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1. Implementation Details

For our pose estimation model, we utilize the ResNet101 [1]
pretrained on the ImageNet dataset in combination with the
Simple Baseline decoder [2] as the feature extractor P, fol-
lowing [3, 4]. Augmentations such as rotation, translation,
and shear as specified in [4] were used. The hyperparam-
eter 7 in Eqn. 3 and Eqn. 5, with set to 0.5, based on
UniFrame [4]. For the loss function in Eqn. 11, we used
Ao = 1 x107% and A\, = 1 in all experiments. Consis-
tent with [5], the human pose prior model G is implemented
as a 7-layer MLP network, comprising two encoding lay-
ers and five decoding layers. All models were trained with
a batch size of 32 and 500 iterations per epoch for a total
of 70 epochs with Adam optimizer [6] with an initial learn-
ing rate of 1e-04, decaying by a factor of 0.1 after the 45"
and 60" epochs. PyTorch was used as the coding frame-
work, and all experiments were performed on a single 24
GB NVIDIA RTX 3090.

2. Datasets

We utilize the Surreal dataset [7] as the source dataset
for all of our experiments due to its extensive collection
of more than 6 million synthetic images that depict artifi-
cial humans in an indoor environment. Our primary target
datasets are 3DOHSOK [8], which includes images of hu-
mans in various occluded scenarios within an indoor set-
ting and BOW with 4000 images, equally split between im-
ages from [9] and [10], covering both indoor and outdoor
scenes. Following [11-13], we also create synthetically
occluded datasets using Humans3.6m (H36M) [14] and
Leeds Sports Pose (LSP) [9], by adding occlusion ob-
jects from the Pascal VOC dataset [15]. This allows us
to have occlusion-free ground-truth poses for quantitative
evaluation. We refer to these artificially occluded datasets
as Ocl-H36M and Ocl-LSP, respectively. The adaptation
and evaluation splits for both Ocl-H36M and Ocl-LSP

are identical to those used for H36M and LSP in existing
works [3, 4, 16].

3. Baselines and Metrics

We evaluate VisOR against recent state-of-the-art algo-
rithms for human pose estimation [3, 4, 16]. We also report
the performance of the Source-only model, which serves as
a lower bound. This refers to the model’s performance on
the unlabeled target data when trained exclusively on la-
beled source data. We report PCK@0.05 for twelve joints:
left and right shoulders (Sl1d.), elbows (Elb.), wrists, hips,
knees, and ankles, as well as their average. PCK@0.05
measures the percentage of correct keypoint predictions
within 5% of the image size.

4. Additional Qualitative Results

Additional qualitative results on the 3DOHS0K and
BOW benchmarks are presented in Figures 1 and 2. Fig-
ure 3 shows qualitative results on Ocl-H36M and Ocl-LSP
datasets. Figure 4 shows performance of VisOR in occlu-
sion free settings on LSP dataset.

5. Additional Quantitative Results

Recent Baselines and Datasets: Table |1 reports quanti-
tative results comparing VisOR to ViTPose [17], where
VisOR achieves superior performance for the SURREAL
— Ocl-LSP, thereby showcasing the effectiveness of
VisOR for pose estimation under occlusions.

Table 1. ViTPose vs VisOR on Ocl-LSP.

Algorithm Sld. Elb. Wrist Hip Ankle Avg.

VitPose 49.1 66.7 592 778 665 674 645
VisOR 595 757 678 747 652 702 689
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Figure 1. Qualitative Results for Surreal— 3DOHS0K

Different Occlusion Types: We compare VisOR and
UniFrame [4] at five increasing severity levels, where the
size of the occlusions increases with severity, as shown in
2. At severity level 1, occlusions are approximately 48x48
pixels in 256x256 images, while at severity level 5, they
increase to around 96x96 pixels. Our results indicate that
as the size of the occlusion increases, the performance of
VisOR declines, but the degradation in the performance
of UniFrame is significantly more pronounced. This shows
that Vi sOR remains more robust than UniFrame even under
larger occlusions. Consequently, it can be concluded that
VisOR is substantially more reliable than state-of-the-art
algorithms when dealing with occlusions of varying types,
shapes, and sizes.

We also evaluated VisOR with simple, non-contextual
occlusions by overlaying black patches of varying sizes

Figure 2. Qualitative Results for Surreal - BOW

(min: 32x32, max: 96x96) for SURREAL — LSP sce-
nario, clearly VisOR significantly outperforms UniFrame,
as shown in Table 3.

Results on Occlusion Free Target Data: In Table 4, our
evaluation of the SURREAL — LSP benchmark—where



Algorithm Sev-1 Sev-2 Sev-3 Sev-4 Sev-5

UniFrame [4] 70.6  69.0 643 640 569
VisOR 734 715 689 687 649

Table 2. PCK@0.05 across different severities for Surreal — Ocl-
LSP. Best results in bold.

Table 3. SURREAL — LSP w/ black patch occlusions (cut-out).
Algorithm Sld. Elb. Wrist Hip Knee Ankle Avg.

UniFrame 44.0 592 553 744 682 63.0 60.7
VisOR 515 679 587 80.0 734 674 665

Source Only

Figure 3. Qualitative Results for Surreal— Ocl-H36M and
Surreal— Ocl-LSP.

the target data set contains minimal occlusions—shows that
VisORachieves performance comparable to the state-of-
the-art UniFrame[4], while outperforming RegDA [3] by
approximately 6%. This shows that VisOR not only excels
in occlusion-heavy scenarios, but also retains competitive
accuracy in clean, unoccluded settings. Although EPIC[16]
achieves slightly higher overall accuracy in this particu-
lar benchmark, it is based on adversarial learning, which
is known to suffer from training instability and poor gen-
eralization under occlusion. In particular, EPIC performs
significantly worse when evaluated in occlusion-rich envi-
ronments, making it less suitable for real-world deployment
where occlusions are prevalent.

UniFrame VisOR
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Figure 4. Qualitative Results for Surreal— LSP

Algorithm Sld. Elb. Wrist Hip Knee Ankle Avg.

Source only 515 650 629 68.0 687 674 639
EPIC [16] 72.1 864 852 877 87.0 86.2  84.8
RegDA [3] 627 767 71.1 81.0 80.3 753 746
UniFrame [4] 69.2 849 833 855 847 843 820
VisOR 68.1 829 805 869 85.6 835 812

Table 4. PCK@0.05 for SURREAL — LSP.
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