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Abstract

The supplementary material is organized as follows: We
first provide more implementation details in Sec. 1. Then,
the model performance, including robustness, plug-and-
play performance, and computational complexity, is ana-
lyzed in Sec. 2. Following that, we show more experiments
on the depth fixer and the color fuser in Sec. 3 and Sec. 4,
respectively. Afterward, we analyze the limitations of Hair-
Guard and discuss potential future directions in Sec. 5. In
the end, more visual comparisons on ablation study, monoc-
ular depth estimation, stereo conversion, and novel view
synthesis are provided in Sec. 6.

1. More Implementation Details
1.1. Marvel-10K Dataset
The Marvel-10K dataset consists of 501 stereo video se-
quences from 5 Marvel movies: Ant-Man and the Wasp:
Quantumania (85 scenes), Black Panther: Wakanda For-
ever (83 scenes), Doctor Strange in the Multiverse of Mad-
ness (119 scenes), Guardians of the Galaxy Vol. 3 (101
scenes), and Thor: Love and Thunder (113 scenes). Since
movie frames are highly correlated within shots, we sub-
sample them to select meaningful frames and exclude the
studio intros, credits, and black frames. Each video se-
quence corresponds to a single shot and consists of 25
stereo pairs. For stereo conversion evaluation, we use left-
view images as inputs and the right-view images as ground
truth. As shown in Fig. 1, the Marvel-10K dataset features
computer-generated characters, intense motions, complex
lighting, and uncommon cinematic scenes, making it highly
challenging and suitable for evaluating algorithms in real-
world applications such as film production.

1.2. Depth Label Generation
Our goal is to generate sharp depth labels for soft bound-
aries. We use pure foreground colors (unpremultiplied, i.e.,
not mixed with background colors) and fill the background

Figure 1. Example images in the Marvel-10K dataset.
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Figure 2. Depth label generation. We design alpha masking
to produce sharp boundary labels for depth refinement, produc-
ing sharp depth edges and significantly reducing flying pixels in
depth-fixed results.

(α = 0) with green to produce high-contrast and dilated
boundaries (Fig. 2a). Although depth models show subop-
timal performance with intermediate values at boundaries
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(original dFG), we multiply dFG by the alpha mask Mα to
filter unreliable boundary depth (Eq. (2) in the main paper).
This produces sharp depth edges (masked dFG) and signifi-
cantly reduces flying pixels in depth-fixed results (Fig. 2b).

1.3. Color Fuser
We provide more implementation details about the dual
skip module in our color fuser. Given the inpainted image
Iinpaint and the warped image Iwarp, we first extract multi-
scale features {Finpaint,i}i, {Fwarp,i}i using the frozen
VAE encoder. We also generate multi-scale warped masks
{Mwarp,i}i by resizing the original mask to each feature
scale via nearest neighbor downsampling. Finally, we use
an additional residual block in the VAE decoder to fuse the
skipped features and masks at each feature scale, and inject
the fused feature into the VAE decoder in a residual fashion,

F = Fdec +ResBlock(Fdec, Finpaint, Fwarp,Mwarp).

ResBlock(·) indicates a residual block. Fdec and F corre-
spond to the original decoder feature and the fused feature,
respectively. Zero initialization is applied for the additional
residual blocks during training.

2. More Analysis on Model Performance
2.1. Performance under Large Viewpoint Changes
Following ReCamMaster [1], we evaluate novel view syn-
thesis across 10 different camera trajectories featuring large
viewpoint changes. Tab. 1 and Fig. 3 demonstrate our state-
of-the-art performance and robustness in preserving soft
boundary details.

Table 1. Novel view synthesis performance under large view-
point changes. We employ 10 camera trajectories in the ReCam-
Master evaluation protocol [1]. Metrics are FID ↓ / CLIP-F ↑. The
best results are marked.

Dataset ReCamMaster SplatDiff Ours

AIM-500 82.88 / 98.02 34.86 / 98.94 32.49 / 99.25
P3M-10K 116.80 / 97.18 57.57 / 98.61 50.33 / 98.85

Trajectory Input SplatDiff Ours

Figure 3. Visual results under large viewpoint changes.

2.2. Soft Boundary Detection in Regions with Low
Depth Gradients

Depth fixer leverages both geometry and image semantics to
detect problematic (instead of all) soft boundaries for fixing.

Input Image Input Depth Sobel Edge Estimated Gate G

Figure 4. Soft boundaries in low-gradient depth regions. Hu-
man faces are manually blurred to protect privacy.

The Sobel edges of depth maps serve as guidance rather
than a hard constraint. Fig. 4 shows that HairGuard can
detect soft boundaries (gate G < 1) even in regions with
negligible depth gradients.

2.3. Robustness and Generalization
Since our depth fixer is trained on a relatively small syn-
thetic dataset (approximately 20K samples), one concern is
its robustness and generalization ability in complex scenes.
To this end, we evaluate the performance of the depth fixer
on the challenging Marvel-10K dataset, which is not seen
during training. As shown in Fig. 5, the depth fixer can
automatically identify soft boundary regions in various sce-
narios. In scenes without soft boundaries (e.g., the top two
rows in Fig. 5), the depth fixer maintains the depth qual-
ity of the base depth model for robust zero-shot estimation.
In complex scenes such as bright/dark environments, occlu-
sions, and multiple targets (bottom three rows in Fig. 5),
our depth fixer still exhibits promising performance in ex-
tracting and fixing soft boundaries, showcasing its robust-
ness in real-world applications. This is attributed to the de-
coupling of depth estimation and soft-boundary refinement
in our depth fixer. Thanks to the proposed gated residual
mechanism, we can leverage the base depth model for zero-
shot transfer and focus solely on refining soft boundaries,
thereby achieving strong generalization performance with
efficient training.

Table 2. Plug-and-play performance of depth fixer on MoGe-
2 [8] and PPD [9]. Metrics are DBE comp ↓ / DBE acc ↓ / EP ↑
/ ER ↑. Best results are marked.

Method AIM-500 P3M-10K

MoGe-2 7.38 / 2.89 / 26.27 / 10.49 6.82 / 2.33 / 31.94 / 14.64
+ Depth Fixer 6.92 / 2.08 / 38.10 / 14.87 6.73 / 1.76 / 41.82 / 16.40

PPD 6.97 / 3.24 / 23.77 / 12.86 6.66 / 2.52 / 30.71 / 17.20
+ Depth Fixer 5.29 / 1.48 / 48.69 / 26.63 5.09 / 1.23 / 52.51 / 29.91

2.4. Plug-and-Play Performance
Benefiting from the gated residual module, our depth fixer
can be applied to improve depth predictions from differ-
ent depth models in a plug-and-play manner. As visualized
in Fig. 6a, we apply the depth fixer to two depth models
with different characteristics: Depth Pro captures better de-
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Input Image Depth Anything V2 Predicted Gate Fixed Depth (Ours)

Figure 5. Performance of depth fixer under challenging scenarios. The regions with the predicted gate G < 1 indicate the estimated
soft boundary regions. Even under complex environments, e.g., heavy occlusion, extreme lighting conditions, and multiple targets, our
depth fixer can automatically identify soft boundary regions and perform precise fixing.

Table 3. Plug-and-play stereo image/video conversion performance on the Marvel-10K dataset. The best results are marked.

Stereo Image Conversion Stereo Video ConversionMethod PSNR ↑ SSIM ↑ RMSE ↓ LPIPS ↓ DISTS ↓ SIoU ↑ PSNR ↑ SSIM ↑ RMSE ↓ LPIPS ↓ DISTS ↓ SIoU ↑

SplatDiff [14] 36.23 0.8857 4.06 0.1116 0.0435 0.3259 36.24 0.8858 4.06 0.1114 0.0437 0.3280
SplatDiff+Depth Fixer (Ours) 36.38 0.8915 4.00 0.0974 0.0348 0.3309 36.39 0.8917 3.99 0.0972 0.0351 0.3326

tails but often predicts inaccurate depth values in bound-
aries [2], and UniDepthV2 tends to produce depth results
with smoothed boundaries [7]. We also test the plug-and-
play performance of the depth fixer on the very recent depth
methods: MoGe-2 [8] and Pixel-Perfect Depth (PPD) [9].
Tab. 2 demonstrates our state-of-the-art performance on
MoGe-2 and PPD (settings match Tab. 1 in the main pa-
per). Despite the different distributions of depth maps, our
depth fixer maintains robust performance in predicting soft
boundary regions and fixing depth details.

We further evaluate the plug-and-play capability of the

depth fixer on video depth models, e.g., Video Depth Any-
thing [3]. Although the depth fixer is trained only on image
datasets, it still exhibits remarkable performance in improv-
ing video depth results, as shown in Fig. 6b. Thanks to the
gated residual mechanism, our depth fixer only corrects the
depth in soft boundary regions while preserving the tempo-
ral consistency of video depth results. Besides, the depth
fixer shows stable performance in estimating soft boundary
regions even under occluded scenes (e.g., see the predicted
gate maps in Fig. 6b), demonstrating its robustness in com-
plex scenarios.
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Input Image Depth Pro Predicted Gate Fixed Depth (Ours)

Input Image UniDepthV2 Predicted Gate Fixed Depth (Ours)

(a) Plug-and-play refinement on image-based depth models

Input Video Frames Video Depth Anything Predicted Gate Fixed Depth (Ours)

(b) Plug-and-play refinement on video-based depth models

Figure 6. Plug-and-play performance of depth fixer. The depth fixer can be integrated with different depth models, e.g., image-based
models in (a) and video-based models in (b), in a plug-and-play fashion for soft boundary refinement. Although the depth fixer is trained
only on image datasets, it can be directly applied to improve video-based models such as Video Depth Anything [3], without additional
re-training. Leveraging the gated residual mechanism, the depth fixer preserves the temporal consistency of the video depth model while
achieving stable performance in identifying soft boundaries and recovering fine-grained details, even in complex scenes with occlusions.

In addition to enhancing depth estimation methods, our
depth fixer can also be integrated with novel view synthe-
sis models for performance improvement. For instance, we
combine depth fixer with the previous novel view synthesis

approach SplatDiff [14], and evaluate its performance on
the Marvel-10K dataset. Since the depth fixer improves the
warping results by fixing soft boundary details in depth (de-
tailed in Sec. 3.1), its combination with SplatDiff shows a
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Table 4. Complexity comparison with previous state-of-the-art
novel view synthesis methods on the Marvel-10K dataset at a res-
olution of 384 × 640, evaluated using an NVIDIA GeForce RTX
4090 GPU. For diffusion-based methods, we only take into ac-
count the model sizes of the latent diffusion model and the VAE
model. * means that the method runs out of memory, and thus we
perform inference at a lower resolution 256 × 448 for reference.
The complexity of each component in HairGuard i.e., depth fixer,
scene painter, and color fuser, is also reported. Since the three
components are applied sequentially, the peak GPU memory of
HairGuard equals that of the scene painter. The best and second-
best results are marked.

Method Model Size Peak GPU Mem. Infer. Speed

ViewCrafter [13] 2.22 B 14.91 G 47.83 s
NVS-Solver* [12] 2.25 B 21.60 G 100.00 s
ReCamMaster [1] 1.51 B 17.11 G 684.44 s
SplatDiff [14] 2.28 B 22.88 G 52.28 s
HairGuard (Ours) 1.86 B 10.65 G 95.23 s

Depth Fixer (Ours) 0.32 B 1.84 G 0.03 s
Scene Painter (Ours) 1.44 B 10.65 G 95.19 s
Color Fuser (Ours) 0.10 B 3.15 G 0.01 s

Table 5. Warping performance using different depth maps on
the Marvel-10K dataset. Metrics are computed only on the soft
boundary regions. Best results are marked.

Method PSNR ↑ SSIM ↑ RMSE ↓

Depth Anything V2 [10] 30.18 0.4495 8.08
Depth Anything V2+Depth Fixer (Ours) 31.07 0.5140 7.36

Depth Pro [2] 31.12 0.5591 7.28
Depth Pro+Depth Fixer (Ours) 31.77 0.6144 6.79

UniDepthV2 [7] 31.31 0.5637 7.12
UniDepthV2+Depth Fixer (Ours) 32.23 0.6261 6.46

consistent performance gain across all metrics, as reported
in Tab. 3.

2.5. Computational Complexity

In Tab. 4, we compare the computational complexity, i.e.,
model size, peak GPU memory, and inference speed, of
HairGuard with previous state-of-the-art novel view syn-
thesis methods. We further break down the complexity
of each component in HairGuard, and the results show
that the scene painter dominates the computational cost
in our framework. Since we apply the depth fixer, scene
painter, and color fuser in a sequential way, the peak GPU
memory of HairGuard equals that of the scene painter.
As our primary contributions lie in the depth fixer and
the color fuser, the scene painter can be replaced with
a more lightweight variant for better efficiency. In sum-
mary, our HairGuard achieves state-of-the-art performance
while maintaining competitive computational efficiency, as
demonstrated in Tab. 4.

Table 6. Ablation study of depth fixer on the Marvel-10K
dataset. The ablations about gated residual, loss function, model
prior, edge guidance, and alpha threshold correspond to experi-
ments #1-3, #4-5, #6-7, #8-9, and #10-12, respectively. We use
Depth Anything V2 as the base depth model [10]. Metrics are
computed only on the soft boundary regions. Best results are
marked.

Marvel-10KExp Strategies PSNR ↑ SSIM ↑ RMSE ↓

#1 Direct Prediction 30.66 0.5124 7.67
#2 Vanilla Residual 30.37 0.5009 7.88
#3 Gated Residual (Ours) 31.07 0.5140 7.36

#4 L1 Only 30.58 0.5057 7.74
#5 L1 + Lα (Ours) 31.07 0.5140 7.36

#6 w/o Model Prior 30.26 0.4668 8.00
#7 w/ Model Prior (Ours) 31.07 0.5140 7.36

#8 w/o Edge Guidance 30.66 0.5057 7.67
#9 w/ Edge Guidance (Ours) 31.07 0.5140 7.36

#10 αth = 0.1 30.43 0.4774 7.87
#11 αth = 0.05 30.55 0.4917 7.76
#12 αth = 0.02 (Ours) 31.07 0.5140 7.36

3. More Experiments on Depth Fixer

3.1. Warping Performance

In this section, we analyze the influence of the depth fixer
on view synthesis tasks. To focus on the impact of depth
maps, we directly assess the quality of the warped images,
without applying the scene painter and color fuser. In ad-
dition, since the proposed depth fixer only modifies the
depth on the predicted soft boundary regions, i.e., regions
with gate G < 1, we compute pixel-level metrics only on
these regions. We apply our depth fixer in a plug-and-play
fashion to improve the prediction from three state-of-the-art
depth models (Depth Anything V2 [10], Depth Pro [2], and
UniDepthV2 [7]), and compare the forward warping perfor-
mance on the Marvel-10K dataset. As shown in Tab. 5, our
depth fixer helps preserve more soft boundary details dur-
ing forward warping, leading to consistent and significant
improvements across different base depth models.

3.2. Gated Residual

Following the same experimental setting in Sec. 3.1, we
compare the performance of the depth fixer with differ-
ent output mechanisms. Although the direct prediction and
vanilla residual mechanisms help improve the depth on the
soft boundary regions, they often cover redundant back-
ground regions and fail to capture the fine-grained details,
as illustrated in Fig. 4c of the main paper. By accurately
localizing the soft boundary regions with the estimated gate
map, our gated residual facilitates precise depth refinement
and achieves the best performance as shown in Tab. 6 (#3
vs. #1-2).
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3.3. Loss Function
We train the depth fixer with the ℓ1 loss L1 and the image
matting loss Lα [11]. Specifically, the image matting loss
Lα is formulated as

Lα = L1 + Llap + Lgp, (1)

where Llap,Lgp indicate the Laplacian loss [6] and the gra-
dient loss [4], respectively. Inspired by the success of such
a loss combination in the image matting task [11], we adopt
it to improve the detail extraction performance of our depth
fixer. To verify its effectiveness, we train an additional
model with L1 loss only and keep the other training set-
tings unchanged. The results in Tab. 6 show the better per-
formance of the proposed loss combination (#5 vs. #4).

3.4. Model Prior
Identifying soft boundary regions is a challenging task, re-
lying on a comprehensive understanding of semantic con-
text and geometric layout. To this end, we initialize the
feature branch of our depth fixer with the pre-trained Depth
Anything V2 [10], which has been trained on large-scale
datasets to acquire robust image and geometry priors. Ben-
efiting from this, our depth fixer achieves strong perfor-
mance with efficient training (only ∼20K training samples
are used), as shown in Tab. 6 (#7 vs. #6).

3.5. Edge Guidance
Object boundaries, especially regions with significant depth
variations, play a crucial role in 3D tasks like view syn-
thesis, where disocclusions and geometric distortions com-
monly occur. Thus, we extract edge cues from the input
depth to guide the depth fixer. The depth gradients provided
by the edge guidance enable more accurate localization of
soft boundaries, leading to improved warping performance
(#9 vs. #8 in Tab. 6).

3.6. Alpha Threshold
The alpha threshold αth used in generating ground-truth
depth is critical to the performance of depth fixer. Unlike
hard boundaries, where pixels are discretely assigned to ei-
ther foreground or background, pixels at soft boundaries ex-
hibit a blend of both (see Eq. (1) in the main paper), effec-
tively corresponding to two depth layers. Although regions
with low (but non-zero) alpha values may visually resem-
ble the background (e.g., red lines in Fig. 7), we prioritize
treating them as foreground by using a low αth. As shown
in Fig. 8, the model trained with a higher αth exhibit finer
delineation of depth boundaries with less redundant back-
ground regions, but it tends to ignore the areas with low
opacity, e.g., very thin hair. In our design, we opt for a lower
αth to preserve as many soft boundary details as possible,
which shows the best warping performance in Tab. 6 (#12

Background IBG Foreground IFG Alpha Map α Composited I

Figure 7. Soft-Boundary pixels belong to two depth layers. Un-
like hard boundaries, where pixels are discretely assigned to ei-
ther foreground or background, pixels at soft boundaries exhibit a
blend of both and thus correspond to two depth layers.

Input Image αth = 0.02

αth = 0.05 αth = 0.1

Figure 8. Performance of the depth fixer trained with different
alpha thresholds. A higher threshold αth leads to less redun-
dant background in the depth map (e.g., green box), while a lower
threshold αth improves the coverage of fine-grained details, e.g.,
the very thin hair in the red box.

vs. #10-11). The scene painter and the color fuser are then
employed to fix redundant background regions during view
synthesis, as illustrated in Fig. 5c of the main paper. Never-
theless, a higher αth can be used to train the depth fixer for
different tasks, e.g., 3D segmentation or point cloud recon-
struction, where precise depth boundaries are preferred.

Table 7. Ablation study of color fuser on the Marvel-10K dataset.
The ablations about VAE prior and skip mechanisms correspond to
experiments #1-2 and #3-5, respectively. Best results are marked.

Marvel-10KExp Strategies PSNR ↑ LPIPS ↓ DISTS ↓ FID ↓

#1 w/o VAE Prior 36.61 0.0965 0.0366 7.99
#2 w/ VAE Prior (Ours) 36.59 0.0909 0.0331 7.19

#3 w/o Skip 34.96 0.1664 0.0807 18.11
#4 Sinlge Skip 36.46 0.0919 0.0337 7.34
#5 Dual Skip (Ours) 36.59 0.0909 0.0331 7.19
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Input Image UniDepthV2 Predicted Gate UniDepthV2+Depth Fixer

(a) Depth errors beyond soft boundaries

Input Image Depth 1st Novel View 2nd Novel View

(b) Single-layer depth representation

Figure 9. Failure cases. (a) Since the depth fixer only fixes the depth in the soft boundaries (represented by the regions with gate G < 1), it
is difficult to correct depth errors beyond soft boundaries in the prediction of the base depth model. (b) Due to the limitation of single-layer
depth representation, the synthesized novel view might fail to correct the geometric errors caused by forward warping.

4. More Experiments on Color Fuser

4.1. VAE Prior

We build the color fuser upon a pre-trained VAE to har-
ness its reconstruction prior for better view synthesis per-
formance. To investigate the impact of the VAE prior, we
train an additional color fuser from scratch using the same
training settings. As shown in Tab. 7, the color fuser with
VAE prior significantly outperforms its counterpart in visual
quality (#2 vs. #1).

4.2. Dual Skip

Based on the VAE architecture, we further design a dual
skip module to utilize the fine-grained features of the in-
painted and warped images. To verify its effectiveness, we
train two additional variants: one without skip connections
(#3 in Tab. 7) and one with a single skip connection (#4).
For model #3, we expand the input channel of the VAE en-
coder and concatenate the inpainted image, warped image,
and warped mask as its input. Regarding model #4, we add
a single skip to utilize the multi-scale features of the warped
images. The results in Tab. 7 show that model #4 achieves
a significant performance gain over model #3 by alleviat-
ing detail compression in the VAE encoding. By further ex-
ploiting the features of inpainted images, our dual skip mod-
ule yields the best reconstruction performance with high-
quality texture details.

5. Limitation and Discussion

Despite the remarkable performance achieved by Hair-
Guard, some limitations remain:

• Depth errors beyond soft boundaries: The depth fixer re-
lies on the gated residual mechanism to locate and fix
soft boundary details, which benefits precise refinement
and plug-and-play deployment. However, it is difficult
for the depth fixer to correct depth errors beyond the soft
boundary regions, as depicted in Fig. 9a. A possible solu-
tion is to train a depth fixer specialized for a given depth
model, e.g., by using the model’s predictions instead of
the synthesized inputs during training. Thus, the depth
fixer could better adapt to the characteristics of the base
depth model and achieve better fixing performance.

• Single-layer depth representation: For view synthesis, we
propose a color fuser to utilize the fine-grained texture
from the warped images. However, due to the single-layer
depth representation, the naive forward warping approach
may produce geometric distortions in complex scenes
containing multiple depth layers per pixel, e.g., transpar-
ent objects as shown in Fig. 9b. We attempted to address
this limitation by estimating layered outputs comprising
foreground color and depth, background color and depth,
and an opacity map for composition. While this layered
representation demonstrated advantages in certain cases,
our trial experiments showed that it suffers from limited
generalization capability, likely due to the increased com-
plexity of the estimation. Thus, a potential solution is to
collect large-scale training datasets to gain a strong prior
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(a) Visual results on the AIM-500 dataset

Input
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Original Warped Image
(using Depth Anyting V2)
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(applying Depth Fixer)

Inpainted Image
(applying Scene Painter)

Fused Image
(applying Color Fuser)

(b) Visual results on the Marvel-10K dataset

Figure 10. Visual results of ablation study on the AIM-500 and Marvel-10K datasets. Due to depth estimation errors, the original warped
images often contain broken or distorted structures in thin hairs. Our depth fixer improves the warping performance by fixing the soft
boundary regions in the depth. The scene painter is employed to fill disoccluded regions in the warped images, but the inpainted results
often suffer from hallucinated details that are inconsistent with the input image (e.g., see hairs in the green box, particularly in the Marvel-
10K examples). By adaptively combining the warped and inpainted images, the color fuser produces high-quality results with consistent
texture and geometry.

for robust performance. Another possible direction is to
employ dense 3D representations, e.g., 3D Gaussians [5],
to handle occlusions and overlapping surfaces.

6. More Visual Results
6.1. Ablation Study
Fig. 10 provides visual results for the ablation study con-
ducted in the main paper (detailed in Tab. 4 of the main
paper). Since depth quality is critical for forward warp-
ing performance, depth estimation errors in Depth Anything
V2 [10] often result in distorted structures in the soft bound-
ary regions like thin hairs. By fixing depth details via the
proposed depth fixer, better hair structures are preserved in
the warped images, as shown in the green box of Fig. 10.
The scene painter is then applied to generate realistic con-
tents for the disoccluded regions. However, the inpainted
images often exhibit different texture details due to diffu-
sion hallucination and pixel-to-latent compression. To this
end, we propose a color fuser that adaptively combines the

warped and inpainted images, generating novel views with
consistent geometry and high-fidelity textures.

6.2. Monocular Depth Estimation
We provide more visual results of monocular depth esti-
mation on the AIM-500 and P3M-10K datasets in Fig. 11
and Fig. 12, respectively. Compared with previous meth-
ods, our depth fixer shows robust performance in capturing
soft boundary details across diverse targets and scenes. In
some challenging cases with very thin hair structures, e.g.,
top few rows of Fig. 12, the depth fixer still recovers fine-
grained depth details with sharp boundaries.

6.3. Stereo Conversion
Fig. 13 compares the stereo conversion performance of
HairGuard with the state-of-the-art methods on the Marvel-
10K dataset. Due to the generative nature of the underlying
models, previous stereo conversion approaches often suffer
from texture hallucination and degraded details in the con-
version results, e.g., see the top two rows in Fig. 13. By
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utilizing the fine-grained details of warped images via the
color fuser, our HairGuard achieves high-quality stereo con-
version performance with consistent geometry and texture.

6.4. Novel View Synthesis
We show more qualitative comparisons of novel view syn-
thesis on the challenging AIM-500 and P3M-10K datasets
in Fig. 14 and Fig. 15. Previous approaches often pro-
duce hallucinated textures that are inconsistent with the
input image, e.g., see ViewCrafter [13] and ReCamMas-
ter [1] in the top few rows of Fig. 14. Although the re-
cent method SplatDiff recovers better details [14], its per-
formance is highly dependent on the quality of the estimated
depth maps. Hence, the depth errors in soft boundary re-
gions often lead to artifacts in the synthesized novel views,
e.g., top few rows in Fig. 15. In contrast, the proposed Hair-
Guard first fixes depth in the soft boundary regions to ensure
geometry consistency, and then utilizes the color fuser to re-
cover high-fidelity texture details, achieving state-of-the-art
novel view synthesis performance.
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Figure 11. Qualitative comparison of depth estimation on the AIM-500 dataset.
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Figure 12. Qualitative comparison of depth estimation on the P3M-10K dataset. Human faces are manually blurred to protect privacy.
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Figure 13. Qualitative comparison of stereo conversion on the Marvel-10K dataset.
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Figure 14. Qualitative comparison of novel view synthesis on the AIM-500 dataset.
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Figure 15. Qualitative comparison of novel view synthesis on the P3M-10K dataset. Human faces are manually blurred to protect
privacy.
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