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Table 6. Key notations.

Meaning

S Labeled source domain dataset
T Unlabeled target domain dataset
x® Source image and its annotation

zT Target image (unlabeled)

H Predicted heatmaps

fo(*) Student pose estimator

for () Teacher pose estimator

T EMA decay for updating the teacher

Ls,Lt, L Source loss, target consistency loss, and total loss
D,(:_ 2 Group-wise metric for keypoint channel k&

A Weight of the target consistency term

gout, gout gradients for source / target objectives

g;’;’ttal Filtered combined output space gradient

alk) Group-wise second-moment accumulator

“w EMA decay for o(¥)

€ Small constant for numerical stability

p Momentum variable in Hamiltonian optimization
€ Step size of the symplectic update

A. Parameter-space alignment and projection

We decompose the final-layer parameters by key-
point/channel, writing the set responsible for the k-th
heatmap as

0% = (W, by}

For this parameter block, let J, = 0Hy/ 90F) be the Ja-
cobian of the channel output. Given output-space gradi-
ents ggk) and gt(k), the chain rule yields the corresponding

parameter-space gradients:
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These quantities measure how each channel influences the

parameters.
To capture the geometry of updates applied throughout
training, each block #(*) is equipped with a diagonal metric
DI =M +e)1, &>, (22)

where the scalar accumulator tracks recent squared update
magnitudes:

a((Jk) =1.

(23)
This metric effectively rescales each block according to the
curvature implied by its past motion.
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Using this metric, we define the cosine-like alignment
between source and target gradients:
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This quantity captures whether the two domains produce
mutually reinforcing or conflicting signals under the metric.
The corresponding projection amplitude is

(24)
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This coefficient measures how much of the target gradient
aligns with the source direction.
Although the coefficients are computed in parameter
space, the projection itself is performed in output space:
k k
gt = ax g,
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This separation ensures that only the aligned component
contributes to cross-domain transfer.

B. Non-conflict property under the parameter-
space metric

We now show that the filtered update is non-conflicting with
the source gradient after pullback. Let
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By substituting (26) and (25) into the definition,
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This expression explicitly subtracts from g§’“>

onto the source direction.
Taking the metric inner product with @é’” gives

its projection
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Thus the orthogonal component remains orthogonal under
the parameter-space metric after pullback.

To incorporate teacher confidence and cross-domain
agreement, the filtered target gradient is

M =M v drang®, o

Pulling back,

(k) k)
Jtpc = gt ¢ + drargh).
The metric inner product of the composed update with
the source direction becomes
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(29)
since ¢ > 0, ar, > 0 whenever p; > 0, and the quadratic
form is positive. Hence the composed update is non-
conflicting with respect to the source direction under the
parameter-space metric.
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C. Datasets Details

We employ three human pose datasets and three hand pose
datasets that span both synthetic and real image domains.
These datasets provide diverse appearance variations, an-
notation styles, and environmental conditions, enabling a
comprehensive evaluation of cross-domain generalization.
Human pose datasets. For human pose estimation, we use
SURREAL [34] as the synthetic source domain. SURREAL
is rendered from SMPL body models under randomized
textures, illuminations, and motions, and contains over six
million images with dense 2D pose and segmentation anno-
tations. Its large-scale and controlled rendering environment
make it suitable for generating a wide range of synthetic
poses, though its synthetic appearance introduces significant
domain gaps.

As real-world target domains, we consider Hu-
man3.6M [13] and Leeds Sports Pose (LSP) [17]. Hu-
man3.6M consists of 3.6 million high-resolution frames
captured from multiple synchronized cameras in an indoor
motion-capture environment. Despite its controlled setting,
it exhibits realistic lighting and clothing variations and is
widely used for evaluating real-world human pose models.
Following standard protocols [14, 18], we use subjects S1,
S5, S6, S7, and S8 for training, and reserve S9 and S11 for
testing to ensure a clean subject-level split. LSP contains
2,000 images collected from sports scenes in unconstrained
outdoor environments. It includes challenging poses, self-
occlusion, foreshortening, and diverse backgrounds. All
images are used as unlabeled target samples during adapta-
tion due to the relatively small dataset size.
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Method SURREAL—H36M| RHD—H3D
etho All Improvement | All Improvement
No-mom. 78.5 - 82.3 -

Mom.  79.1 +0.6  [826  +0.3
HT (Ours)79.8  +1.3 (831  +0.8

Module SURREAL—H36M RHD—H3D
MeanCost NegCos/|[MeanCosT NegCos.
Backbone  0.24 0.19 0.22 0.18
Head 0.12 0.34 0.11 0.32
Method SURREAL—H36M RHD—H3D
Earlyt NegCos/ Finalf|Early! NegCos Final{

None 70.0 0.41
Orth 75.8 0.21
Full 752  0.26

772|755 038 809
7761790 0.19 815
7851 786 023 823

Table 7. No-mom.: SGD without momentum. Mom.: SGD with
momentum. HT: Hamiltonian Transport. MeanCos/NegCos: mean
and negative rate of cos(gs, g:), computed online at 10/50/90%
training progress and averaged over 100 training iterations per
phase. Early: performance at 10% of the training process.

Hand pose datasets. For hand pose estimation, we adopt
the Rendered Hand Pose Dataset (RHD) [42] as the synthetic
source domain. RHD contains 43,986 rendered images with
accurate hand annotations. We follow the official split and
use 41,258 images for training and 2,728 for validation. The
rendering pipeline introduces a clear synthetic-to-real gap,
especially in texture realism and hand—object interactions.

As real-world target domains, we select Hand-3D-Studio
(H3D) [40] and FreiHand [43]. H3D provides 22,000 real
RGB frames with 3D and 2D hand annotations captured
using a multi-view camera rig. Following common prac-
tice [14, 18], we use 18,800 frames for training and the
remaining for testing. The dataset features diverse lighting
conditions and realistic articulation, making it a strong bench-
mark for real-world adaptation. FreiHand contains 130,000
real images covering a wide spectrum of poses, viewpoints,
and hand-object interactions. All images are used as target-
domain samples. Compared with H3D, FreiHand exhibits
more complex hand appearance changes, stronger occlusion
patterns, and higher variability in camera viewpoints.

In addition, we include the in-the-wild COCO Whole-
Body Hand Dataset (WBH). WBH is generated by cropping
hand instances from the COCO Whole-Body dataset [16],
resulting in 76K training samples and 3.8K testing samples,
each annotated with 21 keypoints. WBH features diverse
backgrounds, spontaneous activities, and significant illumi-
nation variations, providing a real-world distribution that
differs substantially from both RHD and FreiHand.

D. More Ablation Study

(1) Hamiltonian Transport vs. Plain Momentum. Table 7
shows that plain momentum brings only limited improve-



ment over vanilla SGD, whereas our Hamiltonian Transport
(HT) achieves consistently larger gains on both transfer set-
tings. This indicates that the advantage of HT does not
simply come from adding inertia to the optimization. In-
stead, HT reshapes the target-driven update based on its
relation to the source gradient, so that conflicting target sig-
nals are better controlled while useful adaptation cues can
still be preserved. As a result, HT provides a more effective
optimization behavior than standard momentum under noisy
pseudo supervision.

(2) Layer-wise Analysis. As shown in Table 7, the predic-
tion head consistently exhibits the lowest MeanCos and the
highest NegCos, indicating that pseudo-label-induced gra-
dient conflict is mainly concentrated in the final prediction
layers. This is expected because the head directly maps inter-
mediate representations to heatmaps and is therefore more
sensitive to pseudo-label noise. In contrast, the backbone
learns more general visual representations and is less directly
affected by erroneous target supervision. This observation
supports our design choice of refining only the head: it fo-
cuses on the most conflict-prone part of the network, reduces
the risk of noisy gradients propagating into the backbone,
and avoids the extra cost of full-network refinement.

(3) Orthogonal-only vs. Gated-parallel. Table 7 further iso-
lates the roles of the two components. The Orth variant uses
Gupd = gs + (g+ — ags), which removes the source-aligned
component from the target gradient and keeps only the or-
thogonal residual. This effectively reduces gradient conflict
and improves early-stage performance, showing that sup-
pressing conflicting target directions is particularly helpful
when pseudo labels are still noisy. However, the orthogonal-
only design may also discard target information that is al-
ready beneficial and aligned with the source objective. The
Full version therefore further introduces a confidence- and
alignment-gated parallel term, which selectively restores
useful aligned target signals. Consequently, Orth mainly im-
proves optimization stability and early convergence, while
Full achieves better final adaptation performance by balanc-
ing conflict suppression and target signal preservation.

E. Extended hyper-parameter study

Table 8 reports the ablation studies of alignment schedule
in Eq. (10). We vary the initial sharpness ymin, the final
sharpness Ymax, and the warmup ratio ryaym and measure
target PCK.

The rows with vy,;, = 0 consistently achieve the high-
est scores. Increasing ymin to 0.5 or 1.0 slightly degrades
performance but does not change the overall trend. This
supports the choice of starting from a nonsharpened regime.
For a fixed warmup ratio, performance peaks at a moder-
ate Ymax. The best results appear around ~yp,ax = 2, while
smaller values reduce the benefit of aligned target gradi-
ents and larger values do not provide further gains. Across

Table 8. Ablation of the alignment schedule in Eq. 10. Reported
values are target PCK scores (%) on RHD — H3D. Best result is
highlighted in bold.

Ymin Warmup Ratio Ymax
1.0 15 20 25 3.0
0.0 0.05 68.0 68.8 70.1 69.7 69.3
0.0 0.10 682 69.2 70.3 70.0 69.6
0.0 0.15 68.0 69.0 70.0 69.6 69.2
0.5 0.05 67.6 684 694 69.0 68.8
0.5 0.10 67.8 689 69.7 69.2 69.0
0.5 0.15 67.6 68.6 693 69.0 68.7
1.0 0.05 67.3 68.1 68.6 68.3 68.0
1.0 0.10 67.5 68.3 69.0 68.7 68.4
1.0 0.15 674 68.2 68.7 68.5 68.2

Ymax the differences remain within a narrow band, which
indicates low sensitivity. Varying the warmup ratio shows
that ryarm = 0.10 gives the most reliable improvement
across different vy,i, and Yiax. Shorter warmup ratios use
the sharp gate too early and slightly lower the final PCK,
whereas longer warmup ratios delay adaptation. Overall, the
table reveals a broad plateau around v, = 0, Vmax = 2,
and 7ywarm = 0.10, which matches the default setting used
in the main experiments.

These observations show that the proposed alignment
schedule admits a wide range of workable configurations.
The chosen default lies near the centre of a stable region
rather than at an isolated optimum, which supports the ro-
bustness of our method with respect to alignment sharpness
hyper-parameters.

F. Qualitative Comparisons

Figures 6 and 7 provide qualitative comparisons on hu-
man and hand pose estimation under cross-domhahaain set-
tings. Compared with PCDA and DA-LLPose, our method
produces predictions that are consistently closer to the
ground truth, especially in challenging cases involving occlu-
sion, illumination variation, truncation, and large viewpoint
changes. For human pose estimation, competing methods
often exhibit noticeable joint drift or structurally inconsistent
predictions when the target appearance differs significantly
from the source domain, whereas our method preserves a
more coherent body configuration and yields more accurate
localization of hard joints such as wrists, elbows, and an-
kles. For hand pose estimation, the advantage is even more
evident in fingertip localization and articulated finger struc-
ture: baseline methods are more likely to produce distorted
finger layouts or inaccurate tip positions, while our predic-
tions better respect the underlying hand geometry and remain
more stable under severe pose deformation and appearance
changes.
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Figure 6. Qualitative comparison on human pose estimation. We compare PCDA, DA-LibPose, and our method on challenging cross-domain
cases from Human3.6M and LSP. Each column shows a different test instance, and each row corresponds to a different method. Our
approach produces pose predictions that more closely follow the ground-truth structure, especially under occlusion, illumination changes,
and truncation.
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Figure 7. Qualitative comparison on hand pose estimation. Visualizations on cross-domain hand pose benchmarks comparing PCDA,
DA-LibPose, and our method. Rows show predictions from different methods, and columns show diverse test instances with viewpoint and
articulation variation. Our method achieves more accurate fingertip localization and overall hand structure alignment, producing results
closest to the ground truth.
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