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Abstract

Recovering ego-camera orientation from manipulation video001
is a prerequisite for disentangling hand motion from cam-002
era motion, a key step in imitation learning from egocen-003
tric demonstrations. The obvious approach, inferring ori-004
entation from scene geometry, fails when hands occlude005
the frame: VGGT, a 1B-parameter scene reconstruction006
model, scores worse than a constant predictor on the TACO007
benchmark. We identify an alternative visual concept that is008
present precisely when scene geometry is absent: kinematic009
coupling dynamics, the structured physical relationship be-010
tween wrist motion and camera orientation imposed by the011
arm-shoulder-head chain. We find that this concept is com-012
pact (4D inter-wrist features outperform 126D full hand013
keypoints), temporal (requiring a GRU over short windows014
rather than per-frame retrieval), and physically grounded015
(transferring zero-shot across datasets because it is rooted016
in anatomy rather than scene appearance). Trained only017
on tabletop manipulation, WristCompass transfers zero-shot018
to Epic Kitchens cooking video, achieving 14.3° median019
geodesic error and approaching the performance of a 1B-020
parameter scene model at 200K GRU parameters.021

1. Introduction022

Egocentric manipulation video is an observation from a joint023
space: ego motion (camera orientation in SO(3)) entangled024
with world state (hand and object configuration). Disentan-025
gling these components enables ego-motion-compensated026
hand trajectories, a prerequisite for learning manipulation027
policies from egocentric human demonstrations [5, 20, 21].028
Identifying the right visual concept for each component is029
critical, but the camera orientation has proven surprisingly030
hard to recover. Scene-based approaches fail where hands031
occlude the frame: VGGT [17], a 1B-parameter scene recon-032
struction model, scores 23.98◦ median geodesic error on the033
bimanual manipulation benchmark TACO [10], worse than034
a constant predictor (21.22◦). The scene-geometry concept035

simply does not exist when the scene is occluded. 036

We identify the concept that does exist and is sufficient 037
for recovering the camera orientation: kinematic coupling 038
dynamics. The arm-shoulder-head chain imposes a struc- 039
tured physical relationship between wrist motion and camera 040
orientation. This suggests that egocentric video contains a 041
compact, structured representation of ego motion encoded 042
in body dynamics, a visual concept that is present precisely 043
when scene geometry is absent. 044

This concept has three properties that characterize it as a 045
structured visual concept. Compact: 4D inter-wrist features 046
outperform 126D full hand keypoints (17.5◦ vs. 13.80◦), 047
consistent with the signal concentrating in the inter-wrist 048
vector. Temporal: a nearest-neighbor lookup on per-frame 049
features scores 26.69◦, worse than constant, while a GRU 050
over 12-frame windows achieves 13.80◦; the concept is not 051
accessible to static retrieval, only to temporal models. Phys- 052
ically grounded: trained only on TACO tabletop manipula- 053
tion, WristCompass transfers zero-shot to Epic Kitchens [3]. 054
It achieves 14.32°, approaching the performance of VGGT 055
at 1000× lower parameter count, because the concept is 056
grounded in anatomy rather than scene appearance. 057

Contributions: (1) identifying kinematic coupling dynam- 058
ics as a compact, structured, temporally-grounded visual 059
concept sufficient for camera orientation recovery in ma- 060
nipulation video; (2) WristCompass, realizing this concept 061
from bare RGB; (3) a zero-shot transfer result demonstrat- 062
ing that the concept generalizes across datasets because it is 063
grounded in anatomy rather than scene appearance. 064

2. Related Work 065

Ego-camera pose estimation. Recovering ego-camera ori- 066
entation from video has been approached primarily through 067
scene structure. Classical approaches such as SLAM sys- 068
tems [2, 15] track sparse keypoints across frames, while 069
structure-from-motion methods [14] and learning-based re- 070
construction approaches [17, 18] reconstruct camera trajecto- 071
ries from scene geometry. These methods require sufficient 072
scene texture and viewpoint diversity, assumptions that break 073
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on close-up manipulation video where hands occlude most074
of the frame. As we show in Sec. 4, VGGT, a 1B-parameter075
scene reconstruction model, inherits the same failure mode076
despite state-of-the-art performance on standard benchmarks.077
IMU-based approaches can recover orientation but require078
dedicated hardware unavailable in existing RGB-only video079
archives. WristCompass targets precisely this regime, recov-080
ering orientation post-hoc from bare monocular RGB.081

Ego-body, head, and hand pose estimation. Recovering082
body, head, or hand pose from egocentric video represents083
a complementary line of work, but each approach assumes084
information that is unavailable in close-up manipulation.085
EgoAllo [19] and EgoEgo [9] recover head or body pose086
from egocentric video but assume a wide-field view in which087
the body is partially visible, an assumption that fails in close-088
up manipulation. In the hand pose domain, WiLoR [13]089
recovers 3D hand meshes from monocular RGB (we use it090
as our keypoint extractor) and HaWoR [21] extends this to091
world-space trajectories via SLAM-based tracking. Both092
treat hand pose as output requiring camera pose as input.093
WristCompass reverses both directions: we recover cam-094
era orientation from wrist dynamics observable in the ego095
frame, rather than inferring body pose from camera motion096
or requiring camera pose to estimate hand trajectories.097

3. Method098

Input representation. Given an egocentric video, we ex-099
tract 3D hand keypoints using WiLoR [13]. From each100
frame, we take the two wrist positions, right wrist and left101
wrist, and compute a 4D inter-wrist feature vector:102

ft =

[
∥dt∥,

dt

∥dt∥

]
∈ R4 (1)103

where dt = wL
t − wR

t is the left-minus-right wrist differ-104
ence vector. The first component is inter-wrist distance; the105
remaining three form a unit direction vector on S2. Fea-106
tures are z-score normalized using training set statistics and107
mean-centred per video at test time (using per-video statis-108
tics computed from the test video itself) to remove postural109
bias without leaking cross-video information. We use 4D110
inter-wrist features rather than full hand keypoints. The ori-111
entation signal concentrates in the inter-wrist vector while112
finger articulations encode subject-specific style that hurts113
cross-subject generalization, as we validate empirically in114
Sec. 4.115

Temporal model. We process the feature sequence with a116
two-layer GRU:117

ht = GRU(ft−W :t; θ), W = 12 (2)118

where W=12 frames (≈0.4s at 30fps), selected by sweeping119
over window sizes (Table 1). A linear head maps ht ∈ R128120

to a 6D rotation representation [22], projected to SO(3) via 121
Gram-Schmidt orthogonalization. We train by minimizing 122
geodesic loss against TACO ground-truth rotations from 123
NOKOV optical motion capture, using Adam (lr=5×10−4) 124
with early stopping on a held-out validation split (frame-level 125
80/20, used solely for early stopping). 126

Inference. WristCompass has 200K parameters (excluding 127
WiLoR as a shared frozen feature extractor). At inference, 128
we run WiLoR on each frame and compute ft when both 129
wrists are detected; frames with only one detected wrist 130
are dropped (not interpolated). On Epic Kitchens (≈50% 131
bimanual detection), evaluation is computed over bimanual 132
frames only; GRU windows span non-consecutive frames 133
when detections are sparse. The full pipeline runs in real 134
time on CPU from bare monocular RGB. 135

4. Experiments 136

4.1. Datasets and Evaluation 137

TACO [10] is our primary training and evaluation bench- 138
mark, providing 17 subjects performing 15 tool-action-object 139
activities (5,210 frames) with a helmet-mounted RealSense 140
L515 and NOKOV optical motion-capture ground truth for 141
camera rotation. Evaluation uses Procrustes alignment, a 142
single global rotation applied to all predictions within a 143
video to minimize mean geodesic error, measuring relative 144
orientation structure rather than absolute pose. We report 145
median geodesic error, averaged over 5 random seeds on a 146
fixed train/val split (80/20, stratified by subject), with early 147
stopping on the held-out portion. 148

Epic Kitchens [3] is a large-scale egocentric cooking 149
dataset with a chest-mounted GoPro that serves as our zero- 150
shot transfer target. We use EPIC Fields [16] COLMAP 151
poses as ground truth and evaluate on 36 participants, 62 152
videos, 16,609 frames (minimum thresholds: 70% COLMAP 153
coverage, 10◦ constant baseline per video). COLMAP poses 154
are a proxy for ground truth and may exhibit drift in texture- 155
less or heavily occluded regions. 156

4.2. TACO In-Distribution Results 157

Table 1 and Figure 2 compare WristCompass against all 158
baselines and report architecture ablation results on TACO. 159
WristCompass achieves 13.80◦ ± 0.14◦, outperforming all 160
baselines. 161

Three findings stand out. First, VGGT (23.98◦) is worse 162
than the constant predictor (21.22◦), confirming that scene- 163
based approaches fail on close-up manipulation video. Sec- 164
ond, the 126D full-keypoint MLP (17.5◦) is worse than 4D 165
wrist geometry. A controlled comparison with an identical 166
GRU architecture on 126D input confirms this: 4D wins on 167
all 5 folds of subject-level cross-validation, ruling out archi- 168
tecture and capacity as confounds. Third, NN retrieval on the 169
same 4D features scores 26.69◦, worse than constant, show- 170
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Figure 1. WristCompass overview. (a) Kinematic coupling: the arm-shoulder-head chain couples wrist motion dynamics to ego-camera
rotation. (b) 4D inter-wrist features for a representative session: only the distance feature carries temporal variation at this timescale,
direction components encode relative hand geometry. (c) WristCompass predicted yaw vs. ground-truth (GT) yaw (5.7◦ median geodesic).
Shaded region indicates prediction uncertainty. The model tracks head rotation from wrist dynamics alone, with no scene information.

Table 1. TACO results and ablation. Top: baselines including
scene-based (VGGT), static (NN retrieval), and full-keypoint (MLP
126D) approaches. A controlled comparison (identical GRU on
126D input) confirms 4D wins on all 5 folds of subject-level CV.
Bottom: step-by-step architecture ablation, all GRU rows use 4D
inter-wrist features; LR and val split were tuned jointly. All values
are median geodesic error in degrees so lower is better.

Method Geodesic (◦) ↓

Constant-R baseline 21.2
VGGT 1B [17] 24.0
NN retrieval (4D, static) 26.7
MLP, 42 joints (126D) 17.5

GRU W=32 (init) 16.9
→W=16 15.8
→ LR 5×10−4 + val split 13.8
→W=12 13.7

WristCompass (5 seeds) 13.8± 0.14

ing the orientation signal is not accessible to static retrieval171
and requires temporal context.172

Per-activity analysis. Supplementary Figure 4 shows per-173
activity results. WristCompass beats the constant baseline174
on 11/15 activities. It performs best on cyclic motions:175
stir/spoon (5.9◦), brush/brush (6.5◦). It does worst on activ-176
ities where head orientation decouples from wrist dynam-177
ics: smear/glue-gun (37.3◦), measure/ruler (24.3◦). In these178
cases, the subject’s wrists remain nearly stationary while the179
head rotates to inspect different workspace regions, breaking180
the kinematic coupling assumption.181

4.3. Zero-Shot Transfer to Epic Kitchens182

Trained exclusively on TACO, WristCompass achieves183
14.32◦ zero-shot on Epic Kitchens, with 33 of 36 participants184
beating the constant baseline. Despite different ground-truth185

Table 2. Epic Kitchens comparison (36 participants, zero-shot for
WristCompass). Parameter count for WristCompass refers to the
GRU only; WiLoR keypoint extractor is a shared prerequisite not
counted in this comparison.

Method Params Geodesic (◦) ↓

Constant-R — 18.5
VGGT [17] 1B 12.8
WristCompass 200K 14.3

sources (mocap vs. COLMAP), camera mountings (helmet 186
vs. chest), and activity domains, performance is comparable 187
to in-distribution TACO (13.80◦). Figure 3 shows the per- 188
participant breakdown. P14 (constant 66.1◦ → GRU 5.3◦) 189
demonstrates strong signal extraction when head movement 190
is rich. The three failures (P10, P13, P31) are single-video 191
participants with limited COLMAP pose quality. 192

As shown in Table 2, compared to VGGT (12.83◦), Wrist- 193
Compass (14.32◦) trails by 1.5◦ at 1000× lower GRU pa- 194
rameter count. COLMAP ground truth may favor VGGT, 195
which shares its scene-geometry assumptions. Both substan- 196
tially beat the constant baseline (18.54◦). The methods have 197
complementary failure modes: VGGT wins on discrete ma- 198
nipulation tasks where scene structure changes predictably, 199
while WristCompass wins on cyclic tasks where inter-wrist 200
dynamics are more stable. On TACO, where scene features 201
are largely occluded, WristCompass wins by over 10◦. 202

5. Discussion and Limitations 203

Failure modes and scope. WristCompass works best when 204
head movement is rich (constant baseline > 15◦) and both 205
hands are consistently visible. P14 (constant 66◦, GRU 5◦) 206
shows the potential ceiling. Cyclic tasks (stir, brush) are 207
particularly well-suited. The model cannot improve on the 208
constant baseline when head orientation is near-static: on 209
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Figure 2. TACO results and ablation. NN retrieval (26.7◦) is
worse than the constant baseline (21.2◦); the orientation signal is
not accessible to static retrieval. WristCompass (13.8◦) outper-
forms VGGT 1B (24.0◦) at 200K GRU parameters.

Figure 3. Epic Kitchens zero-shot (36 participants). Points
below diagonal: WristCompass beats constant baseline (33/36,
blue). Points above: failures (3/36, red). P14 (constant 66◦, GRU
5◦) is a striking outlier.

close-up manipulation datasets with limited head movement210
such as HOT3D (5.1◦) and ARCTIC (5.5◦), there is insuffi-211
cient rotational signal to recover [1, 4]. Activity-level fail-212
ures (smear 37.3◦, measure 24.3◦) occur when wrist position213
is constrained independently of head orientation, breaking214
kinematic coupling. Both of the datasets we evaluate, TACO215
and Epic Kitchens, involve standing manipulation, transfer216
to seated or full-body activities remains untested.217

Kinematic coupling as a physical visual concept. Most 218
concept learning methods, including β-VAE [7], Slot Atten- 219
tion [12], and Concept Bottleneck Models [8], discover struc- 220
ture from co-occurrence statistics in training data, so their 221
generalization is bounded by training distribution diversity. 222
Inductive-bias approaches impose architectural priors such 223
as competition and capacity limits [11], but these are still 224
learned constraints rather than physical ones. Kinematic cou- 225
pling occupies a third position: its 4D inter-wrist representa- 226
tion is not learned from data but dictated by biomechanics— 227
the physical structure of the human arm-shoulder-head chain. 228
This makes it physically grounded: it generalizes across en- 229
vironments and activity domains because human anatomy 230
is shared, not because the training distribution covers the 231
test distribution. It is also intrinsically temporal—the NN 232
retrieval ablation shows the concept is invisible in any single 233
frame and only emerges over time. The zero-shot trans- 234
fer from TACO to Epic Kitchens provides direct empirical 235
evidence for both properties. 236

Limitations. Several limitations of the current approach 237
point toward future directions. WristCompass recovers rel- 238
ative camera orientation, which is how the camera rotates 239
over time, rather than absolute pose. This is sufficient for 240
downstream tasks such as ego-motion-compensated hand 241
trajectory extraction, where action representations depend 242
on frame-to-frame rotation rather than global heading, but 243
absolute calibration remains an open problem. Single-hand 244
frames (≈48% of Epic Kitchens frames) currently fall back 245
to a constant predictor; improving single-hand fallback is 246
a clear direction for future work. Epic Kitchens evaluation 247
uses raw WiLoR-mini keypoints without smoothing (≈50% 248
bimanual detection); Kalman–RTS smoothing improves 249
TACO (≈100% detection) but degrades Epic Kitchens by 250
replacing temporal signal with near-constant interpolations, 251
suggesting that detection-aware smoothing strategies warrant 252
further investigation. 253

6. Conclusion 254

We identify kinematic coupling dynamics, the temporal re- 255
lationship between bimanual wrist motion and ego-camera 256
orientation imposed by the arm-shoulder-head chain, as a 257
compact, physically-grounded visual concept for recovering 258
the camera orientation of manipulation video. WristCom- 259
pass realizes this concept with 200K GRU parameters from 260
bare monocular RGB, outperforming a 1B-parameter scene 261
model on close-up manipulation and generalizing zero-shot 262
to kitchen video. Future directions include depth integration, 263
explicit ego-world disentanglement [6], and downstream 264
robot policy learning. 265

References 266

[1] Prithviraj Banerjee, Sindi Shkodrani, Pierre Moulon, Shreyas 267
Hampali, Fan Zhang, Jade Fountain, Edward Miller, Selen Ba- 268

4



CVPR
#*****

CVPR
#*****

CVPR 2026 Submission #*****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

sol, Richard A. Newcombe, Robert Wang, Jakob Julian Engel,269
and Tomas Hodan. Introducing hot3d: An egocentric dataset270
for 3d hand and object tracking. ArXiv, abs/2406.09598, 2024.271
4272

[2] Carlos Campos, Richard Elvira, Juan J. Gómez Rodrı́guez,273
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Supplementary Material359

A. Controlled 4D vs. 126D comparison. Table 3 reports a360
head-to-head comparison using identical GRU architectures361
(W=12, hidden=128, 2 layers) on 4D inter-wrist vs. 126D362
full-keypoint input, evaluated via 5-fold subject-level cross-363
validation. 4D outperforms 126D on all 5 folds, ruling out364
architecture and capacity as confounds. The 126D model365
overfits to subject-specific finger articulations that do not366
transfer to held-out subjects.367

Table 3. 4D vs. 126D GRU (5-fold subject-level CV, 5 seeds per
fold). 4D wins on every fold.

Fold 4D (◦) 126D (◦) ∆

0 4.67 6.81 −2.14
1 6.44 7.98 −1.54
2 3.68 7.82 −4.14
3 8.56 12.14 −3.58
4 2.68 6.66 −3.98

Mean 4.77± 0.24 7.84± 0.25 −3.07

B. Per-axis error decomposition. On TACO, WristCom-368
pass achieves per-axis median errors of yaw 8.44◦, pitch369
5.28◦, roll 3.87◦. Yaw (left-right head rotation) carries the370
most error, consistent with the inter-wrist vector being most371
informative about lateral head movement. Pitch and roll372
are better constrained by the arm-shoulder-head kinematic373
chain.374

C. All-frames Epic Kitchens evaluation. The main paper375
reports 14.32◦ on bimanual frames only (≈52% of frames).376
For a deployment-realistic estimate, we blend GRU predic-377
tions on bimanual frames with the constant-R baseline on378
single-hand/no-hand frames:379

Table 4. Epic Kitchens blended evaluation (62 videos, 16,609
total frames).

Metric Geodesic (◦) ↓

Constant-R (all frames) 18.54
GRU-only (bimanual, 52%) 14.32
Blended median (per-video) 16.56

The 2.0◦ gap between GRU-only and blended reflects the380
48% of frames where only one or no hands are detected.381
Improving single-hand fallback is a clear direction for future382
work.383

D. Per-activity breakdown. Figure 4 shows per-activity384
TACO results.385

E. Failure case: kinematic decoupling. Figure 5 shows386
a representative failure (empty/bowl/plate, session 8, 21.3◦387
geodesic). Between t=4–6s, the subject’s head rotates ≈14◦388
in yaw while wrists remain stationary — the subject looks389

Figure 4. Per-activity TACO results (5 seeds, IQR error bars).
Blue: beats constant (11/15). Red: below constant (4/15). Cyclic
motions (stir, brush) are easiest; decoupled motions (smear, mea-
sure) are hardest.

away from their hands to inspect the workspace. Wrist- 390
Compass cannot track this head rotation because the kine- 391
matic coupling between wrist motion and head orientation 392
is broken. This failure mode is systematic: it accounts for 393
the worst per-activity results (smear/glue-gun 37.3◦, mea- 394
sure/ruler 24.3◦) where wrist position is constrained inde- 395
pendently of gaze direction. 396

Figure 5. Failure case: kinematic decoupling. GT yaw (blue)
drops 14◦ between t=4–6s while WristCompass prediction (or-
ange) remains flat. The subject’s head rotates independently of
their stationary wrists.
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