparse
radar returns, capture valid joint configurations, and align
radar with body structure. This coupling is problematic be-
cause paired mmWave datasets are costly and cover limited
subjects, motions, environments, and sensing conditions.



Under ambiguous observations, a direct regressor may ex-
ploit training-specific sensing artifacts and pose frequencies
rather than transferable radar representations and anatomi-
cal structure. Without reusable radar and body interfaces,
radar representation learning, human-body structure mod-
eling, and cross-modal alignment remain entangled within
each paired training setup.

As illustrated by the lower path in Fig. 1, Wave2Body
addresses this bottleneck by reformulating mmWave HPE
as translation from a pretrained radar-token space to a pre-
trained body-token space. These spaces capture comple-
mentary sensor and body knowledge for representing sparse
radar returns and valid human configurations. Independent
pretraining creates reusable interfaces, allowing the paired
training stage to focus on cross-modal mapping rather than
learning both spaces from scratch.

Wave2Body realizes this formulation in stages. A self-
supervised mmWave tokenizer learns from point clouds
without pose supervision, while a compositional VQ-VAE
body tokenizer learns from pose-only data. With both to-
kenizers frozen, a lightweight translator maps radar tokens
to embeddings that are quantized and decoded into a pelvis-
centered pose. Because body tokens exclude global posi-
tion, a separate root localization head estimates the pelvis
from radar observations. Only the translator and localiza-
tion head use paired radar—pose supervision for cross-modal
mapping and global localization, respectively.

We evaluate Wave2Body on M4Human [14] and mm-
Body [5] for radar-frame absolute-pose estimation using
mean per-joint position error (MPJPE). Wave2Body ranks
first across all reported M4Human Cross-Subject action
groups, reducing micro-average MPJPE by 9.7%; it also
reduces Cross-Action and mmBody MPJPE by 3.8% and
8.2%. These gains support our hypothesis that decoupling
radar representation learning, body modeling, and cross-
modal alignment improves generalization to unseen sub-
jects and actions. Wave2Body uses 31.00x fewer training
and 89.81 x fewer inference FLOPs than the matched base-
line.

Our contributions are summarized as follows:

e We reformulate mmWave HPE as translation be-
tween independently pretrained radar- and body-token
spaces, replacing direct radar-to-coordinate regression
with reusable interfaces on both sides.

* We instantiate this formulation with a self-supervised
mmWave tokenizer pretrained on radar point clouds with-
out pose labels and a compositional body tokenizer pre-
trained on pose-only data; paired radar—pose supervision
is used only for translation and localization.

* We show that this decoupled learning pipeline improves
radar-frame absolute-pose generalization, especially un-
der cross-subject and cross-action shifts, while substan-
tially reducing training and inference FLOPs.

2. Related Work

mmWave Human Pose Estimation. Early mmWave sys-
tems established the feasibility of recovering human skele-
tons or meshes [28, 40, 49], while datasets and bench-
marks such as mRI, HuPR, mmBody, MM-Fi, RT-Pose,
and M4Human enabled evaluation under more diverse sens-
ing conditions [3, 5, 14, 22, 30, 53]. Subsequent work
explored spatiotemporal learning, radar-tensor represen-
tations, multi-view fusion, mesh reconstruction, simula-
tion and data scaling, diffusion models, mmWave point-
cloud enhancement and generation, and cross-modal learn-
ing [2,4,6-9,12,13,21,22,25-27,42, 46-48, 50-52]. Re-
cent studies have highlighted the importance of pose priors
and distribution-shift evaluation for generalizable mmWave
HPE [20, 38, 43, 45], coverage-aware data scaling [32],
and self-supervised or synthetic-data-based wireless learn-
ing [17, 18, 57]. Most existing methods, however, still learn
task-specific coordinate or heatmap predictors from paired
radar—pose data. Wave2Body instead changes the predic-
tion interface, translating radar tokens into a frozen body-
token space learned from broader pose data.

Tokenized Representations and Interface Alignment.
Masked point-cloud pretraining methods learn local to-
kens by reconstructing or discriminating masked neigh-
borhoods [33, 37, 54], while VQ-VAE and tokenized
human-pose models represent structured continuous sig-
nals through discrete, compositional latent spaces [11,
15, 16, 44]. In parallel, multimodal models show that
pretrained modality-specific interfaces can be connected
through lightweight projection or cross-attention mod-
ules [1, 31, 34]. Wave2Body combines these ideas for
mmWave HPE: a self-supervised mmWave tokenizer rep-
resents local radar returns, a pretrained compositional
body tokenizer defines an anatomical output space, and a
lightweight radar-to-body translator aligns the two spaces.

3. Method

3.1. Overview

Given a mmWave point cloud X = {x;}Y,, where each
point x; € R3+* contains a 3D coordinate and C,. radar at-
tributes, our goal is to estimate an absolute 3D human pose
Y € R7*3 in the radar coordinate frame, with J = 22
joints following the SMPL skeleton [35].

Wave2Body first learns two reusable token interfaces in-
dependently. The mmWave tokenizer E\,q maps the point
cloud to continuous radar tokens S, whereas the body to-
kenizer Qpody © Fhody, implemented within a VQ-VAE,
maps pelvis-centered poses to discrete compositional body
tokens. Paired radar—pose data are then used to learn radar-
to-body token translation and global radar-frame root local-



ization:

S = Fraa (X), Ze = Ty(S), B = Dyoay (Qboay(Ze))
(D
where Ty maps the radar tokens to pre-quantization body
embeddings Z., and the frozen body quantizer and decoder
Qvody, Dbody reconstruct a pelvis-centered body configu-
ratlon B. The localization head predicts the pelv1s location

r, yielding the radar-frame pose Y=B+1,f"

As shown in Fig. 2, the first two stages learn the source
and target token interfaces independently. Stage 1 pretrains
the mmWave tokenizer without pose labels, and Stage 2 pre-
trains the body tokenizer from pose-only data without using
radar inputs. Stage 3 freezes the pretrained radar and body
modules and learns cross-modal translation and global lo-
calization from paired radar—pose data. Stage 3 is optimized
in two phases: pelvis-centered token translation is learned
first, followed by joint refinement of the translator and lo-
calization head under absolute-pose supervision.

3.2. Self-Supervised mmWave Tokenizer

The mmWave tokenizer E,q is a Point-MAE-style patch
encoder [37] that converts a sparse, unordered point cloud
into a fixed-length sequence of continuous radar tokens. We
sample G valid patch centers using farthest-point sampling
and gather the K nearest support points around each center
to form local patches {P,}_,. Within each patch, spa-
tial coordinates are expressed relative to its center ¢y, while
radar attributes such as reflection intensity or velocity are
retained. Each patch is embedded, augmented with a posi-
tional encoding of ¢4, and contextualized by a Transformer.
The resulting sequence S = [s1,...,sg] € RE*% com-
bines centered local structure with radar-frame location.

To learn the radar-token space without pose labels, we
pretrain E,,q through masked patch reconstruction. A ran-
dom subset M of valid patches is masked, and a lightweight
reconstruction decoder predicts both their local geometry
and radar attributes:
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The Chamfer term measures the bidirectional distance be-
tween reconstructed and original masked point sets, while
attributes are compared index-wise in KNN-distance or-
der. After pretraining, the decoder is discarded and E\,q
is frozen. All G patches are then encoded to produce S as
the source sequence for radar-to-body translation.

3.3. Compositional Body Tokenizer

The body tokenizer defines a discrete target space for hu-
man articulation independently of global translation. We
implement it as a part-structured VQ-VAE [44] compris-
ing a body encoder F,oqy, quantizer o4y, and decoder
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Figure 2. Three-Stage Training of Wave2Body. Stage 1 pretrains
a continuous mmWave tokenizer through masked radar-patch re-
construction. Stage 2 pretrains a discrete compositional body to-
kenizer, implemented as a VQ-VAE, using pose-only data from
motion-capture and radar datasets. Stage 3 freezes the pretrained
radar and body modules and trains the radar-to-body translator and
localization head using paired radar—pose data.

@

Dyoay. Whereas the mmWave tokenizer produces contin-
uous radar tokens, the body tokenizer Qnody © Fhody as-
signs pose embeddings to compositional codebook entries.
Because paired mmWave datasets typically contain limited
pose diversity, we train the body tokenizer using large-scale
motion-capture poses together with pose annotations from
the corresponding radar benchmark, without using their
paired radar inputs. All poses are converted to the same
22-joint topology and centered at the pelvis:

B=Y-1;r" B e R/*3, (3)

where r € R3 is the pelvis coordinate.

We train the body-token VQ-VAE to define a struc-
tured prediction space rather than to serve as a motion
generator. To make the tokens compositional, we di-
vide the skeleton into five kinematic regions: left leg (left
hip/knee/ankle/foot), right leg (right hip/knee/ankle/foot),
spine core (spinel-3, neck, and head), left arm (spine3
and left collar/shoulder/elbow/wrist), and right arm (spine3
and right collar/shoulder/elbow/wrist). Each region has a
part-specific encoder, codebook, and decoder, with spine3
shared by the torso and arm regions. Collectively, the
encoders produce T' = 24 pre-quantization embeddings
Z. = Eyoay(B), allocated as 5, 5, 4, 5, and 5 slots across
the five regions. For embedding z, ; at slot ¢ of region p,
quantization selects the nearest entry in its codebook C,:

Qp(2p,t)

. 2
:e*’ e* :E),I‘géIelgzl3 ||Zp7t*eH2. (4)

*

The selected codebook entry e* is a quantized body to-



ken, and its codebook index is the corresponding discrete
token ID. The quantized tokens from all regions are con-
catenated as Z; = Qpoay(Z.). Part-specific decoders re-
construct their corresponding joint subsets; predictions for
shared joints are averaged, and the pelvis remains fixed at
the origin. The VQ-VAE is optimized with coordinate re-
construction and vector-quantization objectives:

ﬁbody - grcc(Dbody(Qbody(Ebody (B))) 3 B) + qu- (5)

After pretraining, Ehody, Qbody, and Dyoqy are frozen.
During translator training, the body encoder supplies target
pre-quantization embeddings, while the quantizer and de-
coder map the translator outputs through the discrete body-
token space to a reconstructed pose. The radar model pre-
dicts through a body representation learned from broad pose
data rather than regressing joint coordinates.

3.4. Radar-to-Body Token Translation and Local-
ization

Given the radar-token sequence S, the query-based Trans-
former T} predicts pre-quantization body embeddings Z. €
RT*dv Tt contains T learnable body queries, one for
each body-token slot. Each query cross-attends to the
radar tokens, after which self-attention models dependen-
cies among body parts. The predicted embeddings are quan-
tized as Zq = Qbody(ze) and decoded according to Eq. 1.
The body queries therefore act as anatomical output slots,
allowing weakly observed limbs to be inferred jointly from
the radar-token sequence and the learned body structure.

Let Z, = Epoay(B) denote the target pre-quantization
body embeddings. The translator is trained with an
embedding-alignment loss and a reconstruction loss on the
decoded pelvis-centered pose:

‘Ctrans = )\z

o 2 ~ 2
Z.—sgZ)| +n[B-B| . ©

where sg(-) denotes stop-gradient. Gradients through the
quantizer are estimated with the straight-through estimator.
Because the body-token space excludes global transla-
tion, the lightweight query-attention localization head sep-
arately predicts the pelvis location. Its inputs are the radar
tokens {s,}5_,, their patch centers {c,}$_;, and compact
valid-point statistics p(X). In our implementation, p(X)
contains global xyz mean, standard deviation, bounding-
box extrema, intensity mean, intensity standard deviation,
intensity extrema, and the intensity-magnitude-weighted
xyz mean. We use the latter as the root prior ro. Each radar
token is augmented with its patch center and its offset from

this prior:
uy = [s4, g, Cg — Io] . @)

Let U = {ug}g:1 and C = {cg}gzl. Learnable root
queries Q- attend to U, and their pooled output is combined

with p(X) and summaries o (S, C), comprising mean- and
max-pooled radar tokens and the mean, minimum, and max-
imum patch centers, to predict a residual:

h, = Pool(Attn(Q,, U)),
At = Ry([hy,o(8, C), p(X)]) , ®)
f‘ =Tp + Af‘

This design keeps radar-frame localization tied to abso-
lute sensor geometry, while the body-token path predicts
pelvis-centered articulation. During the final optimization
phase, Fiad, Fhody, @body, and Dyeqy remain frozen,
while Ty and Ry are jointly optimized with

~ 2
Leinal :Etrans'i_)\er‘_ng"')\y Y_YHF ©)]

Here, Lirans provides pre-quantization embedding and
pelvis-centered pose supervision, while the remaining terms
supervise root localization and radar-frame absolute pose.

4. Experiments

4.1. Experimental Setup

Benchmarks and Protocols. We evaluate Wave2Body on
M4Human [14] and mmBody [5]. M4Human is used for
generalization evaluation under its official Cross-Subject
and Cross-Action protocols, which hold out identities and
action classes, respectively. We omit the Random split be-
cause it shares both subjects and action classes between
training and test data and mainly reflects in-distribution
interpolation. Following the benchmark protocol, we re-
port In-Place, Sit-In-Place, Non-In-Place, and a sample-
weighted micro-average over all actions. On mmBody,
we use the official train/test partition to assess whether the
gains persist on a second benchmark, training a model for
each benchmark and split.

Input Preprocessing. For Wave2Body, M4Human inputs
contain N = 1024 points with xyz coordinates and re-
flection intensity, causally aggregated from the current and
previous three frames; mmBody inputs contain N = 200
points with xyz, intensity, and velocity over three frames.
The reimplemented baselines operate on the same official
examples, splits, radar point-cloud modality, coordinate
frame, and pose targets.

Pose Representation and Evaluation. All annotations
are mapped to a common SMPL-style 22-joint skeleton
and evaluated in the radar coordinate frame. The pri-
mary metric is absolute MPJPE in millimeters, which mea-
sures both body articulation and global pelvis localization.
We additionally report root error, root-aligned MPJPE, and



Table 1. Radar-frame absolute-pose estimation across benchmarks. Absolute MPJPE (mm; lower is better) on M4Human and mmBody.
For M4Human, Micro Average is sample-weighted, and Cross-Action groups contain only held-out test actions. Each learned entry is
reported as the mean = standard deviation over three seeds. Bold and underline indicate the best and second-best results.

Dataset / Split Action Group ~ Wave2Body (ours) | WiCompass [32]" | RT-Mesh [14] | mmMesh [49]" | mmDiff [13]" |
M4Human Cross-Subject In-Place 90.62 +0.74 (-10.1%) 100.83 +0.73 109.60 128.96 +£2.71 131.58 £5.33
Sit-In-Place 99.30 +£2.54 (-15.4%) 117.44 £2.53 130.80 162.65 £2.67 158.11 £13.50
Non-In-Place ~ 127.62 +0.64 (-7.5%) 137.91 £+4.20 151.80 175.33 £2.57  182.60 £8.13
Micro Average 102.53 +£0.29 (-9.7%) 113.53 +£1.91 120.20 146.10 £2.46  149.42 +£5.32
M4Human Cross-Action  In-Place 97.30 +0.66 (+3.6%) 93.92 +2.18 107.20 129.32 £1.09 138.71 £3.70
Sit-In-Place 118.29 +4.30 (-1.4%) 125.77 £1.69 120.00 122.51 £1.68 151.82 £15.10
Non-In-Place  137.26 £0.75 (-9.2%) 151.16 +8.71 152.60 183.84 +£1.64  193.12 £+3.19
Micro Average 115.26 +0.98 (-3.8%) 119.81 +4.36 122.00 150.34 £1.03 161.64 +4.55
mmBody All 128.17 +1.87 (-8.2%) 139.69 +4.43 - 145.79 £2.91 267.37 £19.36

“Re-evaluated under our radar-frame absolute-pose protocol; original metrics may use different alignments. RT-Mesh uses official M4Human results. Parentheses show relative

change from the best competitor; negative values indicate improvement.

Table 2. M4Human absolute-pose diagnostics. Errors (mm; lower is better) for Wave2Body and the matched WiCompass baseline under
Cross-Subject and Cross-Action shifts. Each entry is reported as the mean + standard deviation over three seeds; bold indicates the better

result.
Absolute MPJPE | Root error | Root-aligned MPJPE | PA-MPJPE |
Split Action Group Wave2Body WiCompass Wave2Body WiCompass Wave2Body WiCompass Wave2Body WiCompass
Cross-Subject  In-Place 90.62 +0.74 100.83 +0.73 67.76 +0.80 78.31 +0.89 66.80 +0.20 72.65 +1.59 50.83 +o0.07 53.42 +0.35
Sit-In-Place 99.30 +2.54 117.44 +2.53 85.16 +3.41 98.94 £4.30 64.14 +0.20 77.57 +0.89 48.69 +0.17 56.51 +0.89
Non-In-Place 127.62 +0.64 137.91 +4.20 88.20 +0.60 105.57 +4.46 95.40 +0.31 95.54 +1.54 68.36 +-0.03 68.44 +0.49
Cross-Action In-Place 97.30 +0.66 93.92 +2.18 62.23 +0.48 60.31 +o0.77 75.64 +0.46 74.59 +2.02 67.64 +0.46 63.83 +1.42
Sit-In-Place 118.29 +4.30 125.77 +1.69 84.41 +6.58 102.62 +11.73 89.93 +2.75 81.14 +1.89 73.09 4+0.72 67.33 +2.36
Non-In-Place 137.26 +0.75 151.16 +8.71 91.10 +0.79 108.88 £7.69 100.84 +0.41 102.06 +4.17 78.68 +0.09 78.93 £2.12
Procrustes-aligned MPJPE (PA-MPJPE). Unless noted oth- Baselines. We compare with WiCompass [32],

erwise, learned entries report the mean and sample stan-
dard deviation over seeds 42, 43, and 44; for each seed, the
validation-selected checkpoint is evaluated on the test split.

Wave2Body Implementation. Wave2Body follows the
three-stage training pipeline described in Sec. 3. The
mmWave tokenizer uses G = 96 patch centers selected
by farthest-point sampling and K = 32 nearest neighbors
per patch, and outputs 128-D radar tokens; it is pretrained
for 80 epochs with 60% patch masking. The part-level
body tokenizer is trained for 30 epochs on pelvis-centered
AMASS [36] poses and the corresponding benchmark train-
ing poses, using 24 latent slots, five kinematic regions (left
leg, right leg, spine core, left arm, and right arm), 256-D
embeddings, and 96-entry codebooks. In Stage 3, we first
train the radar-to-body translator for 25 epochs with all to-
kenizer modules frozen, then add the localization head and
jointly train it with the translator for another 25 epochs. The
translator uses 24 body queries, four cross-attention blocks,
and two self-attention blocks. All stages use AdamW and
bf16 mixed precision. No component is trained on test sam-
ples; checkpoints are selected using the official M4Human
validation split or held-out training data.

mmMesh [49], and mmDiff [13] under a matched
point-cloud protocol. These baselines use the same paired
radar—pose splits, validation and test protocol, radar-frame
22-joint targets, and evaluation code as Wave2Body, but
retain architecture-specific input preprocessing.  They
directly predict absolute joint coordinates. We also report
RT-Mesh [14], the official M4Human 4D radar-tensor base-
line, but exclude it on mmBody because mmBody provides
only point clouds. We do not mix root-relative results
from prior reports with our absolute-coordinate evaluation.
The only additional supervision used by Wave2Body is
AMASS pose-only data for body-tokenizer pretraining.

4.2. Main Results

Pose Accuracy. Table | reports absolute MPJPE by split
and action group. Wave2Body achieves the best overall re-
sult in seven of eight M4Human cross-domain rows: all
Cross-Subject groups and the Cross-Action Sit-In-Place,
Non-In-Place, and micro-average rows. It reduces the
Cross-Subject and Cross-Action micro-averages by 9.7%
and 3.8%, respectively, and mmBody MPJPE by 8.2%.
Cross-Action results are mixed: it lowers Non-In-Place er-
ror by 9.2% but is 3.6% worse than WiCompass on In-Place
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Figure 3. Qualitative results from easy to challenging cases. Representative M4Human and mmBody test samples are selected across
the absolute-MPJPE spectrum. Gray points denote the input mmWave point cloud, red skeletons denote ground truth, and blue skeletons
denote Wave2Body predictions. The value in each panel is the sample-level radar-frame absolute MPJPE.
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standard deviations; dashes mark the mean.

actions; its 3.8% micro-average gain also trails its 9.7%
Cross-Subject gain. Benefits thus concentrate on subject
shift and dynamic held-out motions, suggesting a trade-off
between a discrete body prior’s robustness and direct coor-
dinate regression’s fine-grained precision (Sec. 5).

Error Decomposition. Table 2 decomposes absolute-
pose error into global localization and body-configuration
components. Under Cross-Subject, Wave2Body improves
all four metrics in every action group, so its absolute-
pose gains extend across both localization and articu-
lation. Under Cross-Action, the pattern is more lo-
calized: Wave2Body reduces absolute and root errors
for Sit-In-Place and Non-In-Place, while the root-aligned
and Procrustes-aligned results are mixed. Only Non-In-
Place improves across all four metrics. Thus, the cross-
action gains arise primarily from stronger root localization,
whereas the articulation benefit is clearest under subject
shift and dynamic held-out actions.

Modality Alignment Analysis. We test whether the
translator maps mmWave representations into the body-
token space [10]. Low end-to-end MPJPE along the radar-
to-token-to-pose path shows accurate recovery but cannot
rule out frequent-pose shortcuts. We therefore evaluate
the translator-only checkpoint before localization. On each
M4Human test split, Top-k recall [29] asks whether the
paired ground-truth token at each of 24 slots is among the &k
pose codes nearest the predicted embedding; Top-1 is exact
token agreement. To test sample specificity, we use two de-
terministic one-to-one controls: same action/other subject
and other action/same subject. Across three seeds on Cross-
Subject, paired Top-1/3/5 recall is 22.63/53.16/69.77%, ex-
ceeding the 14.68/37.20/52.12% and 12.25/32.02/45.98%
controls (Fig. 4); the advantage also holds in all five regions,
supporting sample-specific recovery. On Cross-Action, the
paired and control Top-1 recalls are 21.60%, 12.49%, and
10.80%, respectively. We then test whether token alignment
tracks articulation error. For each sample, we correlate the
Top-k miss rate (fraction of 24 targets absent from Top-k)
with root-aligned MPJPE using Spearman’s rank correla-
tion p [41]. On Cross-Subject, Top-1/3/5 mean correlations
are p = 0.595, p = 0.742, and p = 0.774; Cross-Action
Top-1 is p = 0.615. Under Schober et al.’s scale [39],
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Figure 7. Component ablations studies. Lower MPJPE is better.

the Top-1 correlation is moderate, while the Top-3/5 cor-
relations are strong; token-alignment mismatch correlates
with predicted-pose error. Together, low end-to-end error,
stronger paired-than-control recovery, and this sample-level
error link support alignment beyond pose-frequency, action,
or identity shortcuts.

Qualitative Results. Figure 3 complements aggregate re-
sults with representative M4Human and mmBody predic-
tions selected from low- to high-error buckets. At low and
moderate error levels, predictions closely follow ground-
truth torso and limb configurations despite sparse, partial
radar coverage. In the hardest cases, Wave2Body still
tends to produce human-like skeletons, but errors manifest
as global root shifts or ambiguous distal-limb articulation.
Such failures are not caused only by sparse points: dynamic
motion, unusual poses, and difficult scenarios can make
short-window radar observations compatible with multiple
plausible poses. This supports the decomposition in Ta-
ble 2: decoupling improves average articulation and local-
ization under shift, but sparse, cluttered, or ambiguous re-
turns can still yield plausible but incorrect body tokens.

Per-Joint Error Analysis. We analyze absolute-pose er-
ror across body joints on M4Human against WiCompass,
the strongest matched baseline (Table 1). Dashed lines
in Fig. 5 show the unweighted joint mean. Under Cross-
Subject, Wave2Body improves every joint and lowers mean
error by 9.7%, with the largest gains at ankles, feet, spine,

Table 3. Inference efficiency on M4Human. Measurements are
CUDA-synchronized and exclude data loading and transfer.

Method Params GFLOPs/sample Throughput Peak CUDA Mem.

(samples/s, B=192) (MiB, B=192)
WiCompass 26.91M 62.381 536.6 7556.4
Wave2Body 16.93M 0.6946 4328.5 558.9

pelvis, and hips, indicating better global placement and
lower-body localization under subject shift. Under Cross-
Action, it lowers the mean by 3.8% and improves 19 of 22
joints, most clearly at the pelvis, hips, spine, neck, and col-
lar. In both splits, wrists, elbows, ankles, and feet have the
highest errors, consistent with distal joints being less con-
strained by mmWave reflections than the pelvis and torso.

4.3. Efficiency Analysis

Profiling Protocol. We profile Wave2Body and WiCom-
pass, the strongest matched baseline, on the M4Human
Cross-Subject full-action setting using a single NVIDIA
GeForce RTX 4090 with bf16 mixed precision, TF32, Py-
Torch eager execution, and torch.compile disabled.
For each training phase, we average supported-operation
FLOPs over 128 batches, covering forward propagation,
loss computation, backward propagation, and optimizer up-
dates, and scale the per-sample average by the training sam-
ples per epoch and configured epochs. Training batch sizes
are 192 for Wave2Body and 48 for WiCompass due to GPU
memory limits. Data loading, validation, and checkpointing



are excluded.

Training Computation. Figure 6 compares total training
computation and decomposes Wave2Body by phase. Under
the same accounting convention, Wave2Body uses 31.00 x
fewer cold-start training FLOPs than WiCompass. Its two
paired-data stages account for 55.2% of the cold-start com-
putation, while the remaining 44.8% is spent on pretraining
the two tokenizers.

Inference Efficiency. Table 3 reports inference-time pa-
rameters and supported-operation FLOPs together with
CUDA-synchronized throughput and peak allocated GPU
memory. Compared with WiCompass, Wave2Body uses
37% fewer parameters and 89.81x fewer forward FLOPs;
at batch size 192, it achieves 8.07x higher throughput and
reduces peak memory by 92.6%. These results demonstrate
substantially lower inference computation and resource use
for high-throughput deployment scenarios.

4.4. Ablation Studies

We ablate three design factors behind Wave2Body: the
mmWave tokenizer, the body tokenizer, and the pose data
used to train the body tokenizer. Figure 7 compares the full
model with four single-seed variants on M4Human Cross-
Subject and Cross-Action, which evaluate held-out identi-
ties and held-out action classes, respectively. All tokenizer
pretraining remains restricted to the training split.

Dual-Tokenizer Ablation. The variant without the body
tokenizer retains the frozen mmWave tokenizer and local-
ization head, but replaces body-token translation and decod-
ing with a pooled regressor for pelvis-centered joint coordi-
nates. It increases MPJPE in every action group by 3.3—
27.5%. Conversely, the variant without the mmWave tok-
enizer replaces masked-pretrained radar patches with a su-
pervised raw-point encoder while retaining the body-token
target and localization head; it increases MPJPE by 3.7-
30.7%, with the largest penalty on Cross-Subject Non-In-
Place. The comparable degradation from either removal
supports the dual-interface formulation: the mmWave tok-
enizer contributes transferable sensor representations, while
the body tokenizer supplies an anatomical target space.

Body-Prior Training Data. We further train the body
tokenizer using only M4Human poses, only AMASS
poses, or their combination. All three variants remain
stronger than removing either tokenizer.  The mixed
AMASS+M4Human prior performs best on the Cross-
Subject micro-average and several Cross-Subject groups,
whereas the M4Human-only and AMASS-only variants are
each slightly better on individual Cross-Action groups.

5. Discussion

Wave2Body does not eliminate the sensing gap between
mmWave radar and vision-, depth-, or LiDAR-based sen-
sors: radar point clouds remain sparse, specular, and
viewpoint-dependent, so many body parts may be weakly
observed or missing. Instead, it handles this ambiguity
across three components: the mmWave tokenizer learns
sensor-side regularities from unlabeled radar, the body-
token space provides a structured target for articulation
from pose-only data, and the localization head recovers
global position. This decomposition allows each data
source to contribute without requiring all of this knowl-
edge to be learned from paired radar—pose samples [32, 38].
The results, however, show that its benefits are not uni-
form. Wave2Body improves consistently under Cross-
Subject shift, whereas its Cross-Action gains are smaller,
arise primarily from root localization, and do not extend to
In-Place actions. This suggests a potential trade-off from
the discrete body-token space: it constrains ambiguous pre-
dictions to plausible body configurations, but quantization
may limit fine-grained accuracy when radar observations al-
ready provide sufficient pose cues. This may explain why
Wave2Body is strongest under subject shift and dynamic
held-out motions but weaker on Cross-Action In-Place.

Limitations. Wave2Body still depends on the quality of
radar observations. When point clouds are extremely
sparse, biased, or cluttered, the translated embeddings
may be quantized into plausible but incorrect body tokens,
and the localization head may fail when global localiza-
tion cues are weak. Future work can improve robustness
through explicit sequence modeling beyond fixed short-
window aggregation, together with motion smoothness and
kinematic consistency constraints, so that weakly observed
body parts and root trajectories can be inferred over longer
sequences. Another important direction is multi-person
mmWave HPE [56], where inter-person occlusion and iden-
tity association make both body-token selection and radar-
frame localization more challenging.

6. Conclusion

Wave2Body reformulates mmWave human pose estimation
as radar-to-body token translation, connecting continuous
tokens from a self-supervised mmWave tokenizer to the dis-
crete space of a pretrained compositional body tokenizer.
This decoupled learning pipeline gives each data source
a clear role: unlabeled radar data for sensor representa-
tion learning, pose-only motion data for human-body priors,
and paired radar—pose samples for cross-modal alignment.
This allocation improves radar-frame pose generalization
and suggests that structured prediction spaces can bridge
radar observations and transferable human knowledge.
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