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ABSTRACT

Predictive video representations do not by themselves specify
how a multimodal system should handle missing sensors. We
transfer frozen V-JEPA2 features to a set of heterogeneous sensors
comprised by RGB video, depth video, and radar time series. A
shared fusion model uses modality queries, fixed sensor slots, and
explicit availability to classify breathing activity and pose from all
seven non-empty sensor subsets. The contribution is a controlled
evaluation of subset supervision, pooling capacity, and representa-
tion transfer on 39 OMuSense-23 subjects with five subject-group
folds and three seeds. With matched downstream parameter
counts, the final model reaches recording-level activity macro-F1 of
75.23%± 0.60 averaged across seven subsets. Supervising all sub-
sets in each batch improves the matched query-pooling control by
1.923 percentage points (conditional 95% subject-bootstrap interval
[0.647, 3.209]), while query pooling shows no clear advantage over
matched mean pooling under balanced supervision. Radar probes
support transfer beyond pooled wavelet pixels, 64-token inference
approximately preserves mean activity performance, and the tested
Consensus-JEPA loss adds no measured benefit against its exact
control.

Index Terms— sensor fusion, missing modalities, contactless
sensing, V-JEPA2, activity recognition

1. INTRODUCTION

Multimodal contactless human sensing combines cameras and radar
to extract physiological and behavioural information for health mon-
itoring and human state assessment [1]. RGB, depth, and radar ob-
serve the appearance, geometry, and motion of the same activity and
can provide complementary information about breathing and body
pose, but the available sensor configuration may change between
data collection and deployment.

Power, synchronization, and communication requirements can
restrict which sensors are deployed [2]. Here, a missing modality
denotes an unavailable sensor stream, rather than degradation within
a stream that remains available. Modality dropout and adaptation
of pretrained networks address this condition [2, 3], yet multimodal
transformers remain sensitive to missing inputs [4]. Performance
with complete inputs therefore does not establish performance with
missing sensors.

We use V-JEPA2, a video model trained with a joint-embedding
predictive architecture (JEPA) to predict target representations from

∗These authors contributed equally to this work.

Fig. 1. (a) Shared inference architecture of the final query model and
the earlier Subset-query (B3). Grey marks frozen feature extraction
and blue trained pooling and fusion. The example declares depth
absence, and insets show representative observations. (b) Final all-
view task supervision evaluates one batch under all seven non-empty
subsets, averages the pose/activity losses, and makes one update,
without a latent prediction loss.

available context [5]. The central question is how downstream pool-
ing and supervision affect the use of these frozen representations for
breathing activity and pose classification when sensor availability
changes. The contributions are as follows:

1. Availability-aware multimodal fusion. One classifier with
query pooling, fixed sensor slots, and explicit availability cov-
ers all seven non-empty RGB, depth, and radar subsets, reach-
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ing 75.23± 0.60% activity macro-F1 averaged across them.
2. Controlled attribution of training gains. With matched

downstream parameters, supervising all subsets in each batch
improves the query model by 1.923 percentage points (pp),
while query pooling shows no clear advantage over matched
mean pooling under balanced supervision.

3. Evidence on representation use and compression. Radar
probes, token reductions, and an exact zero-weight control
test transferred information, compression sensitivity, and a
complete-to-subset prediction loss.

Predictive dynamics and planning remain outside the evaluated
scope.

2. RELATED WORK

Multimodal learning joins representation, alignment, and fusion
across sensor streams [6], and models trained on complete obser-
vations can deteriorate when an input stream is unavailable [3, 4].
Proposed responses include modality dropout [2, 7], feature recon-
struction and transformer fusion [8, 9], shared and sensor-specific
representations [10], logit distillation [11], availability-conditioned
paths [12], and parameter-efficient adaptation [3]. They do not
address frozen JEPA representations of heterogeneous RGB, depth,
and radar inputs evaluated across all seven subsets.

Joint-embedding predictive architectures predict representations
rather than input samples, from I-JEPA for images [13] to V-JEPA
and V-JEPA2 for video [14, 5]. Predictive alignment has also
been studied across modalities and time series [15, 16, 17], while
V-JEPA2-AC adds action-conditioned latent dynamics for robotic
planning [5]. We instead use V-JEPA2 as a frozen feature extractor
and test a complete-to-subset prediction objective against directly
supervised fusion.

3. PROPOSED METHODOLOGY

All models use frozen V-JEPA2 features with the same fusion
transformer and task heads, as summarised in Table 1, and the final
query/all-view model uses the B3 inference architecture, as depicted
in Figure 1(a).

3.1. Sensor input construction
Let M = {RGB,D,R} denote the sensors and ∅ ̸= S ⊆ M
the available subset. RGB and depth inputs contain 64 frames at
256×256 pixels. Depth is clipped at the 1st and 99th within-sample
percentiles and scaled to the encoder range, and its frozen input
convolution averages the pretrained colour kernels. Radar con-
tributes 200 samples of phase displacement, filtered breathing, and
filtered cardiac traces, which a complex Morlet wavelet transform
maps to a stacked 256 × 256 scalogram replicated over three
channels and two identical frames. Every modality uses the frozen
vjepa2-vitl-fpc64-256 encoder without its predictor.
Encoded sequences are adaptively averaged to at most 128 tokens
and cached. Radar time lies along a scalogram axis, so duplicated
frames do not establish temporal alignment with video tokens.

3.2. Availability-aware fusion
Query pooling uses a learned, modality-specific query to attend to
the cached tokens and produce a 128-dimensional vector, whereas
mean pooling averages them before projection. The sensor slot is
given by:

sm =

{
poolm(Tm) + em + v1, m ∈ S,

em + v0, m /∈ S,
(1)

where Tm holds the tokens, em identifies the modality, and v0,v1

encode absence and presence. A summary token and the three slots
enter a pre-norm transformer with two layers, four heads, width 128,
and feed-forward width 256. Its summary output hS feeds heads
for three poses and four activities, whose decisions define 12 joint
classes and whose mean cross-entropy is Ltask. Absent slots carry
no reconstructed measurement.

3.3. Capacity and supervision controls
The factorial comparison crosses query and matched mean pool-
ing with balanced and all-view supervision. Matched mean pool-
ing adds a normalized residual 128 → 256 → 128 perceptron per
sensor, giving both downstream models 882,695 parameters against
683,399 for Subset-mean (B2), without equalizing computation or
inductive bias. Balanced supervision draws one subset per batch,
with selection counts across the seven subsets differing by at most
one per epoch. All-view supervision evaluates every subset on the
same batch and makes one update with:

Lall =
1

7

∑
∅̸=S⊆M

Lactivity(S) + Lpose(S)

2
. (2)

The final model uses this objective alone, which gives seven su-
pervised views per example and so increases exposure.

3.4. Complete-to-subset prediction
Consensus-JEPA adds a training-only complete-input branch. For
S ⊊ M, zS = qϕ(gθ(hS)) predicts zM = sg[gθ(hM)] from
the same online network, where sg stops gradients through the
complete-input target. The projector and predictor are two-layer
perceptrons with hidden width 256 and output width 128. Training
minimizes Ltask + λLcj with Lcj = 1 − cos(zS , zM). The
complete pass runs in evaluation mode without a moving-average
teacher. Zero-loss (A0) and Consensus (C1) execute the same graph
with λ = 0 and 0.003, and both auxiliary modules are removed at
inference.

4. EXPERIMENTAL EVALUATION

Dataset and acquisition protocol. The complete aligned
OMuSense-23 subset contains 39 subjects [1], each recorded
standing, sitting, and lying in four nominally 30-second conditions
separated by 20-second gaps: normal breathing, reading aloud,
guided breathing, and breath holding. The 117 sessions give
468 activity recordings. Using TIMER-defined activity intervals,
we extract 10-second windows at a nominal 1-second stride,
appending a complete end-aligned window when the regular grid
does not reach the interval end. This yields 10,530 aligned samples.
Lying-pose RGB and depth are rotated by 180◦ using the pose field,
so deployment would need label-independent orientation metadata,
and the camera position and background of this pose may affect
pose and joint scores. Activity is therefore the primary endpoint,
although acquisition effects cannot be excluded.

Subject split, aggregation, and metrics. Five outer subject-group
folds each reserve five training subjects for validation, with sub-
jects disjoint across training, validation, and testing. Recording-
level activity macro-F1 selects checkpoints, on the training subset
for Full-only and specialists and on the seven-subset mean for uni-
versal models. Window logits are averaged per recording before



Table 1. Earlier controlled reference models and their out-of-fold (OOF) recording-level macro-F1 (%). All use frozen V-JEPA2 tokens, a
fusion transformer, and supervised pose/activity heads, and universal models sample one subset per batch. Activity Avg-7 is mean ± sample
SD, pose and joint are Avg-7 means, and Worst-7 averages the within-seed minimum.
Model (ID) Nets Training subsets Pooling Auxiliary target (weight) Act. Avg-7 Pose Joint Worst-7

Full-only (B0) 1 Full input only Mean None 57.92± 2.67 78.99 48.82 22.35
Subset-mean (B2) 1 Balanced seven Mean None 71.88± 0.74 89.80 64.15 54.04
Subset-query (B3) 1 Balanced seven Query None 74.05± 0.36 90.09 66.64 55.22
Specialists (B1) 7 One fixed subset Query None 74.74± 0.55 90.29 67.63 60.00

Zero-loss (A0) 1 Balanced seven Query Full latent branch (0) 73.24± 1.56 90.07 65.92 54.26
Consensus (C1) 1 Balanced seven Query Full latent, predictor (0.003) 73.23± 1.16 90.06 65.91 54.73
Direct (A1) 1 Balanced seven Query Full latent, no predictor (0.003) 73.69± 0.82 89.82 66.08 54.93
Logit-KD (KD) 1 Balanced seven Query Full logits (0.5, temperature 2) 73.81± 1.32 89.91 66.55 54.49

ŷr = argmaxc ℓ̄r,c, and the five test folds are pooled per seed, giv-
ing 468 predictions per subset. For task t with Ct classes,

F1,t(S) =
1

Ct

Ct∑
c=1

2TPc

2TPc + FPc + FNc
,

Avg7t =
1

7

∑
∅̸=S⊆M

F1,t(S).

(3)

Activity Avg-7 is primary, with pose and joint Avg-7 and activity
Worst-7, the within-seed minimum subset score. Paired 95% inter-
vals use 5,000 subject-cluster bootstrap draws shared between com-
pared methods. They are conditional on the fitted models and folds,
excluding retraining and new-cohort uncertainty, and exploratory
without multiplicity correction.
Comparators and optimization. In Table 1, C1 must be compared
with A0 to isolate the auxiliary weight, since B3 shares their in-
ference architecture but not their training graph. Logit-KD targets
complete-input logits of the same online network. These 14 con-
figurations give 210 training tasks over five folds and three seeds,
with AdamW at learning rate 3 × 10−4, weight decay 10−4, batch
size 128, gradient clipping at 1, at most 120 epochs, and patience
15. The factorial experiment keeps these settings, seeds 20260816–
20260818, and validation Avg-7 selection, covering 60 training cells,
50 of them new.
Representation probes and token reduction. Linear probes fit sep-
arate logistic-regression heads (L-BFGS, C = 1, at most 2,000 iter-
ations) to seven fixed representations, giving 70 heads over five folds
without tuning or repeated seeds, with standardization fitted on train-
ing windows only. Radar uses a 16×16 pooled scalogram, 135 spec-
tral/statistical features (40 Hann-periodogram log-power bins over
0.1–4 Hz and five statistics per trace), mean V-JEPA2 features of
1,024 dimensions, and their 256-dimensional whitened PCA fitted
on training data (seed 20260908). Mean RGB, mean depth, and full
concatenation complete the set. Token reduction evaluates two 64-
token variants of all 15 final checkpoints without retraining. The
RGB/depth cache holds 32 temporal groups and four spatial stripes,
so spatial aggregation gives 32×2 groups and temporal aggregation
16× 4, while radar uses the same reduction in both.

5. RESULTS AND DISCUSSION

Subset-aware training addresses the largest deficit. Full-only
reaches 80.51% activity macro-F1 with all sensors but only 57.92%
Avg-7, whereas Subset-mean reaches 71.88%, as shown in Table 1.
This 13.96-point difference includes subset-aware checkpoint selec-
tion. It gains 31.69, 27.47, and 29.87 points for depth, radar, and
depth+radar, but changes by -1.03 with complete input, so it mainly

corrects the mismatch between training and available sensors.
Frozen predictive features support the task, but the downstream
decision must still be trained for the observed subsets.

Matched capacity qualifies the pooling claim. The earlier 2.17
pp gain of Subset-query over Subset-mean also changes parameter
count. With matched capacity, as shown in Table 2 and depicted in
Figure 2(b), mean minus query is +0.206 pp [-1.083, 1.457] under
balanced supervision, while query exceeds mean by 1.433 pp [0.024,
2.879] under all-view supervision, close to the interval boundary.
The interaction (Qall −Qbal)− (Mall −Mbal) of 1.639 pp [-0.061,
3.350] does not establish a special synergy.

Table 2. Completed capacity-matched comparison. All four models
have 882,695 downstream parameters. Scores are recording-level
macro-F1 (%), with three-seed sample SD for activity Avg-7 and
means for the remaining columns.
Pooling / supervision Act. Avg-7 Pose Joint Worst-7

Query / balanced 73.31± 0.21 89.41 65.49 54.43
Mean / balanced 73.51± 0.99 89.61 65.58 56.09
Mean / all-view 73.80± 1.00 90.47 66.72 56.70
Query / all-view 75.23± 0.60 91.25 68.85 59.59

All-view supervision improves the matched query model.
Query/all-view reaches 75.23% ± 0.60 activity Avg-7 against
73.31 ± 0.21 for its local query/balanced control, a paired gain of
1.923 pp [0.647, 3.209] that is positive for each seed. Pose and joint
improve by 1.845 pp [1.069, 2.642] and 3.368 pp [1.919, 4.918].
The earlier B3 score of 74.05 records a different execution, not this
same-environment reference. As depicted in Figure 2(a), the gain
concentrates in incomplete inputs, with depth rising from 54.43
to 59.59% and radar from 67.39 to 71.45%. Depth remains the
weakest subset, and the final model does not dominate every sensor
condition.

One network compared with seven specialists. The final model
is 0.490 pp [-0.607, 1.626] above the earlier specialist bank, which
establishes neither superiority nor equivalence, and the bank was not
rerun in the new environment. The specialists remain higher for
depth and radar alone. Its 882,695 downstream parameters cover
every availability state, against 4,381,745 for a bank pruned to its re-
quired branches, both excluding the shared frozen encoder of about
304 million parameters. This concerns storage and maintenance, not
end-to-end speed or energy.

Radar probes test representation transfer. As shown in Table 3,
with the same classifier type, mean V-JEPA2 features exceed pooled
CWT pixels by 6.319 pp [2.751, 9.996] in activity F1, and the PCA
control retains 3.951 pp [0.287, 7.729] at the same input dimension.



Fig. 2. (a) Activity macro-F1 per sensor subset (three-seed means) for the local query/balanced control, the final query/all-view model, and
the earlier specialists, with D depth and R radar. (b) Activity Avg-7 of the four capacity-matched models with training-seed SD, not subject
intervals. Lower panels give paired contrasts in pp with 95% subject-bootstrap intervals.

This supports transferred information beyond the pooled-image de-
scriptor, although PCA fitting and pixel pooling prevent complete
isolation of the encoder. The 2.143 pp [-1.217, 5.500] difference
over spectral/statistical features leaves activity superiority uncertain.
The radar probe also exceeds the radar-only shared model (76.31
against 71.45%), so feature information is not equally used by every
downstream configuration, although the gap does not identify inter-
ference.

Table 3. Fixed radar linear probes, with classifier input dimension
and radar-only recording-level macro-F1 (%), not seven-subset aver-
ages. Each row pools five OOF folds without repeated seeds.
Radar representation Dim. Activity Pose Joint

Pooled CWT pixels 256 69.99 71.30 45.06
Spectral/statistical 135 74.17 76.00 52.91
V-JEPA2 mean + PCA 256 73.95 82.22 60.49
V-JEPA2 mean 1,024 76.31 84.58 64.17

Post-training compression approximately preserves mean
scores. At 64 tokens the final checkpoints give activity Avg-7 of
75.26% ± 0.34 with spatial and 75.10% ± 0.20 with temporal
aggregation. Spatial 64 minus the 128-token reference is +0.025
pp [-0.431, 0.484], and temporal minus spatial -0.152 pp [-0.589,
0.272], proving neither equivalence nor a preferred geometry, so
128 tokens remain the reference. The FP32 payload halves from
1.50 to 0.75 MiB per window, although the 128-token cache is still
read. An earlier B3 reduction to 32 tokens lowered Avg-7 from
74.05 to 59.24%. As reduction follows global encoder attention,
neither experiment isolates local spatial or temporal information.
The matched predictive loss does not improve Avg-7. Consen-
sus minus Zero-loss is -0.005 pp [-1.350, 1.278], a contrast that
changes only the auxiliary weight. Direct alignment and Logit-KD
do not exceed Subset-query, but change parameters or targets and
do not show that such objectives generally fail. Over 15 Consen-

sus checkpoints and six incomplete subsets, the median weighted
auxiliary/task gradient-norm ratio is 0.065%, and gradient cosine is
negative in ten of 90 conditions. This indicates a weak auxiliary
contribution at this weight, without establishing its cause or repre-
sentation collapse, so the null result is specific to the tested target
and protocol.

What this contributes to JEPA-based world models. The study
separates transfer from a JEPA backbone, training an observation
classifier for missing sensors, and learning predictive dynamics.
This encoder could precede a separate transition model, but
classification does not establish a physically sufficient or sensor-
independent state. The transferable lesson is to test observation
encoders across deployment subsets with controlled capacity,
exposure, and auxiliary-loss baselines.

Incremental evaluation and published sensing baselines. Table 4
places our stages beside published models that process engineered
camera/radar or derived cardiorespiratory signals [1, 9, 18].
The initial distillation used an RGB–radar teacher and rolling
leave-one-subject-out evaluation with three validation subjects and
window metrics, whereas the controlled stage adds subject-group
folds, recording aggregation, and corrected orientation and radar
windowing. Because protocols differ, 75.23% Avg-7 cannot be
interpreted as a controlled improvement over 70.43%. Likewise, the
full-input 82.23% macro-F1 and published 87.2% hybrid accuracy
cannot establish a performance ranking because both the metrics
and evaluation protocols differ.

Scope and remaining evidence. We test declared absence, not fail-
ure detection or corrupted inputs, and all seven subsets appear in
training. Unseen sensors, incomplete records, free-living activity,
new sites, and other backbones are not evaluated. Training com-
pute and specialist exposure are unmatched, pose may use acqui-
sition context, and repeated development on this cohort limits the
intervals. An exposure control with one update from seven indepen-



Table 4. Published OMuSense-23 baselines and stages of this work,
as activity accuracy/macro-F1 (%). Published protocols are subject
fivefold, except the 30/10/10 split of physiological SSL. Stages are
not matched reruns, earlier F1 aggregation differs from pooled OOF
scoring, and a dash marks an untabulated result.
Study/stage (representation) Full input Seven subsets

Published, N = 50, window-level protocols
OMuSense-23 [1] (477 handcrafted) 81.0/81.0 –
Physiological SSL [9] (four 1-D) 74.0/– –
Hybrid fusion [18] (handcrafted+deep) 87.2/– –

Initial stage, N = 39, rolling LOSO/window
V-JEPA2 (frozen RGB, depth, radar) 77.99/76.27 –
Distillation (experts + teacher) 81.33/79.80 72.39/70.43

Controlled stage, N = 39, fivefold OOF/recording
Full-only (B0), corrected cache –/80.51 –/57.92
Subset-query (B3), same cache –/81.18 –/74.05
Query/all-view, final –/82.23 –/75.23

dent batches differs from all-view by +0.140 and -0.488 pp in two
validation cells, so a unique benefit from reusing examples is not es-
tablished. Saved predictions and paired intervals are available. Full
reproduction also requires model checkpoints, cached features, and
subject splits. Other small fusion and auxiliary-loss screens remain
exploratory.

6. CONCLUSION

We present a shared multimodal fusion model that recognizes breath-
ing activity and pose from frozen V-JEPA2 representations of RGB,
depth, and radar under all seven non-empty sensor subsets, with-
out reconstructing missing measurements. Supervising all subsets
in each batch yields an activity Avg-7 of 75.23% ± 0.60 and im-
proves the matched control by 1.923 pp, primarily for incomplete
inputs. Under matched capacity, query pooling shows no clear ad-
vantage over matched mean pooling under balanced supervision,
and the Consensus-JEPA loss yields no measurable gain. The ev-
idence therefore supports direct supervision over the known avail-
ability states with explicit checks of representation, capacity, un-
certainty, and compression, whereas predictive state modelling for
JEPA-based world models remains a separate question.
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