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Figure 1. Our Mission. The Guardians of the Hair (HairGuard) aim to rescue soft boundary details, e.g., thin hairs, where foreground and
background are mixed in the observed color. Previous state-of-the-art approaches often suffer from missing details (see depth estimation
results), degraded texture (see stereo results, displayed in anaglyph), and inconsistent geometry (see novel views) in soft boundaries. In
contrast, HairGuard preserves fine-grained soft boundary details and demonstrates strong performance across diverse tasks.

Abstract

Soft boundaries, like thin hairs, are commonly observed in
natural and computer-generated imagery, but they remain
challenging for 3D vision due to the ambiguous mixing of
foreground and background cues. This paper introduces
Guardians of the Hair (HairGuard), a framework designed
to recover fine-grained soft boundary details in 3D vision
tasks. Specifically, we first propose a novel data curation
pipeline that leverages image matting datasets for training
and design a depth fixer network to automatically identify
soft boundary regions. With a gated residual module, the
depth fixer refines depth precisely around soft boundaries
while maintaining global depth quality, allowing plug-and-
play integration with state-of-the-art depth models. For
view synthesis, we perform depth-based forward warping

to retain high-fidelity textures, followed by a generative
scene painter that fills disoccluded regions and eliminates
redundant background artifacts within soft boundaries. Fi-
nally, a color fuser adaptively combines warped and in-
painted results to produce novel views with consistent ge-
ometry and fine-grained details. Extensive experiments
demonstrate that HairGuard achieves state-of-the-art per-
formance across monocular depth estimation, stereo im-
age/video conversion, and novel view synthesis, with sig-
nificant improvements in soft boundary regions.

1. Introduction
Driven by recent advances in foundation models and large-
scale visual datasets [44, 48], significant progress has been
witnessed in the field of 3D vision, including depth es-
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Figure 2. Soft boundaries. Existing depth estimation methods
often struggle to capture accurate depth in soft boundaries, result-
ing in discontinuous depth (red box) and broken boundaries (green
box). DAv2, DPro, and UDv2 represent Depth Anything V2 [67],
Depth Pro [4], and UniDepthV2 [38], respectively.

timation [21, 42, 66, 77], stereo conversion [56, 73, 79],
and novel view synthesis [2, 74, 78]. These techniques
play a crucial role in understanding and reconstructing 3D
scenes, with broad applications in robotics, autonomous
driving, augmented/virtual reality (AR/VR), and film pro-
duction [1, 11, 29, 33, 58]. Although existing methods have
shown promising performance in general scenarios [2, 66],
generating geometrically consistent and visually realistic
results in scenes with soft boundaries, e.g., hairs and thin
structures, remains highly challenging (Fig. 1).

Soft boundaries are ubiquitous and often arise when pix-
els receive mixed contributions from both the foreground
and background, due to thin/semi-transparent structures or
alpha blending in rendering [28, 68]. Thus, they are com-
monly observed in natural images like shots containing an-
imals and humans, as well as computer-generated imagery
such as Fig. 1. The mixture of foreground and background
pixels makes pixel-wise 3D estimation particularly chal-
lenging and ill-posed, since such regions exhibit uncertain
correspondence and depth ambiguity.

Existing methods often struggle to capture accurate and
fine-grained soft boundaries, as illustrated in Fig. 1. For
example, the state-of-the-art monocular depth estimation
method Depth Anything V2 [67] fails to extract the fine
details of hairs and produces broken depth results (Fig. 1
and Fig. 2). Although the recent approach Depth Pro [4]
achieves improved detail preservation in depth estimation,
the estimated depth around soft boundaries often falls be-
hind the true surface, leading to detached hairs as shown in
the point cloud renders of Fig. 2 (red box). Since depth

estimation is often required by explicit 3D vision meth-
ods [73, 74, 78], the depth errors tend to propagate to the
subsequent stages, resulting in sub-optimal performance.
In the field of stereo conversion and novel view synthe-
sis, one emerging trend is to generate new viewpoints in
an implicit manner without depth [2, 11, 71]. By utiliz-
ing the rich prior knowledge learned in foundation gener-
ative models [44, 55], these implicit approaches can effec-
tively handle complex occlusion and geometry in 3D world.
However, due to the generative nature of the underlying
foundation models, implicit 3D vision methods often suffer
from hallucination issues and thus generate inconsistent tex-
ture details in soft boundaries (e.g., see ReCamMaster [2]
in Fig. 1). Meanwhile, most foundation generative mod-
els are designed in the latent space for computational effi-
ciency [44, 55, 62]. Such a design often results in texture
degradation due to pixel-to-latent compression [78], as il-
lustrated by the StereoCrafter [79] results in Fig. 1.

In the realm of 2D vision, image matting provides an ex-
plicit formulation for soft boundaries by estimating an opac-
ity map (i.e., alpha matte) to model the pixel mixture along
the transition between foreground and background [28, 68].
Inspired by the matting formulation, we leverage image
matting datasets to improve soft boundary modeling and
propose Guardians of the Hair (HairGuard) to rescue
soft boundary details in 3D tasks. Specifically, HairGuard
consists of three teammates: depth fixer, scene painter, and
color fuser. By utilizing matting datasets in training data
curation, our depth fixer learns to identify soft boundary re-
gions and correct depth predictions with a gated residual
module. This design not only enables precise depth refine-
ment over soft boundaries, but also supports plug-and-play
integration with zero-shot depth models for robust perfor-
mance. For view synthesis, we first perform forward warp-
ing using the fixed depth, followed by a generative scene
painter that synthesizes realistic disoccluded regions and
corrects geometric errors caused by warping. Finally, to ad-
dress texture hallucination and detail compression in gen-
erative models, we propose a color fuser to preserve fine-
grained details and ensure geometrically consistent view
synthesis via a dual skip module. As shown in Fig. 1, the
components of HairGuard work collaboratively to achieve
remarkable performance across different 3D vision tasks.

In a nutshell, our main contributions are three-fold:
• We present HairGuard to capture, model, and reconstruct

fine-grained soft boundary details in 3D vision tasks. Ex-
tensive experiments verify the effectiveness and superi-
ority of HairGuard across monocular depth estimation,
stereo image/video conversion, and novel view synthesis.

• We design novel data curation strategies to leverage im-
age matting datasets for training, enabling HairGuard to
automatically identify and fix soft boundaries without re-
lying on manually crafted cues, e.g., trimaps [28, 68].



• We propose a depth fixer with a gated residual module,
which enables precise depth refinement in soft boundary
regions for plug-and-play enhancement. Additionally, we
design a dual skip architecture in the color fuser to ensure
geometrically consistent and high-quality view synthesis.

2. Related Work

2.1. Monocular Depth Estimation
Monocular depth estimation aims to infer scene geometry
from a single image [6, 7, 18, 37, 43, 69, 70, 75], a fun-
damentally ill-posed problem due to the loss of depth cues
during projection. To achieve zero-shot depth estimation,
early attempts employ mixed training datasets to obtain a
strong geometric prior of the scene [42, 43, 66]. Marigold
also proposes to utilize the rich prior knowledge in gen-
erative foundation models, e.g., Stable Diffusion [44], to
efficiently approach zero-shot estimation [21]. Recently,
several approaches have been proposed to improve the de-
tails of depth maps [4, 67, 77]. For example, Depth Any-
thing V2 exploits high-quality depth supervision in syn-
thetic datasets and learns to extract fine details from in-
put images [67]. Meanwhile, Depth Pro designs a training
protocol to combine real and synthetic datasets for metric
depth estimation and fine boundary preservation. The re-
cent approach UniDepthV2 also proposes an edge-guided
loss to improve the sharpness of edges in the depth out-
put [38]. Despite these advances, existing methods still
struggle in soft boundary regions, often producing miss-
ing or discontinuous depth estimates. In contrast, our Hair-
Guard precisely localizes soft boundaries and reconstructs
fine-grained depth details, as shown in Fig. 2.

2.2. Stereo Conversion
The goal of stereo conversion is to generate right-view im-
ages/videos from left-view inputs [9, 33, 57, 61, 73], which
has gained increasing attention due to its practical applica-
tion in 3D video production and immersive media. With the
rapid progress of generative foundation models [3, 44, 55],
an emerging trend is to utilize learned generative and
geometry priors for stereo conversion [13, 50, 73, 79].
For image-based conversion, StereoDiffusion introduces a
training-free latent modification strategy using Stable Dif-
fusion [56], and Mono2Stereo designs dual conditioning
and edge-consistency losses to enhance stereo quality [73].
Recently, an increasing number of works have focused on
leveraging video generative models for stereo video con-
version [13, 50, 79]. For instance, StereoCrafter designs a
tiled diffusion strategy to generate stereoscopic videos from
high-resolution and long video inputs [79]. Based on Stable
Video Diffusion [3], M2SVid devises a spatio-temporal ag-
gregation mechanism to leverage information from neigh-
boring frames and achieves high-quality inpainting perfor-

Figure 3. HairGuard pipeline. Given an input image and its es-
timated depth, we first design a depth fixer to refine depth predic-
tions around soft boundary regions. The fixed depth is then used
for forward warping to generate preliminary novel views, which
are fed into the scene painter for disocclusion inpainting. Finally,
our color fuser adaptively combines the warped and inpainted re-
sults to produce geometrically and visually consistent novel views.

mance [50]. Eye2Eye [13] further synthesizes stereo videos
without explicit depth projection, effectively handling spec-
ular and transparent surfaces using video diffusion priors.
However, due to the generative nature of diffusion models,
current stereo conversion approaches often suffer from tex-
ture hallucination and loss of fine details, as shown in Fig. 1.
To overcome these limitations, a color fuser network is de-
signed in HairGuard to recover high-fidelity texture details.

2.3. Novel View Synthesis
Novel view synthesis has attracted considerable interest in
computer vision community for its ability to render photo-
realistic images from novel viewpoints [19, 22, 34, 52,
59, 60, 71, 74]. A popular trend is to perform 3D scene
reconstruction from input images for novel view synthe-
sis, such as Multi-Plane Image (MPI) [15, 25, 53], Neu-
ral Radiance Field (NeRF) [34, 72], and 3D Gaussian
Splatting (3DGS) [22, 51, 64]. More recently, diffusion-
based approaches have emerged as a powerful alternative,
leveraging generative priors to produce high-fidelity novel
views without requiring explicit 3D reconstruction [5, 14,
31, 46, 49, 80]. For example, ReCamMaster introduces
frame-dimension conditioning to enhance view consistency
in video diffusion models [2], but its results often suffer
from texture inconsistency due to diffusion hallucination
(e.g., see Fig. 1). Another recent work, SplatDiff, inte-
grates depth-guided pixel splatting with diffusion models
to achieve high-fidelity view synthesis [78]. However, its
performance is highly dependent on the quality of depth,
which often contains errors around soft boundaries (Fig. 2).
By comparison, our HairGuard combines a depth fixer and
a color fuser to jointly correct depth inaccuracies and re-
store fine-grained texture details, achieving geometrically
consistent and photo-realistic novel views (Fig. 1).

3. HairGuard
Following the formulation in image matting [28, 68], the
observed image I can be expressed as an alpha composition



between the foreground IFG and the background IBG, i.e.,

I = α · IFG + (1− α) · IBG, (1)

where α ∈ [0, 1] denotes the opacity map (alpha matte).
Soft boundaries can be defined as regions with mixed fore-
ground and background pixels, i.e., α ∈ (0, 1), posing am-
biguity in depth and color correspondence. To handle these
challenging areas in depth estimation (Sec. 3.1), we design
a depth fixer to automatically localize soft boundaries and
refine depth predictions, as shown in Fig. 3. For view syn-
thesis tasks (Sec. 3.2), we first perform forward warping
based on the fixed depth, and then apply the generative
scene painter to fill the unknown regions like disoccluded
areas. Finally, our color fuser combines warped and in-
painted results for high-quality view synthesis.

3.1. Depth Estimation
Given an image and its depth map (e.g., estimation results
from Depth Anything V2 [67]), our depth fixer aims to au-
tomatically identify soft boundary regions and perform pre-
cise depth correction. However, several challenges exist:
• High-quality annotation. Most existing depth datasets fo-

cus on scenes with hard boundaries, lacking fine-grained
depth annotations around soft boundary regions.

• Automatic localization. Estimation in soft boundaries of-
ten relies on hand-crafted cues like trimaps [68], hinder-
ing generalization and applicability to complex scenes.

• Precise refinement. Achieving precise depth correction in
soft boundary regions without compromising the global
depth quality remains an open challenge.

Dataset Curation. Collecting large-scale datasets with
high-quality depth annotations in soft boundary regions
could be time-consuming and impractical. Thus, we ad-
dress the high-quality annotation issue by utilizing the ex-
isting image matting datasets, which contain diverse targets
with soft boundaries and the corresponding opacity maps
(i.e., alpha mattes). As shown in Fig. 4a, we use matting
datasets as foreground datasets IFG = {(α, IFG)i}i and
image datasets as background datasets IBG = {IBG,i}i.
Since alpha mattes usually exhibit smooth transitions in soft
boundaries, which are not aligned with depth characteris-
tics, we first obtain alpha masks Mα by thresholding α with
αth, i.e., Mα = {p | αth < α(p)}. Then, we generate
foreground depth dFG by

dFG = Mα ⊙Depth(IFG), (2)

where Depth(·) represents depth estimation methods [67],
and a green background is added to IFG to enhance the con-
trast in depth estimation. Afterward, we obtain the back-
ground depth as dBG = Depth(IBG) and randomly sample
two depth values from [dmin, dmax] to rescale dFG for data
augmentation, where dmin = maxp∈Mα

(dBG(p)) to ensure

(a) Training data curation with matting datasets

(b) Network architecture
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Figure 4. Depth fixer. (a) We utilize image matting datasets
to synthesize training data with fine-grained depth labels in soft
boundaries. (b) Instead of relying on manually crafted cues like
trimaps [68], we leverage depth maps and image semantics to auto-
matically identify soft boundary regions. The gated residual mod-
ule enables precise depth correction in soft boundary areas and
thus benefits plug-and-play refinement. (c) Compared with direct
prediction and vanilla residual, our gated residual combined with
two-stage training achieves the best depth results.

correct depth ordering and dmax is a predefined constant.
Finally, we blend dFG and dBG by depth composition:

d = dFG ⊙Mα + dBG ⊙ (1−Mα). (3)

Using Eq. (3), one can create depth training pairs
{(din, dGT )i}i for the depth fixer by varying the threshold



αth. A lower αth is used to generate depth labels dGT with
fine details in soft boundaries, and a higher αth is used to
simulate depth inputs din with broken or missing depth in
these regions. Additionally, we apply a random Gaussian
blur to Mα when generating din, but use the unblurred mask
in Eq. (3) to produce dGT with sharp boundaries.
Network Design. As illustrated in Fig. 4b, our depth fixer
has two main branches: a feature branch built upon DI-
NOv2 [36] and DPT [43] to extract deep features and im-
age semantics, and a pixel branch based on U-Net [45] to
capture local structures and boundary details. To address
the automatic localization problem, we propose to infer soft
boundaries directly from images and depth maps. In partic-
ular, we first generate explicit edge guidance e by applying
the Sobel operator to the input depth, i.e., e = Sobel(din),
and then concatenate e with image Iin and depth din as in-
puts to the pixel branch. With this design, our depth fixer is
able to focus on the regions with high depth gradients and
learn to automatically identify soft boundaries with image
semantics and geometric layouts.

For precise refinement, we propose a gated residual
mechanism to refine depth only in soft boundary regions
while preserving global depth quality. Specifically, we first
model the soft boundary regions by predicting a gate map
G ∈ [0, 1], where G < 1 indicates soft boundary regions.
Then, the gated residual is performed to obtain the refined
depth d̂,

d̂ = din ·G+ dres · (1−G), (4)

where dres is the estimated depth residual. Compared with
the direct prediction of refined depth or vanilla residual ap-
proach, our gated residual better preserves sharp and fine-
grained details in soft boundaries, as shown in Fig. 4c. Fur-
thermore, the gating mechanism decouples depth estimation
and soft-boundary fixing, and thus our depth fixer can be
seamlessly integrated with state-of-the-art depth models to
achieve robust and detail-preserving performance.
Model Training. Directly training the depth fixer using
standard depth losses [42] tends to yield a trivial solution
where the gate collapses to G = 1. Hence, we propose
a two-stage strategy to learn depth refinement in a local-
to-global manner. We first generate a soft boundary mask
Msoft by thresholding the ground-truth alpha matte, i.e.,
Msoft = {p | αmin < α(p) < αmax}, with constants
αmin, αmax determining the soft boundary areas. The
learning objective for the first stage Lstage1

depth is defined as

Lstage1
depth = L1(d̂, dGT )+Lα(d̂⊙Msoft, dGT⊙Msoft), (5)

where L1 denotes the ℓ1 loss, and Lα is an image matting
loss from ViTMatte [68] to facilitate detail extraction. Al-
though Lstage1

depth prevents the trivial solution of G = 1 by
imposing stronger penalties on soft boundaries, it often in-
troduces halo artifacts around these regions, as illustrated in

(a) Training data curation with matting datasets

(b) Network architecture
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Figure 5. Color fuser. (a) We employ image matting datasets and
multi-view datasets to synthesize warped and inpainted results for
training. (b) Built upon a pre-trained VAE, we design a dual skip
module to leverage the merits of inapinted and warped images.
(c) Our color fuser eliminates redundant background colors (green
box in the warped image) and hallucinated textures (red box in the
inpainted image) for high-quality view synthesis.

Fig. 4c. Thus, in the second stage, we apply the constraint
Lα globally to improve the overall depth quality, i.e.,

Lstage2
depth = Lα(d̂, dGT ). (6)

Fig. 4c shows that our two-stage training achieves fine-
grained details while preserving global depth quality.

3.2. View Synthesis
For view synthesis, we first perform forward warping based
on the fixed depth to preserve fine details and soft bound-
aries. However, the mixture of foreground and background
in soft boundaries often introduces redundant background
colors in the warped results (e.g., see the green box in
Fig. 5c). Since existing multi-view datasets mainly contain
hard boundaries, we propose to model such characteristics
by leveraging matting datasets in data curation (Fig. 5a).
Dataset Curation. Given a sequence of background im-
ages {IBG,i}i from multi-view datasets, we first predict the
optical flow {fBG,i}i between all pairs of images via an



Table 1. Zero-shot depth boundary accuracy on the natural image matting datasets. Depth fixer can be integrated with different depth
models in a plug-and-play manner for soft boundary refinement. Best results are marked. Please see the supplementary for more evaluation.

AIM-500 P3M-10KMethod DBE comp ↓ DBE acc ↓ EP (%) ↑ ER (%) ↑ DBE comp ↓ DBE acc ↓ EP (%) ↑ ER (%) ↑

Depth Anything V2 [67] 7.93 3.29 19.90 6.50 7.53 2.60 26.53 9.37
Depth Anything V2+Depth Fixer (Ours) 7.19 2.10 34.56 13.08 7.21 1.93 36.91 13.39

Depth Pro [4] 7.75 3.80 15.92 6.12 7.25 3.25 18.36 9.21
Depth Pro+Depth Fixer (Ours) 6.70 2.30 35.01 17.33 6.44 1.78 37.90 18.91

UniDepthV2 [38] 8.34 3.87 19.52 5.14 7.73 3.48 20.82 8.12
UniDepthV2+Depth Fixer (Ours) 7.49 2.71 33.06 10.98 6.89 2.05 37.71 15.12

off-the-shelf optical flow estimator [63]. To synthesize the
warped results of soft boundaries, we sample a foreground
image IFG from the matting dataset, and generate the fore-
ground flow fFG with a random displacement vector (u, v)
for all pixels, ensuring purely translational motion within
the image plane. Then, we perform flow composition using
alpha mask Mα,

f = fFG ⊙Mα + fBG ⊙ (1−Mα). (7)

Since the foreground only moves within the image plane,
ground-truth views {IGT,i}i can be easily synthesized by
applying Eq. (1) to the foreground IFG and background
images {IBG,i}i. Although the foreground motions are
relatively simple, the background regions preserve realistic
viewpoint changes and complex camera motions for robust
training. Finally, we perform forward warping with flows
{fi}i to generate the warped images and masks, and fine-
tune our scene painter to fit the characteristics of soft bound-
aries while inpainting disoccluded regions. The aligned
synthesis strategy in SplatDiff [78] is also applied to the
background regions for precise viewpoint control.
Color Fuser. Although the scene painter is able to eliminate
redundant background in soft boundaries, its generative na-
ture tends to hallucinate inconsistent texture details (e.g.,
see the red box in Fig. 5c). To this end, we propose the color
fuser to adaptively combine warped and inpainted images.
As shown in Fig. 5b, we build the color fuser upon a pre-
trained Variational Auto-Encoder (VAE) [39] to harness its
reconstruction prior. Since VAE models often suffer from
detail compression [78], a dual skip module is designed to
propagate fine-grained features for fusion. Specifically, we
first extract multi-scale features of the inpainted and warped
images via a frozen VAE encoder. These features are then
concatenated with the warped masks and fed into the VAE
decoder to compensate for texture details. Based on our
curated view synthesis dataset, we further synthesize input
inpainted images with hallucinated textures by applying the
scene painter to ground-truth images {IGT,i}i. Finally, we
fine-tune the VAE decoder using the following objective:

Lcolor = L1(Î , IGT ) + λ · Llpips(Î , IGT ), (8)

where the balancing parameter λ = 0.1, Î denotes the

outputs of the color fuser, and Llpips indicates perceptual
loss [76]. Compared with the warped and inpainted results,
our color fuser produces the best novel views with high-
quality texture and geometry (Fig. 5c).

4. Experiments and Analysis

4.1. Experimental Settings
Implementation Details. For depth fixer, we curate our
training dataset with αmin = 0.02 and αmax = 0.98.
We use αth = αmin when generating ground-truth depth,
and randomly sample αth ∼ U(αmin, αmax) when syn-
thesizing input depth. We implement the depth fixer with
Depth Anything V2 [67] weight initialization for the feature
branch. Depth fixer is trained with AdamW optimizer [32]
under 448 × 448 patches, batch size 32, and 1 × 10−5

learning rate for 35K iterations for both stages. For scene
painter, we employ the pretrained VACE model [20] based
on Wan2.1-1.3B [55], and fine-tune it under 480× 832 res-
olution, batch size 4, and 1 × 10−5 learning rate for 10K
iterations. Regarding the color fuser, we add extra residual
blocks in VAE decoder to blend the features from dual skip
module, and fine-tune under 448 × 448 patches, batch size
16, and 1× 10−5 learning rate for 35K iterations. The total
training takes 4 days on 4 NVIDIA RTX A6000 GPUs.
Datasets. For training, we employ two multi-view datasets
as background datasets: RealEstate10K [81] and DL3DV-
10K [30], and three image matting datasets as fore-
ground datasets: AM-2K [24], Distinctions-646 [40], and
Composition-1K [65]. For evaluation, we created a Marvel-
10K dataset composed of 501 stereo videos from Marvel
movies, with a total of 12,525 stereo pairs. We also use 5
public depth estimation benchmarks for zero-shot evalua-
tion: NYUv2 [35], KITTI [12], ETH3D [47], ScanNet [8],
and DIODE [54]. In addition, two natural image matting
datasets AIM-500 [27] and P3M-10K [26] are employed to
evaluate the real-world performance of HairGuard.

4.2. Depth Estimation
We apply depth fixer to improve 3 state-of-the-art depth es-
timation models: Depth Anything V2 [67], Depth Pro [4],
and UniDepthV2 [38] in a plug-and-play manner, and eval-
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Figure 6. Qualitative comparisons of depth estimation (top), point clouds (middle), and novel view synthesis (bottom). Our HairGuard
better preserves soft boundary details in depth results and novel views, without artifacts like broken, detached, or hallucinated hairs.

Table 2. Zero-shot depth estimation performance. The depth fixer preserves the zero-shot capability of its base depth model in diverse
scenarios. Metrics are shown in percentage. Better results are marked. Please see the supplementary for more robustness evaluations.

NYUv2 KITTI ETH3D ScanNet DIODEMethod AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑

Depth Anything V2 [67] 4.27 97.86 7.97 94.38 5.25 98.27 4.15 97.94 26.24 75.49
Depth Anything V2+Depth Fixer (Ours) 4.27 97.86 7.97 94.38 5.25 98.27 4.15 97.94 26.24 75.49

Depth Pro [4] 4.29 97.90 5.98 96.25 5.23 96.89 4.11 97.98 22.20 76.28
Depth Pro+Depth Fixer (Ours) 4.29 97.90 5.98 96.25 5.23 96.89 4.11 97.98 22.17 76.28

UniDepthV2 [38] 3.40 98.33 4.67 97.42 3.31 99.16 3.08 98.32 23.94 75.67
UniDepthV2+Depth Fixer (Ours) 3.40 98.33 4.67 97.42 3.27 99.16 3.08 98.32 23.87 75.71

uate their performance in terms of depth boundary accuracy
and zero-shot depth estimation.
Boundary Accuracy. Following Depth Pro [4], we em-
ploy image matting datasets to evaluate depth accuracy in
soft boundaries. Edge-based metrics, i.e., the complete-
ness and accuracy of depth boundaries (DBE comp and
DBE acc) [23] and the edge precision and recall (EP and
ER) [17], are used to evaluate depth results in soft boundary
regions. Our depth fixer better captures fine-grained depth
details in soft boundaries (see depth and point cloud results
in Fig. 6), and consistently yields significant improvements
when integrated with different depth models (Tab. 1).
Zero-Shot Performance. We further test the robustness of
the depth fixer on 5 unseen public datasets. Although these
datasets rarely contain soft boundaries, Tab. 2 shows that
our depth fixer still achieves comparable or slightly better
performance under in-the-wild settings. Thanks to the pro-

posed gated residual module, our depth fixer can adaptively
fix depth in soft boundaries while maintaining the zero-shot
performance of the base depth model, allowing seamless
plug-and-play integration with current and future state-of-
the-art depth models.

4.3. Stereo Conversion
Since stereo conversion is widely applied in film produc-
tion, we compare HairGuard with state-of-the-art stereo
conversion and novel view synthesis approaches on the
Marvel-10K dataset, which features challenging cinematic
scenes and talking heads with complex hair structures.
Pixel-level metrics (PSNR, SSIM, and RMSE), feature-
level metrics (LPIPS [76] and DISTS [10]), and the stereo
metric SIoU [73] are used for evaluation.
Benchmarking on Marvel-10K. We compare the perfor-
mance of stereo image conversion (1 frame per sequence)



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

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

StereoDiffusion [56] 32.70 0.7654 6.05 0.2177 0.0698 0.2638 32.71 0.7656 6.04 0.2172 0.0693 0.2655
Mono2Stereo [73] 33.65 0.8143 5.45 0.1973 0.0690 0.2556 33.63 0.8134 5.47 0.1980 0.0691 0.2552
StereoCrafter [79] 32.52 0.8148 6.13 0.2330 0.1208 0.2664 32.35 0.8125 6.25 0.2381 0.1246 0.2645
ViewCrafter [74] 30.69 0.6705 7.61 0.3258 0.1330 0.2085 30.73 0.6739 7.59 0.3221 0.1312 0.2101
NVS-Solver [71] 31.18 0.7108 7.16 0.3323 0.1793 0.2143 31.44 0.7220 6.98 0.3256 0.1743 0.2161
ReCamMaster [2] 30.44 0.6118 7.82 0.4082 0.1391 0.1798 30.41 0.6107 7.84 0.4106 0.1412 0.1797
SplatDiff [78] 36.23 0.8857 4.06 0.1116 0.0435 0.3259 36.24 0.8858 4.06 0.1114 0.0437 0.3280
HairGuard (Ours) 36.59 0.8953 3.91 0.0909 0.0331 0.3337 36.58 0.8953 3.92 0.0911 0.0334 0.3355

and stereo video conversion (all sequence frames) in Tab. 3.
Although our HairGuard focuses mainly on improving soft
boundaries, which usually occupy small regions in images,
it consistently outperforms existing approaches in all met-
rics. In addition, Fig. 7 verifies the superior performance
and temporal consistency of HairGuard compared with pre-
vious video-based methods.
Ablation Study. Tab. 4 shows the contribution of each
component in our HairGuard. We first estimate depth with
Depth Anything V2 [67] and use its warped results as the
baseline (#1). By fixing depth in soft boundaries, depth fixer
achieves better warping performance with higher SIoU (#2
vs. #1). Scene painter largely improves perceptual quality
by filling disoccluded regions, but suffers from detail com-
pression and texture hallucination (better LPIPS and worse
PSNR in #3). By adaptively combining warped and in-
painted images via the color fuser, HairGuard achieves the
best results with high-quality textures and stereo effects.

Figure 7. Stereo video conversion performance on Marvel-10K.

Table 4. Ablation on stereo image conversion on the Marvel-
10K dataset. The best and second-best results are marked. Please
see the supplementary for more detailed ablation studies.

Depth Scene Color Marvel-10KExp Fixer Painter Fuser PSNR ↑ LPIPS ↓ SIoU ↑

#1 36.26 0.1490 0.3097
#2 ✓ 36.28 0.1458 0.3118
#3 ✓ ✓ 35.82 0.1246 0.3015
#4 ✓ ✓ ✓ 36.59 0.0909 0.3337

4.4. Novel View Synthesis
Benchmarking on Matting Datasets. We employ 2 natural
image matting datasets to evaluate the novel view synthesis
performance on scenes with soft boundaries. Since ground-
truth views are not available, we adopt FID [16] and the av-

Table 5. Novel view synthesis performance on the natural image
matting datasets. The best and second-best results are marked.

AIM-500 P3M-10KMethod FID ↓ CLIP-F ↑ FID ↓ CLIP-F ↑

NVS-Solver [71] 51.71 97.24 55.12 96.66
ViewCrafter [74] 33.43 99.03 35.40 98.73
ReCamMaster [2] 57.19 97.95 62.80 97.09
SplatDiff [78] 19.26 99.36 21.61 99.09
HairGuard (Ours) 18.82 99.38 21.38 99.11

erage CLIP similarity of adjacent frames (CLIP-F) [41] for
quantitative evaluation. Fig. 6 and Tab. 5 verify the state-of-
the-art performance of HairGuard in real-world scenarios.
User Study. We conducted a user study with 27 partic-
ipants on the full evaluation sets of AIM-500 and P3M-
10K datasets (1000 natural images in total, no hand-picked
samples). The participants will see side-by-side novel view
video results, vote for their preferred one, and indicate if it
is a strong preference. 1332 votes are collected in total, and
the results in Fig. 8 verify the superiority of HairGuard.

Figure 8. User study on novel view synthesis. A survey of 27
participants (1332 votes in total) shows the superiority of our Hair-
Guard compared with previous state-of-the-art approaches.

5. Conclusion
This paper presents HairGuard to address the challenges of
soft boundaries in 3D vision tasks. By utilizing image mat-
ting datasets, we train a depth fixer to automatically iden-
tify soft boundary regions and correct depth results in a
plug-and-play manner. For view synthesis tasks, the scene
painter and color fuser are employed to fix geometric er-
rors in novel views while preserving high-quality texture
details. Extensive experiments on monocular depth estima-
tion, stereo image/video conversion, and novel view synthe-
sis verify the state-of-the-art performance of HairGuard.
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