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Abstract. Robust human-body understanding benefits from fusing het-
erogeneous sensors—WiFi CSI, depth, LiDAR, mmWave, and RGB—yet
each modality carries distinct noise characteristics and may be intermit-
tently unavailable. Existing fusion methods often assume fixed sensor
sets and can collapse onto dominant modalities, reducing robustness un-
der missing-modality conditions. We propose LEO-Fuse, a task-general,
modality-agnostic Local Expert Orchestration (LEO) framework for uni-
versal multimodal human sensing. LEO-Fuse freezes unimodal encoders,
aligns modality features in a shared token space, fuses available modal-
ity tokens with a mask-aware transformer, and applies task-specific lo-
cal routing for downstream tasks including 3D human pose estimation
(HPE) and human activity recognition (HAR). For each target task, a
single trained model handles all 31 non-empty subsets of five modalities
without retraining. On MM-Fi, LEO-Fuse obtains 75.5mm mean per-
joint position error (MPJPE), averaged over all 31 subsets. For HAR,
HPE-trained encoders yield 93.4% average top-1 accuracy, improving to
95.7% with HAR-trained encoders. On XRF55, LEO-Fuse reaches up to
95.5% HAR accuracy. These results demonstrate scalable and robust uni-
versal multimodal human sensing under realistic missing-modality set-
tings.

Keywords: 3D human pose estimation · human activity recognition ·
multimodal fusion · missing modalities · modality invariance

1 Introduction

3D human pose estimation (3D HPE) underpins applications in assisted liv-
ing, rehabilitation, and human–computer interaction, yet the most accurate ap-
proaches largely rely on optical sensing (RGB/RGB-D) [11]. In privacy-sensitive
environments, however, cameras are often impractical or restricted. This moti-
vates non-intrusive sensing modalities—WiFi CSI, mmWave radar, LiDAR, and
depth—which can perceive human motion and geometry without capturing vi-
sual appearance [31].

These modalities exhibit complementary but heterogeneous sensing physics.
WiFi CSI provides device-free coverage and can work under occlusions, but its
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spatial cues are indirect and environment-dependent, requiring strong learning-
based priors [6, 23]. mmWave radar provides motion-sensitive Doppler cues but
yields sparse, noisy point clouds; recent radar-only pose estimators therefore em-
phasise robust feature extraction and priors [7, 33, 39]. In contrast, depth and
LiDAR provide more explicit geometry yet remain line-of-sight limited. Multi-
modal datasets such as MM-Fi [31] enable systematic study of these trade-offs
and fusion strategies.

A key challenge is that naive fusion strategies are often unbalanced: op-
timisation disproportionately relies on the strongest modality and suppresses
weaker sensors, leading to modality collapse [1]. Moreover, reliability can be
joint-dependent: certain sensors may track torso motion well while failing on
extremities, suggesting that global modality weights are insufficient [7, 33].

In practice, most existing non-intrusive 3D HPE methods are tailored to a
fixed sensor configuration—typically unimodal [25, 35] or bimodal [32]—and do
not support inference across arbitrary modality subsets.

This paper introduces LEO-Fuse, whose task-specific models operate on
any subset of five sensing modalities—WiFi CSI (W), depth (D), LiDAR (L),
mmWave (R), and RGB (I). The architecture combines frozen unimodal en-
coders, a mask-aware transformer that fuses the available modality tokens, and
task-specific Local Expert Orchestration heads—inspired by dense prediction
routing in [20, 21]—that perform local modality routing. We evaluate all 31
MM-Fi subsets for HPE and HAR and all seven XRF55 subsets [29] for HAR.
We perform ablation studies to isolate the contribution of each component.

Contributions:

– We formulate universal multimodal human sensing as subset-invariant infer-
ence over all 2|S|−1 = 31 non-empty modality subsetsM⊆ {W,D,L,R, I},
and instantiate the same task-general architecture for 3D HPE and HAR
while training a separate subset-universal model for each target task.

– We introduce task-specific Local Expert Orchestration heads that perform
dense local modality routing for reliability modelling, while a mask-aware
transformer supports fusion over variable modality subsets.

– We introduce a universal training strategy combining weighted subset sam-
pling, soft-target gate supervision, unimodal deep supervision, and mode-
aware loss balancing to improve robustness.

– We empirically demonstrate a cross-modal regularisation effect: subset-
invariant training implicitly transfers knowledge from strong to weak
modalities, improving LiDAR singleton HPE by 35.6% and mmWave by
11.5% over dedicated baselines.

2 Background and Related Work

Non-Intrusive Multimodal Datasets. MM-Fi [31] established a large-scale bench-
mark with synchronised streams from five modalities plus 3D pose labels, en-
abling systematic evaluation of unimodal and multimodal 3D HPE and HAR
under standardised protocols. XRF55 [29] provides a complementary RF-only
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Fig. 1: LEO-Fuse architecture. Frozen unimodal encoders produce feature embeddings,
mapped by per-modality adapters into a shared 512-D space. A mask-aware transformer
fuses the available modality tokens. The LEO head performs local routing (joint-wise
token-level for HPE; class-wise logit-level for HAR), with gate and unimodal supervi-
sion during training.

benchmark (WiFi, RFID, mmWave) with 55 action classes and 39 subjects.
More recently, CUHK-X [15] offers seven modalities including thermal and in-
frared with unimodal baselines, M3GYM [30] introduces a large-scale multi-
view, multi-person gym video dataset with 2D/3D keypoint, mesh, action, and
expert-quality annotations, and XRFV2 [18] extends XRF55 with wearable IMU
streams for temporal action summarisation.

mmWave-Based HPE and HAR. mmWave radar provides motion-sensitive,
privacy-preserving point clouds but suffers from sparse, noisy returns. mmD-
iff [7] introduces diffusion-based pose generation with body-part isolation,
achieving 65.26 mm MPJPE on MM-Fi. mmSkeleton [19] combines PointNet
with Bi-LSTM and dual attention for skeleton estimation from sparse radar
points. GF-DecNet [28] decouples geometry-aware features for radar HPE, while
mmChainPose [22] exploits temporal chaining with geometric constraints. For
HAR, STPM [4] applies Mamba-based spatiotemporal modelling to mmWave
point clouds (95.69% on MM-Fi), and mmPoint-Attention [27] proposes a unified
attention framework for HPE and HAR. These methods are single-modality;
LEO-Fuse subsumes mmWave as one of five modalities.

WiFi-Based HPE and HAR. VST-Pose [35] introduces velocity auxiliary targets
achieving 169.7 mm MPJPE on MM-Fi, WiLHPE [9] uses lightweight dynamic
convolutions reaching 151.75 mm, and graph-based approaches [2] model subcar-
rier correlations at ∼160.6 mm. Robust WiFi HPE [23] applies denoising autoen-
coders with dynamic subcarrier attention. For HAR, cross-scenario robustness
remains a challenge: He et al. [12] report 30–71% degradation under domain
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shift, while Scale What Counts [14] evaluates MAE-based foundation models for
zero-shot cross-domain WiFi sensing.

Multimodal Fusion for Human Sensing. Several works combine WiFi or RF
signals with vision for HAR. ActionFi [36] fuses restructured CSI with optical
flow (99.08% on MM-Fi with 5-fold CV), MaskFi [32] uses self-supervised WiFi–
vision pretraining (96.82%), and Wi-Flow [37] combines WiFi CSI dynamic fea-
tures with optical flow. SkeFi [13] transfers RGB skeleton knowledge to wireless
modalities via cross-modal distillation. These methods use fixed two-modality
pipelines and cannot handle arbitrary modality subsets at inference.

Foundation Models for Sensing. Recent foundation models target multi-modal
human sensing at scale. Babel [5] uses contrastive expandable alignment across
six modalities for few-shot HAR. MASTER [40] applies masked pre-training over
eight modality types for HAR (89.7% with 2% labels on MM-Fi). TENT [38] con-
nects language models with IoT sensors for zero-shot activity recognition. These
models emphasise label efficiency and scalable sensing representation learning,
whereas LEO-Fuse targets supervised, subset-universal HPE and HAR over all
MM-Fi modality subsets with local routing.

Modality-Invariant and Missing-Modality Methods. X-Fi [3] is the closest prior
work, proposing a modality-invariant foundation model with iterative cross-
attention (X-Fusion) over six modalities and per-modality Binomial dropout.
On MM-Fi, X-Fi achieves 83.7mm MPJPE and 88.7% HAR accuracy at its
best modality combination. Balanced MM [24] uses Shapley-value-based contri-
bution balancing for fixed four-modality HPE, reaching 51.16mm on Protocol 1;
however, their model requires a fixed modality set. RFusion [8] performs dy-
namic contrastive fusion over three RF modalities for few-shot HAR (∼90.10%
on MM-Fi). Ramazanova et al. [26] propose Missing Modality Tokens as explicit
placeholders for absent modalities. Kontras et al. [17] combine multimodal and
unimodal losses and modulate modality-encoder learning rates from unimodal
performance estimates; MIND [10] adds modality-specific prediction heads to
a joint-fusion model and uses weighted ensemble distillation from pre-trained
unimodal teachers to train a compact multimodal student that also supports
unimodal inputs. LEO-Fuse differs by using unimodal prediction errors as soft
targets for local modality routing over the currently available modalities, and
by reweighting subset losses over availability modes while the main encoders are
frozen. Absent modalities are omitted at the fusion input rather than represented
by placeholders, while the LEO head models modality reliability. Modality col-
lapse and low-rank entanglement [1,16] are addressed through local routing and
unimodal deep supervision.
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3 Method

3.1 Problem Setting

Let S = {W,D,L,R, I} denote the modality set (WiFi CSI, depth, LiDAR,
mmWave, and RGB), and let M ⊆ S be the set of available modalities for a
sample. We observe inputs {xm}m∈M and a task target YT , where T denotes
either 3D HPE or HAR, YHPE ∈ RJ×3 with J=17, and YHAR ∈ {1, . . . , C} with
C action classes. For each task, the goal is a single trained model fT that predicts
ŶT = fT ({xm}m∈M) for any non-empty subset M without retraining, yielding
2|S| − 1 = 31 supported configurations per task.

3.2 Architecture Overview

The full architecture is illustrated in Fig. 1. LEO-Fuse comprises (i) unimodal
encoders Em producing latent vectors zm = Em(xm) ∈ Rdm , (ii) per-modality
adapters Am that map zm into a shared fusion dimension via z̃m = Am(zm),
(iii) a transformer fusion module F producing a fused latent z = F ({z̃m}m∈M),
and (iv) a task-specific decision head H. The design is task-general: the same
encoder–adapter–fusion–orchestration pattern is used for HPE and HAR, while
adapters, fusion, and heads are trained for each target task. For HPE, H is a
joint-wise local orchestration head producing Ŷ = H(z, {z̃m}m∈M); for HAR,
H is a class-wise local orchestration head producing action logits. Encoders are
frozen within each downstream task setting; only adapters, fusion, and the deci-
sion head are optimised. To train a universal model, we define a distribution over
modality subsets p(M) and sampleM∼ p(M) during training; at test time we
evaluate the same task-specific parameters on specified subsets M. The joint-
wise head and loss derivations below specialise to HPE; for notational simplicity,
we suppress the task subscript and write Y and Ŷ for YHPE and ŶHPE.

Frozen Unimodal Encoders Each modality encoder is trained as a uni-
modal baseline for the relevant setting and then frozen for subset-universal fusion
training. We use modality-specific architectures producing latents of dimension
dm ∈ {128, 512} (details in Sec. 4.2). Freezing prevents the encoders from drift-
ing towards the dominant modality during fusion training and cleanly separates
encoder learning from subset-invariant fusion.

Per-Modality Adapters We add a per-modality adapter block Am : Rdm →
Rd (with d = 512) that maps each modality latent zm into a shared fusion space:

z̃m = Am(zm) = Dropout(GELU(LN(Wmzm + bm))) ∈ Rd, (1)

where LN denotes layer normalisation and Wmzm+bm implements Linear(dm →
d). The adapter output z̃m forms the modality token input to fusion and is
subsequently passed to the pose head.
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Mask-Aware Transformer Fusion Given a sampled subsetM⊆ S, we con-
struct tokens only for modalities m ∈ M. We instantiate F as a transformer
encoder over a variable-length set of modality tokens and mean-pool:

tm = Wf,mz̃m + em,

[hm]m∈M = F ([tm]m∈M),

z =
1

|M|
∑

m∈M
hm,

(2)

where em ∈ Rd is a learnable modality embedding. Tokens are concatenated
in a fixed canonical modality order, and missingness is represented by omission
rather than explicit placeholder tokens [26]; this avoids introducing uninforma-
tive tokens that may dilute attention across present modalities.

Joint-Wise Local Expert Orchestration Head The pose head performs
joint-wise token-level modality routing. For each modality m ∈ M, we project
z̃m into per-joint tokens Tm∈RJ×dj and compute joint-wise modality weights:

Tm = reshape(W (J)
m z̃m + b(J)m ) + E(joint),

ŷ
(m)
j = W (uni)

o Tm,j + b(uni)o ,

gj = ϕ([Tm,j ]m∈M, z), αj = softmax(gj),

T
(fused)
j =

∑
m∈M

αj,m Tm,j ,

U = Ψ(T (fused)), ŷj = WoUj + bo,

(3)

where E(joint) are learnable joint embeddings, ϕ is a gating MLP that conditions
on the modality joint tokens and the fused context z and outputs logits over
the available modalities, and U ∈ RJ×dj is regressed joint-wise to Ŷ = [ŷj ]

J
j=1.

W
(uni)
o , b

(uni)
o parameterise the unimodal auxiliary prediction head, while Wo, bo

parameterise the fused prediction head. The per-modality predictions ŷ
(m)
j are

used for unimodal deep supervision and soft-target gate supervision. Unlike
global cross-attention approaches, LEO-Fuse routes per-joint, reflecting the ob-
servation that modality reliability varies across body parts (e.g., mmWave cap-
tures torso geometry accurately but performs poorly on extremities).

3.3 Training Objectives

Weighted Subset Sampling Rather than sampling modality subsets uni-
formly, we define a structured distribution p(M) over all 31 non-empty subsets
of S, parameterised by subset cardinality K=|M|. We allocate probability mass
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per cardinality level and distribute it uniformly within each level:

pK(K) =



0.15 K = 1 (5 subsets, 0.03 each),
0.25 K = 2 (10 subsets, 0.025 each),
0.25 K = 3 (10 subsets, 0.025 each),
0.15 K = 4 (5 subsets, 0.03 each),
0.20 K = 5 (1 subset).

(4)

This design assigns the largest probability mass to the mid-cardinality levels,
while the full-set mode (K=5) retains 20% of training iterations.

Loss Functions We optimise the expected training objective over sampled
modality subsets M∼ p(M). The primary supervision is coordinate MSE,

Lsup =
1

J

J∑
j=1

1

3
∥ŷj − yj∥22. (5)

To mitigate modality collapse, we define per-joint per-modality mean-squared
errors ϵj,m = 1

3∥ŷ
(m)
j − yj∥22 and soft gate targets α̃j = softmax([−ϵj,m/τ ]m∈M)

with τ=0.05. We add two auxiliary losses:

Lgate =
1

J

J∑
j=1

CE(α̃j , αj),

Luni =

∑
m∈M λm

(
1
J

∑J
j=1 ϵj,m

)
∑

m∈M λm
,

(6)

where ŷ
(m)
j is a modality-specific prediction for joint j, and λm are per-modality

weights (λWiFi=0.5, all others 1.0). Although every modality branch for joint j is
supervised against the same 3D pose target yj , the error vector [ϵj,m]m∈M defines
the soft gate target α̃j over the available modalities. Because this error vector
can vary across joints, different joints in the same sample can favour different
modalities. Gate supervision uses λgate=0.05 with linear warmup over the first
2 epochs, and unimodal deep supervision uses λuni=0.02. The total objective is:

L = EM∼p(M) [Lsup + λgateLgate + λuniLuni] . (7)

For a sampled modeM, let LM denote the bracketed per-mode loss in Eq. (7).

Mode-Aware Loss Balancing Different modality subsets converge at differ-
ent rates; subsets dominated by weak modalities (e.g., WiFi-only) exhibit per-
sistently higher loss and receive insufficient weight under uniform weighting. We
address this with an exponential moving average (EMA)-based per-mode loss
balancer. For each modeM, we maintain a running mean L̄M:

L̄M ← (1− β) L̄M + β LM, (8)
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where β=0.1 is the EMA decay rate. We compute the global average L̄ =
1

Nmodes

∑
M′ L̄M′ , where Nmodes is the number of modes with tracked EMA

statistics, and rescale each batch loss by:

sM = clamp

((
L̄M

L̄

)γ

, smin, smax

)
, LM ← sM · LM, (9)

with γ=0.25, smin=0.5, smax=2.0. This gently up-weights high-loss modes with-
out extreme reweighting, improving robustness across all 31 subsets. In contrast,
X-Fi [3] manually tunes per-modality Binomial occurrence probabilities; our
EMA-based scheme achieves analogous rebalancing automatically and adapts
over the course of training.

3.4 Extension to Human Activity Recognition

For HAR, LEO-Fuse replaces the joint-wise HPE head with a class-wise local
orchestration head. Each modality branch predicts class logits, and a class-wise
gate combines the available modality logits into the final prediction. The same
subset-invariant training principle applies over the available HAR modality set.
Encoders are frozen after task-appropriate unimodal training, while adapters,
fusion, and the HAR head are trained for subset-universal classification.

4 Experiments

4.1 Dataset and Protocol

We evaluate on the MM-Fi dataset [31], a large-scale non-intrusive sensing bench-
mark with 40 subjects performing 27 action categories across 4 environments
(1,080 sequences, 320k+ synchronised frames at 10 Hz, synchronisation error
<25 ms). Each frame provides all five modalities. 3D pose labels (17 joints) are
obtained by triangulating stereo infra-red keypoints with temporal and bone-
length refinement. We use protocol P3 (all 27 action categories) with the S1 ran-
dom split; all LEO-Fuse vs. X-Fi comparisons use the same protocol and metric
definitions. We report MPJPE and Procrustes-aligned MPJPE (PA-MPJPE),
both in millimetres. Additional S2 (cross-subject) and S3 (cross-environment)
results are provided in the supplementary material.

For XRF55 HAR [29], we evaluate WiFi, RFID, and mmWave under the
official all-scenes first-14/last-6 trial split with 55 classes and 12,870 test samples.

4.2 Implementation Details

Our universal W+D+L+R+I model uses fusion dimension d = 512 and joint
token dimension dj = 256. Depth and RGB use ResNet-18 encoders with input
shapes 1 × 224 × 224 and 3 × 224 × 224, respectively; both produce 512-D la-
tents. LiDAR uses a PointTransformer (1024 × 3, 128-D latent), mmWave uses
a DGCNN-based point encoder (128-D latent), and WiFi uses a CSI 1D CNN
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(a) HPE (MPJPE, lower is better). (b) HAR (accuracy, higher is better).

Fig. 2: Sensor scaling vs. number of available modalities K. Shaded bands show min–
max across subsets of each cardinality. (a) Cardinality-averaged MPJPE decreases
monotonically; (b) mean HAR accuracy saturates at K≥3, with the large K=1 band
driven by WiFi-only (12.2%).

(128-D latent). Per-modality adapters map every latent to 512-D before fusion.
Training uses AdamW (learning rate 6 × 10−4, weight decay 10−4, batch size
64) for 30 epochs on an RTX 3050 Laptop GPU. We employ unimodal feature
caching to accelerate training since encoders are frozen. During universal training
we sample modality subsetsM∼ p(M) from the K-based distribution described
in Sec. 3.3; at test time we evaluate on each target subset.

4.3 Universal HPE Results

Effect of Subset Cardinality. Cardinality-averaged MPJPE decreases mono-
tonically as subset cardinality K increases (Fig. 2). Singletons (K=1) average
106.21 mm MPJPE, decreasing to 78.46 mm at K=2, 66.17 mm at K=3, and
61.08 mm at K=4. The best-performing subset is D+L+R+I at 57.22 mm,
slightly outperforming the full five-modality set W+D+L+R+I (58.82mm); the
1.60 mm gap reflects the difficulty of integrating WiFi’s indirect spatial cues
without degrading the fusion of stronger geometric modalities.

Table 1 compares LEO-Fuse against X-Fi [3] on all 31 subsets (X-Fi values
from Table 1 in [3]). LEO-Fuse wins on 30 of 31 subsets in MPJPE (avg. 75.5
vs. 103.7mm, +27.2%) and 29 of 31 in PA-MPJPE (avg. 45.7 vs. 58.2 mm,
+21.3%). The exceptions are W+R, where WiFi–mmWave fusion without geo-
metric anchors is harder for our gating mechanism, and WiFi-only PA-MPJPE,
where X-Fi’s Binomial sampling allocates more capacity to WiFi. The largest
gains appear for LiDAR-including subsets (+53.4% on singleton L), confirming
that frozen encoders and per-joint gating exploit spatial structure more effec-
tively than iterative cross-attention.

Modality-Specific Observations. Among singletons, RGB (63.49mm) and
depth (66.26 mm) perform best, followed by LiDAR (77.93 mm) and mmWave
(119.97 mm); WiFi-only is weakest (203.38 mm). WiFi-including subsets aver-
age 83.66mm versus 66.87mm for WiFi-excluding ones. Figure 3 reveals that
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Table 1: LEO-Fuse vs. X-Fi [3]: MPJPE and PA-MPJPE (mm) on all 31 MM-Fi
subsets. ∆rel: relative improvement in percent (positive = better). Bold = winner per
metric. LEO-Fuse wins 30/31 (MPJPE) and 29/31 (PA-MPJPE).

MPJPE PA-MPJPE

Subset Ours X-Fi ∆rel Ours X-Fi ∆rel

W 203.4 225.6 +9.8 108.4 105.3 −2.9
D 66.3 101.8 +34.9 43.0 48.4 +11.2
L 77.9 167.1 +53.4 47.2 103.2 +54.3
R 120.0 127.4 +5.8 62.9 69.8 +9.9
I 63.5 93.9 +32.4 41.4 60.3 +31.3
W+D 72.7 101.8 +28.6 43.6 48.1 +9.4
W+L 105.6 159.5 +33.8 57.5 102.7 +44.0
W+R 156.0 117.2 −33.1 81.7 62.7 −30.3
W+I 68.7 93.0 +26.1 41.8 59.5 +29.7
D+L 62.4 102.5 +39.1 41.2 48.4 +14.9
D+R 64.0 98.0 +34.7 41.9 47.3 +11.4
D+I 59.4 86.1 +31.0 39.3 48.1 +18.3
L+R 73.7 109.8 +32.9 43.0 63.4 +32.2
L+I 60.5 93.0 +34.9 39.8 59.7 +33.3
R+I 61.7 88.8 +30.5 40.4 57.3 +29.5
W+D+L 66.9 102.0 +34.4 41.4 48.1 +13.9
W+D+R 70.5 97.0 +27.3 42.4 47.1 +10.0
W+D+I 61.2 85.3 +28.3 39.4 48.1 +18.1
W+L+R 95.4 107.4 +11.2 50.9 63.1 +19.3
W+L+I 64.1 93.0 +31.1 39.9 59.7 +33.2
W+R+I 67.1 88.5 +24.2 40.8 57.1 +28.5
D+L+R 60.9 96.0 +36.6 40.1 47.3 +15.2
D+L+I 58.0 84.8 +31.6 38.7 48.2 +19.7
D+R+I 58.4 83.4 +30.0 38.8 47.3 +18.0
L+R+I 59.3 88.4 +32.9 38.8 57.2 +32.2
W+D+L+R 65.4 97.6 +33.0 40.4 47.4 +14.8
W+D+L+I 59.5 86.0 +30.8 38.8 48.2 +19.5
W+D+R+I 60.3 84.0 +28.2 39.0 47.6 +18.1
W+L+R+I 63.0 88.6 +28.9 39.1 57.1 +31.5
D+L+R+I 57.2 83.5 +31.5 38.2 47.6 +19.7
W+D+L+R+I 58.8 83.7 +29.7 38.3 47.6 +19.5

Average 75.5 103.7 +27.2 45.7 58.2 +21.3

modality gaps are joint-dependent: depth and RGB excel on proximal joints
(spine, hips ∼43–55 mm) while all modalities degrade on distal extremities
(wrists ∼85–170 mm), motivating per-joint routing.

Singleton Comparison with Dedicated Baselines. Table 2 compares universal
singletons against dedicated unimodal baselines using the same encoders. For
WiFi, depth, and RGB, the universal model incurs a small penalty (+0.48 to
+4.29 mm) due to shared capacity, but improves over dedicated baselines for
LiDAR (35.6%) and mmWave (11.5%).

4.4 Comparison with Prior Methods

Broader Baseline Context. Table 3 situates LEO-Fuse among published methods
on MM-Fi. Direct comparison requires caution: mmDiff [7] uses a random split
without specifying Protocols 1–3; Balanced MM [24] reports on Protocol 1 (14
daily actions only); ActionFi [36] uses 5-fold cross-validation; and STPM [4] does
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Fig. 3: Per-joint MPJPE (mm) for each singleton modality (WiFi excluded—off-scale
at 200+ mm). Proximal joints (spine, pelvis) are easiest across all sensors; distal joints
(wrists, elbows) exhibit the largest inter-modality variance.

Table 2: Dedicated unimodal baselines vs. LEO-Fuse universal singletons. MPJPE /
PA-MPJPE in mm. ∆rel: relative reduction in percent by the universal model (positive
= improved).

Dedicated Universal ∆rel

Modality MPJPE PA MPJPE PA MPJPE PA

WiFi (W) 199.09 106.12 203.38 108.35 −2.2 −2.1
Depth (D) 65.58 43.33 66.26 43.03 −1.0 +0.7
LiDAR (L) 121.02 56.00 77.93 47.18 +35.6 +15.8
mmWave (R) 135.51 67.11 119.97 62.86 +11.5 +6.3
RGB (I) 63.01 42.29 63.49 41.39 −0.8 +2.1

not specify the exact split. For HPE, LEO-Fuse and X-Fi are the only methods
averaging over all 31 subsets; the remaining baselines use fixed modality sets
and different protocols.

4.5 Ablation Study

Table 4 isolates each component’s contribution. The local routing head is the
most impactful (+16.9% MPJPE when removed), confirming that joint-wise
modality routing is the primary driver of robustness. Reducing pose-head
parameters by 68.9% (14.46M to 4.49 M) and total trainable parameters by
48.1% (20.71 M to 10.74 M) increases average MPJPE by only 0.49mm (75.53
to 76.02 mm; +0.65%). Unimodal deep supervision has the second-largest
ablation effect (+10.5%), while mode-aware loss balancing (+4.3%) and gate
supervision (+1.8%) provide complementary gains. Replacing K-based subset
sampling with uniform sampling increases MPJPE by 5.3%, confirming that
structured cardinality-based exposure matters. The supplementary material



12 E. Aslan

Table 3: Published methods on MM-Fi (MPJPE in mm, HAR accuracy in %). Protocol
differences exist (see text); numbers are not directly comparable across rows.

Method Modality Scope MPJPE HAR Acc

mmDiff [7] mmWave HPE 65.3 —
mmSkeleton [19] mmWave HPE 71.0 —
WiLHPE [9] WiFi HPE 151.8 —
VST-Pose [35] WiFi HPE 169.7 —
Balanced MM [24] 4-mod fixed HPE 51.2† —

STPM [4] mmWave HAR — 95.69
ActionFi [36] WiFi+RGB HAR — 99.08‡

RFusion [8] 3-RF inv. HAR — ∼90.1
X-Fi [3] 5-mod inv. Both 103.7 62.5

LEO-Fuse 5-mod inv. Both 75.5 98.4
†P1 (14 actions). ‡5-fold CV.
MPJPE: 31-subset average.
HAR: 15-subset comparable average; LEO-Fuse uses HAR-trained encoders.

Table 4: Component ablations and head-capacity control (MPJPE / PA-MPJPE in
mm, averaged over 31 subsets). ∆rel: relative degradation in percent vs. full (positive
= worse).

Average ∆rel

Variant MPJPE PA-MPJPE MPJPE PA

Full model 75.53 45.75 — —
Small LEO head 76.02 46.42 +0.65 +1.5
w/o local routing head 88.31 51.65 +16.9 +12.9
w/o unimodal supervision 83.44 49.95 +10.5 +9.2
w/o weighted subset sampling 79.54 46.58 +5.3 +1.8
w/o mode loss balancing 78.75 46.51 +4.3 +1.7
w/o gate supervision 76.86 47.10 +1.8 +3.0

provides full per-mode breakdowns and controlled 10-epoch sensitivity checks
for the auxiliary-loss and mode-balancing hyperparameters.

4.6 Qualitative Analysis

Figure 4 visualises three representative MM-Fi frames (A16-F179, A17-F135,
A11-F263) under three modality configurations. The trend is consistent across
both 3D and 2D views: WiFi-only predictions show large structural errors (row
MPJPE 215.7 mm), including unstable torso orientation and pronounced limb
drift. Adding geometric modalities (D+L+R) restores global body structure and
sharply reduces error (28.1mm). Using all five modalities further improves align-
ment to the dashed ground truth (25.5 mm), most visibly on distal joints.
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(a) 3D view. (b) 2D projection.

Fig. 4: Qualitative 3D pose predictions on MM-Fi test frames. Rows: WiFi-only (W),
D+L+R, and all five modalities (W+D+L+R+I). Grey dashed skeletons denote ground
truth. Per-configuration MPJPE (mm) is shown for each row.

The raised-arm sample (A17-F135) is particularly diagnostic. In WiFi-
only mode, the shoulder–elbow–wrist chain is fragmented and the pose
is under-constrained. D+L+R already recovers coherent kinematics, while
W+D+L+R+I refines the arm trajectory and leg symmetry. This behaviour
is consistent with joint-wise token-level routing: the model can rely more on
geometric sensors where WiFi evidence is noisy, rather than enforcing a single
global fusion weight.

Residual errors remain in fast or high-articulation extremities, especially
wrists and ankles, even in the full-modality row. This matches the quantitative
per-joint pattern in Fig. 3, where distal joints exhibit the largest cross-modality
variance. Qualitatively, LEO-Fuse improves robustness primarily by fixing global
structure first and confining remaining error to local extremities.

4.7 Human Activity Recognition

To isolate the effect of encoder training, we compare an HPE-trained setting,
which reuses frozen HPE encoders, with a control whose MM-Fi encoders
are trained unimodally using only HAR labels and then frozen before subset-
universal training. The HAR-trained control improves the 31-subset average
from 93.4% to 95.7% and the full WDLRI mode from 97.8% to 99.7%, with
improvements on 28 of 31 subsets relative to the HPE-trained setting. As with
HPE, MM-Fi HAR accuracy scales with modality count (Fig. 2b), approaching
98% for K≥3; the wide K=1 band reflects WiFi-only’s 12.2%. For XRF55,
encoders are trained as unimodal HAR baselines on XRF55 data.

Table 5 reports HAR results on all 31 MM-Fi subsets. Both LEO-Fuse en-
coder settings outperform X-Fi on all 15 comparable subsets; the remaining
16 WiFi-including subsets are only evaluated by LEO-Fuse. X-Fi [3] excludes
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Table 5: MM-Fi HAR: top-1 accuracy (%) on all 31 subsets. HPE-trained reuses frozen
encoders trained for HPE; HAR-trained uses frozen encoders trained unimodally with
HAR labels. — indicates not reported by X-Fi [3].

Subset HPE-
trained

HAR-
trained X-Fi Subset HPE-

trained
HAR-
trained X-Fi

W 12.2 14.8 — W+D+R 96.1 98.3 —
D 93.0 92.9 48.1 W+D+I 95.4 99.1 —
L 98.4 98.2 52.7 W+L+R 99.2 99.5 —
R 87.3 94.9 85.7 W+L+I 97.2 99.5 —
I 93.9 98.3 26.5 W+R+I 97.4 99.2 —
W+D 92.7 93.4 — D+L+R 99.0 99.5 80.5
W+L 98.1 97.9 — D+L+I 97.5 99.7 48.7
W+R 78.8 93.2 — D+R+I 97.2 99.5 70.7
W+I 93.3 98.2 — L+R+I 99.1 99.6 77.8
D+L 97.9 98.8 51.6 W+D+L+R 98.7 99.6 —
D+R 96.5 98.4 79.8 W+D+L+I 97.2 99.7 —
D+I 95.4 99.0 45.3 W+D+R+I 97.3 99.5 —
L+R 99.2 99.5 88.7 W+L+R+I 98.9 99.6 —
L+I 97.5 99.5 35.2 D+L+R+I 97.9 99.7 72.2
R+I 97.9 99.2 73.4 W+D+L+R+I 97.8 99.7 —
W+D+L 98.0 98.9 —

Average 93.4 95.7 — Average (comparable) 96.5 98.4 62.5

WiFi from MM-Fi HAR because MM-Fi synchronises all modalities at 10 Hz,
so each WiFi CSI frame spans only 100ms (3×114×10 tensor) [31]—too little
temporal context to distinguish the 27 action categories. We deliberately retain
WiFi to stress-test robustness to low-quality modalities; WiFi HAR on XRF55
is substantially better (82.2%), confirming that this limitation is dataset-specific
rather than fundamental. Table 6 shows XRF55 results, where LEO-Fuse wins
6 of 7 subsets, losing only on RF+R by −0.1 percentage points.

4.8 Discussion and Limitations

Beyond the cross-modal regularisation effect reported in Tab. 2, several limita-
tions remain.

Weak-Modality Pair Degradation. WiFi and mmWave are the two weakest sin-
gletons (203.4 and 120.0mm MPJPE). When paired without a geometric anchor
such as depth or LiDAR, the W+R subset degrades to 156.0mm—the only con-
figuration where X-Fi outperforms LEO-Fuse. The local routing head, designed
to assign greater weight to more reliable modalities for each joint, receives two
uniformly noisy inputs and cannot recover the geometric structure that stronger
modalities would provide.
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Table 6: XRF55 HAR: top-1 accuracy (%) on all 7 subsets under the official all-scenes
first-14/last-6 trial split. ∆pp: percentage-point difference (Ours minus X-Fi; positive
values favour Ours). LEO-Fuse wins 6/7.

Subset Ours X-Fi ∆pp

W (WiFi) 82.2 55.7 +26.5
RF (RFID) 46.8 42.5 +4.3
R (mmWave) 85.1 83.9 +1.2
W+RF 87.1 58.1 +29.0
RF+R 86.4 86.5 −0.1
W+R 95.0 88.2 +6.8
W+RF+R 95.5 89.8 +5.7

No Zero-Shot or Continual Learning. TENT [38] supports zero-shot activity
recognition, Babel [5] targets scalable multimodal sensing representation learn-
ing, and CAREC [34] enables continual learning for wireless HAR. LEO-Fuse
requires fully supervised training on each target dataset.

5 Conclusion

We presented LEO-Fuse, a task-general, modality-agnostic framework for univer-
sal multimodal human sensing that supports all 31 subsets of five sensing modal-
ities with one trained model per target task. Three key findings emerge: (1) joint-
wise local routing is the dominant robustness driver; (2) subset-invariant training
produces implicit cross-modal regularisation that improves weak-modality single-
tons beyond dedicated baselines; (3) the same design pattern—frozen unimodal
encoders, subset-universal fusion, and local orchestration—applies to both HPE
and HAR. On MM-Fi, LEO-Fuse achieves 75.5 mm average MPJPE and 95.7%
average HAR accuracy with HAR-trained encoders; on XRF55, up to 95.5%.
Extending to zero-shot or continual-learning settings is a promising direction.
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