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Figure 1. Zero-shot generalization results by RAFT-Stereo [25] trained under our ZeroStereo pipeline.

Abstract

State-of-the-art supervised stereo matching methods have
achieved remarkable performance on various benchmarks.
However, their generalization to real-world scenarios re-
mains challenging due to the scarcity of annotated real-
world stereo data. In this paper, we propose ZeroStereo,
a novel stereo image generation pipeline for zero-shot
stereo matching. Our approach synthesizes high-quality
right images from arbitrary single images by leveraging
pseudo disparities generated by a monocular depth estima-
tion model. Unlike previous methods that address occluded
regions by filling missing areas with neighboring pixels or
random backgrounds, we fine-tune a diffusion inpainting
model to recover missing details while preserving seman-
tic structure. Additionally, we propose Training-Free Con-
fidence Generation, which mitigates the impact of unreli-
able pseudo labels without additional training, and Adap-
tive Disparity Selection, which ensures a diverse and realis-
tic disparity distribution while preventing excessive occlu-
sion and foreground distortion. Experiments demonstrate
that models trained with our pipeline achieve state-of-the-
art zero-shot generalization across multiple datasets, with
only a dataset volume comparable to Scene Flow. Code:
https://github.com/Windsrain/ZeroStereo.

1. Introduction
Stereo matching is a fundamental task in computer vision
that estimates depth information by identifying correspond-

ing points between stereo image pairs. By computing the
disparity between matched pixels, stereo matching enables
3D scene reconstruction, which is essential for applications
such as autonomous driving and robotic perception.

With the advancement of deep learning, stereo matching
has shifted from traditional handcrafted feature-based ap-
proaches to data-driven methods [2, 7, 9, 25, 53, 57–59].
While deep learning-based models achieve impressive per-
formance on standard benchmarks, they struggle to general-
ize to real-world scenarios due to the scarcity of annotated
real-world stereo data [48]. Most models rely on synthetic
datasets [29, 52] or limited real-world datasets [40, 41]
which fail to cover the full diversity of real-world environ-
ments. Several approaches have been proposed to mitigate
this challenge.

One direction involves learning domain-invariant fea-
ture representations from synthetic data [3, 10, 26, 38, 64].
However, a domain gap persists due to fundamental dif-
ferences between synthetic and real-world data distribu-
tions. Another approach leverages self-supervised learn-
ing [45, 46], using photometric loss [11] as a proxy super-
vision signal on unlabeled stereo images. However, this
method struggles with occlusions, ghosting artifacts, and
ambiguities in ill-posed regions, while large-scale collec-
tion of high-quality stereo image pairs remains non-trivial.

In recent years, view synthesis techniques [31, 35] have
emerged as a promising approach to self-supervised stereo
matching. These methods generate pseudo stereo images
and corresponding disparity labels from single images or
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NeRF-rendered scenes. Early strategies [28, 54] employ
monocular depth estimation [11, 21, 37] to derive pseudo
disparity labels, followed by forward warping to synthesize
the right image. However, this approach struggles with oc-
cluded regions, where missing pixels are typically filled us-
ing neighboring pixels [28] or random backgrounds [54], re-
sulting in structural inconsistencies. To address this, NeRF-
Stereo [47] has been proposed to generate stereo images
from NeRF-rendered scenes. It leverages an implicit 3D
representation, enabling it to synthesize occluded regions
during rendering, rather than relying on post-processing
heuristics. Additionally, it introduces Ambient Occlu-
sion [33] as a confidence measure to enhance the reliability
of pseudo disparity. However, NeRF-Stereo requires multi-
view inputs for scene reconstruction, limiting its flexibil-
ity compared to single-image-based methods. Moreover,
NeRF’s reconstruction quality for distant objects is often
suboptimal, leading to degraded stereo generation in large-
scale outdoor environments [8].

To overcome these challenges, we propose ZeroStereo, a
novel stereo image generation pipeline for zero-shot stereo
matching. Inspired by Marigold [17], we hypothesize that
modern diffusion models, pre-trained on large-scale im-
age datasets, can be effectively adapted for stereo match-
ing. However, directly applying existing diffusion inpaint-
ing models is insufficient for stereo generation, as standard
inpainting tasks do not account for the complex and struc-
tured occlusion patterns in stereo pairs. To address this,
we fine-tune a diffusion inpainting model specifically for
stereo image synthesis, ensuring it can handle the diverse
and irregular inpainting masks encountered in occluded re-
gions. This enables our method to recover missing back-
ground details more accurately, significantly preserving se-
mantic consistency compared to previous heuristic filling
approaches. In addition to high-quality image synthesis,
training stability is another key factor in stereo matching.
To mitigate the impact of unreliable pseudo disparities, we
introduce Training-Free Confidence Generation, which de-
rives confidence directly from a monocular depth estimation
model. Furthermore, we propose Adaptive Disparity Selec-
tion, which dynamically adjusts the disparity distribution
to prevent excessive occlusions and foreground distortions.
By ensuring a wider yet realistic disparity range, this com-
ponent enhances the model’s ability to generalize across di-
verse scenarios.

By integrating these components, ZeroStereo enables ef-
ficient and high-quality stereo image generation, leading to
state-of-the-art zero-shot stereo matching. Remarkably, our
method achieves this performance with a dataset volume
comparable to Scene Flow [29], demonstrating its ability
to generate highly effective training data without requiring
large-scale real-world stereo pairs.

Our main contributions can be summarized as follows:

• We propose a novel stereo image generation pipeline Ze-
roStereo for zero-shot stereo matching, including a fine-
tuned diffusion inpainting model adapting for complex in-
painting masks in stereo matching.

• We propose Training-Free Confidence Generation and
Adaptive Disparity Selection to improve stereo training
stability and enhance disparity diversity.

• We demonstrate that models trained with our pipeline
achieve state-of-the-art zero-shot generalization perfor-
mance using only a synthesized dataset volume compa-
rable to Scene Flow.

2. Related Work
Deep Stereo Matching. The advancement of deep learning
has significantly improved stereo matching. Early meth-
ods [2, 6, 42], such as DispNet [29] and GC-Net [18],
employed CNNs to construct cost volumes over a prede-
fined disparity range. More recently, iterative refinement-
based methods [25, 57, 58, 60], inspired by RAFT [44],
have been introduced to iteratively update disparity predic-
tions, improving accuracy and robustness. Additionally,
transformer-based models [13, 22] leverage self-attention
mechanisms to capture long-range feature dependencies,
enabling more effective cost volume aggregation.

Zero-shot Generalization in Stereo Matching. De-
spite these advancements, deep stereo models often struggle
with generalization to real-world scenarios. DSMNet [64]
addresses domain shifts by introducing domain normaliza-
tion layers and non-local graph-based filters to enhance
feature robustness. GraftNet [26] improves generaliza-
tion by incorporating pre-trained features from large-scale
datasets, while ITSA [10] mitigates shortcut learning us-
ing an information-theoretic approach. Inspired by masked
representation learning, Rao et al. [38] propose a masking-
based strategy to enhance stereo feature learning. Another
line of research focuses on self-supervised learning using
unlabeled images. Luo et al. [28] pioneers single-view
stereo training on the KITTI dataset, while MfS-Stereo [54]
generates stereo pairs from monocular images to enable
training without ground-truth disparities. NeRF-Stereo [47]
introduces NeRF to generate stereo images from 3D scene
reconstructions.

Diffusion Models for Image Synthesis. Denoising Dif-
fusion Probabilistic Models (DDPMs) [15] have demon-
strated success in image synthesis by progressively refining
images through a denoising process. Latent Diffusion Mod-
els (LDMs) [39] further improve efficiency by performing
diffusion steps in a lower-dimensional latent space. Con-
trolNet [66] extends these models by introducing spatial
conditioning mechanisms for better control over generated
content. RePaint [27] proposes an inpainting method based
on pre-trained DDPMs, showcasing the effectiveness of dif-
fusion models in restoring missing visual details.
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Figure 2. Overview of ZeroStereo. Given a left image, a monocular depth estimation model infers the normalized inverse depth. Our
Training-Free Confidence Generation (Sec. 3.3) and Adaptive Disparity Selection (Sec. 3.4) modules extract the confidence and pseudo
disparity. Forward warping is then applied to generate a warped image and corresponding masks, which are processed by a diffusion
inpainting model (Sec. 3.2) to synthesize the right image. The final stereo images and pseudo labels are used for stereo training (Sec. 3.5).

3. Method
In this section, we present the overview of our ZeroStereo
pipeline (Fig. 2) and details of our proposed modules.

3.1. Overview
Given a single image as the left image Il, we first obtain a
normalized inverse depth map D using a monocular depth
estimation model (we use Depth Anything V2 [63], re-
ferred to as DAv2). This depth map is then converted into
a pseudo disparity map d via our Adaptive Disparity Selec-
tion (ADS) module. Using the forward warping technique
from [54], we generate a warped image Ĩr, a non-occlusion
mask Mnoc (pixels only visible in Il), and an inpainting
mask Minp (pixels invisible in Il). Ĩr and Minp are then
processed by a fine-tuned diffusion inpainting model to syn-
thesize a high-quality right image Ir. To improve train-
ing stability, we introduce the Training-Free Confidence
Generation (TCG) module, which computes confidence C.
Finally, the synthesized stereo image pairs and associated
pseudo labels are used to train stereo matching models.

3.2. Image Inpainting
We fine-tune a diffusion inpainting model based on Stable
Diffusion V2 Inpainting (SDv2I) [39]. Although the pre-
trained inpainting model can be directly applied, it is not
specifically designed for stereo image synthesis. There exist
differences between standard image inpainting and image
inpainting in stereo matching.

First, there is no explicit textual guidance for inpainting.
As a text-to-image model, SDv2I is trained on both text-
conditioned and unconditioned data. However, no reliable
textual prompt effectively directs the model to inpaint oc-
cluded regions in stereo matching. Second, unlike standard
image inpainting, which typically restores or replaces spe-
cific objects or regions, occlusion masks in stereo matching
exhibit diverse and irregular shapes. As a result, directly ap-
plying a pre-trained model yields suboptimal performance,
necessitating fine-tuning to achieve effective results.

Fine-tuning Protocol. For fine-tuning, we utilize syn-
thetic stereo datasets like Scene Flow [29] which pro-
vide dense disparity maps as ground truth. Similar to
Marigold [17], synthetic data is essential because it offers
dense and complete ground truth, enabling per-pixel warp-
ing. Moreover, synthetic images are free from real-world
noise, ensuring cleaner training data. Given a warped im-
age Ĩr, an inpainting mask Minp, and a right image IR,
we employ a frozen Variational Auto-Encoder (VAE) [19]
to encode Ĩr and IR into the latent space. The inpainting
mask Minp is resized to match the latent space resolution.
We then sample Gaussian noise ϵ and add it to the latent
right image. Finally, these latent features and the resized in-
painting mask are concatenated as input to the U-Net, which
predicts noise ϵ̃. The network is optimized using an L2 loss
function:

Lu = ||ϵ̃ − ϵ||22 (1)
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Figure 3. Overview of our diffusion inpainting protocol. During training, we freeze VAE and only fine-tune U-Net.

Inference Protocol. Given a warped image Ĩr and an
inpainting mask Minp, we first encode them into the latent
space. Next, we sample standard Gaussian noise to initial-
ize the latent right image and concatenate it with the en-
coded inputs for the U-Net. During inference, we iteratively
denoise the latent representation over T steps. Finally, the
VAE decoder reconstructs the denoised image Id, yielding
the final inpainted image Ir:

Ir = Minp ⊙ Id + (1 − Minp) ⊙ Ĩr (2)

3.3. Training-Free Confidence Generation
Assessing confidence in depth predictions remains chal-
lenging for previous monocular depth estimation models,
which require additional training or auxiliary modules.
Some post-processing methods rely on gradients [16] or
probabilistic distributions [56] to estimate uncertainty.

Modern monocular depth estimation models [23, 62, 63]
tend to predict relative depth, often represented as inverse
depth in disparity space. This representation captures the
relative distances between pixels, independent of camera
parameters. Therefore, when an image is flipped horizon-
tally, the predicted relative depth between pixels is expected
to remain unchanged.

Given a left image Il, we apply a horizontal flip oper-
ation H(x) to obtain the flipped image I′

l. Both images
are then processed separately by the monocular depth es-
timation model to generate their respective relative depth
maps. Since we use DAv2 [63], which does not impose
constraints on its predicted depth range, we normalize these
outputs into the normalized inverse depth maps D and D′.
The confidence C of D is then measured:

u =1 − |D − H−1(D′)|

C =
u − min(u)

max(u) − min(u)

(3)

As shown in Fig. 4, low-confidence regions typically ap-
pear along edges, textureless areas, and thin objects, which
are also ambiguous in stereo matching. These unreliable
labels are suppressed to mitigate their impact on learning.

Figure 4. Visualization of confidence map.

3.4. Adaptive Disparity Selection
The previous method, MfS-Stereo [54], generates disparity
maps by uniformly sampling the maximum disparity value
from the range [dmin, dmax]. However, this fixed-range ap-
proach introduces several limitations.

First, when the image resolution is low, the disparity-
to-width ratio becomes relatively large, potentially causing
foreground distortion during forward warping or failure in
the diffusion inpainting model due to excessive occlusion.
Second, when the image resolution is high, the disparity-to-
width ratio becomes relatively small, reducing the percepti-
ble differences between the left and right images.

Therefore, we compute the disparity map d by multiply-
ing D with the scaling factor s · w, where w represents the
image width and s is sampled from the distribution:

s ∈

 (c − 2r, c − r), p = ps

(c − r, c + r), p = pc

(c + r, c + 2r), p = pl

(4)

where c is the center, r is the radius, and pi (i ∈ {s, c, l})
is the probability. This sampling strategy ensures that most
warped images maintain high-quality while occasionally in-
troducing extreme disparity values to enhance the robust-
ness of stereo training. Furthermore, since single-image
datasets vary in resolution, this approach allows for the
generation of large disparities, effectively covering a wide
range of scenarios.

28180



Figure 5. Visualization of different inpainting methods.

Figure 6. Visualization of StereoDiffusion [51] and our fine-tuned SDv2I.

3.5. Stereo Training
Given a stereo pair (Il, Ir), a disparity map d, a confidence
map C, a non-occlusion mask Mnoc, an inpainting mask
Minp, and an estimated disparity map d̃, we train stereo
matching models using our proposed ZeroStereo loss.

Disparity Loss. We adopt the same L1 loss as used in
previous supervised stereo matching methods:

Ld = ||d̃ − d||1 (5)

Non-occlusion Photometric Loss. We backward warp
Ir using the estimated disparity d̃ to obtain Ir

l . The ordinary
photometric loss is then computed as:

Lp = β · 1 − SSIM(Il, Ir
l )

2
+ (1 − β) · ||Il − Ir

l ||1 (6)

Ir
l includes pixels inpainted by the diffusion inpaint-

ing model. To exclude these pixels, we backward warp
1 − Minp to obtain M̃r

inp. Besides, Ir
l contains ghosting

artifacts due to backward warping, which we filter using
Mnoc. Thus, our loss is computed as follows:

Lnp = Mnoc ⊙ M̃r
inp ⊙ Lp (7)

ZeroStereo Loss. The above two terms are summed as:

LZero = C ⊙ Ld + µ · (1 − C) ⊙ Lnp (8)

4. Experiments

In this section, we present our implementation details, eval-
uation datasets, ablation study, and experimental results.

4.1. Implementation Details
All experiments are implemented with PyTorch on NVIDIA
RTX 4090 GPUs.

Diffusion Inpainting Model Fine-tuning. We utilize
the Stable Diffusion V2 Inpainting (SDv2I) [39], disabling
text conditioning and applying the DDPM noise sched-
uler [15] with 1,000 diffusion steps. We use a collec-
tion of synthetic stereo datasets, including Tartan Air [52],
CREStereo Dataset [20], Scene Flow [29], VKITTI 2 [1],
etc. Fine-tuning takes 50K steps with a batch size of 32

28181



Baseline ADS Inpainting TCG LZero
KITTI-15 All Midd-T (H) Noc ETH3D Noc
EPE >3px EPE >2px EPE >1px

✓ 1.52 4.89 2.71 8.41 0.25 2.38
✓ 1.24 4.84 2.28 7.46 0.28 2.27

✓ 1.44 4.85 2.34 7.59 0.23 1.92
✓ 1.09 4.78 2.13 7.27 0.27 2.16

✓ ✓ 1.06 4.74 2.26 6.68 0.23 2.05
✓ ✓ ✓ 1.05 4.71 2.18 7.11 0.23 2.01
✓ ✓ ✓ ✓ 1.04 4.73 2.09 7.07 0.22 1.90

Table 1. Ablation study of proposed modules trained with IGEV-Stereo [58]. Baseline denotes that we train the model under the pipeline
in [54]. ADS denotes our Adaptive Disparity Selection module and TCG denotes our Training-free Confidence Generation module.

Dataset DiW COCO DIODE ADE20K Mapillary
Mean 18.89 20.70 33.83 31.06 81.34
Max 75.00 96.00 153.45 627.54 751.54

Table 2. Disparity statistics results based on ADS.

Method KITTI-15 All Midd-T (H) Noc ETH3D Noc
EPE >3px EPE >2px EPE >1px

Pre-trained 1.18 4.77 2.27 7.21 0.25 1.90
Fine-tuned 1.06 4.74 2.26 6.68 0.23 2.05

Table 3. Ablation study of SDv2I.

Method Resolution (px) Memory (G) Time (s)
RePaint [27] 256 × 256 2.7 156.5
StereoDiffusion [51] 512 × 512 14.6 31.2
Ours 512 × 512 5.8 1.9

Table 4. Ablation study of different synthesis methods.

(gradient accumulation for 4 steps). We use the AdamW op-
timizer and a one-cycle learning rate schedule with a learn-
ing rate of 2e-5. Besides, we apply a crop size of 512 × 512
and symmetric color augmentation.

Stereo Image Generation. We use the DDIM sched-
uler [43] and perform 50 sampling steps. Following MfS-
Stereo [54], we sample images from Depth in the Wild [4],
COCO 2017 [24], DIODE [50], ADE20K [68], and Map-
illary Vistas [34]. We randomly sample 35K to create a
dataset called MfS35K. For disparity generation, we set:
c = 0.1, r = 0.05, pc = 0.8, and ps = pl = 0.1.

Stereo Matching Model Training. We use RAFT-
Stereo [25] and IGEV-Stereo [58]. Models are trained on
MfS35K with a batch size of 8 and a crop size of 384×512.
We follow all the source codes’ settings and train 200k
steps from scratch. In addition to the data augmentation
from RAFT-Stereo, we introduce Gaussian augmentation
on the right image, as done in MfS-Stereo [54]. For Ze-
roStereo loss, we set β = 0.85, µ = 0.1 the same as NeRF-
Stereo [47].

4.2. Evaluation Datasets
KITTI 2015 [30] includes 200 training pairs with lidar
ground truth for outdoor driving scenarios. ETH3D [41]
contains 27 training pairs of grayscale images, covering out-

Dataset Size KITTI-15 Midd-T ETH3D
>3px >2px >1px

Falling Things [49] 62K 5.14 5.81 28.63
CREStereo [20] 200K 6.26 10.91 2.56
Tartan Air [52] 307K 4.91 5.47 2.69
FoundationStereo [55] 1106K 4.69 5.11 2.52
MfS35K (Ours) 35K 4.53 4.45 2.13

Table 5. Ablation study of datasets.

Figure 7. Visualization of different disparity selection.

door and indoor scenarios. For Middlebury [40], we se-
lect the Middlebury V3 Benchmark Training Set (Midd-T),
which consists of 15 training pairs for high-resolution in-
door scenarios.

4.3. Ablation Study
In this section, we evaluate models with different settings to
verify the effectiveness of our proposed pipeline.

Effectiveness of proposed modules. Tab. 1 shows the
ablation study of our proposed modules. By adding ADS
or TCG, we observe a notable reduction in EPE for both
KITTI-15 and Midd-T. ADS improves the model’s ability to
handle large disparities. As shown in Tab. 2, the disparity
range adjusts adaptively according to the dataset resolution.
TCG suppresses unreliable labels, particularly in edges and
textureless regions. However, adding Inpainting alone re-
sults in only a slight improvement. As shown in Fig. 7, the
large disparity ratio causes separation and distortion in the
foreground, which hinders the effectiveness of the diffusion
inpainting model. When ADS is combined with Inpainting,
we observe a significant performance improvement.
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Method
KITTI-15 Midd-T ETH3D

>3px F (>2px Noc) H (>2px Noc) >1px
All Noc D <192 D <All D <192 D <All All Noc

NS-IGEV-Stereo 5.88 5.58 15.89 27.91 8.55 10.67 4.02 3.58
Zero-IGEV-Stereo (Ours) 4.73 4.57 13.03 26.78 4.73 7.07 2.64 1.90
NS-RAFT-Stereo‡ [47] 5.41 5.23 16.61 12.04 6.40 6.45 2.95 2.55
NS-RAFT-Stereo 5.65 5.44 15.05 13.41 9.09 9.44 3.30 2.79
Zero-RAFT-Stereo (Ours) 4.53 4.33 9.51 8.36 4.21 4.45 2.75 2.13

Table 6. Comparison with NeRF-Stereo [47]. Models are trained with the same augmentation. Exception: ‡ official weights.

Figure 8. Visualization of Middlebury, including Midd-T, 2014 and 2021.

Dataset KITTI-15 All Midd-T Noc ETH3D Noc
EPE >3px EPE >2px EPE >1px

Scene Flow [29] 1.44 8.17 2.49 15.81 0.29 3.79
NS65K [47] 1.39 7.60 2.24 11.99 0.32 4.58
MfS35K (Ours) 1.37 7.41 2.35 11.92 0.24 3.38

Table 7. Analysis of errors on edge (RAFT-Stereo).

When ADS, Inpainting, and TCG are all added, the per-
formance consistently improves. Moreover, by introducing
the final ZeroStereo Loss, the model can learn with LZero

in low-confidence regions. This loss helps maintain the
model’s robustness, enabling it to achieve optimal perfor-
mance across various datasets. A more detailed analysis
can be found in our supplementary materials.

Effectiveness of fine-tuned SDv2I. As shown in Fig. 5,
pixels inpainted using our fine-tuned SDv2I preserve mini-
mal noise and maintain the semantic structure closest to the
background. As shown in Tab. 3, the fine-tuned SDv2I out-
performs the pre-trained model. It suggests that fine-tuning
enhances the inpainting model’s ability to capture the se-
mantic structure of the background more accurately.

Comparison with other synthesis methods. StereoD-
iffusion [51] introduces a training-free method for gener-
ating stereo images using the pre-trained SDv2. However,
the inherent inconsistency arises because the warping oper-

ation is performed in the latent space. As shown in Fig. 6,
StereoDiffusion suffers from structural distortions, texture
inconsistencies, and poor occlusion handling, leading to un-
realistic right-image generation. As shown in Tab. 4, our
fine-tuned SDv2I is significantly faster and more memory-
efficient than StereoDiffusion [51], while still achieving
high-resolution synthesis. A more detailed discussion is
available in our supplementary materials.

Comparison with other synthetic datasets. In recent
years, many synthetic datasets with better diversity and ren-
dering realism have been proposed. As shown in Tab. 5,
our MfS35K outperforms others, despite being significantly
smaller. It reveals that rather than the absolute size of
datasets, the diversity of scenarios is more beneficial for
zero-shot generalization.

4.4. Comparison with NeRF-Stereo

We compare our method with NeRF-Stereo [47], a lead-
ing method for generating stereo images. As shown in Tab.
6, all models are trained with the same data augmentation,
except for NS-RAFT-Stereo‡, which uses official weights.
Since the official IGEV-Stereo limits Ld supervision to a
disparity of 192, we split the Midd-T table by disparity to
provide a more detailed evaluation.
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Method
KITTI-15 Midd-T ETH3D

>3px F (>2px) H (>2px) Q (>2px) >1px
All Noc All Noc All Noc All Noc All Noc

Training Set Scene Flow with GT
DSMNet [64] 5.50 5.19 41.96 38.54 18.74 14.49 13.75 9.44 4.03 3.62
CFNet [42] 5.99 5.79 35.21 30.05 21.99 17.69 14.21 10.51 6.08 5.48
Graft-PSMNet [26] 5.34 5.00 39.92 36.30 17.65 13.36 13.92 9.23 11.43 10.70
ITSA-CFNet [10] 4.73 4.67 34.01 30.14 16.48 12.32 12.28 8.54 5.43 5.17
HVT-PSMNet [3] 4.84 4.63 40.74 37.60 15.66 12.55 10.12 7.00 6.07 5.65
RAFT-Stereo [25] 5.47 5.27 15.63 11.94 11.20 8.66 10.25 7.44 2.60 2.29
IGEV-Stereo [58] 6.03 5.76 30.94 28.98 11.90 9.45 8.88 6.20 4.04 3.60
NMRF-Stereo [12] 5.31 5.14 37.63 35.25 13.36 10.90 7.87 5.07 3.80 3.48
Mocha-Stereo [5] 5.97 5.73 30.23 28.26 10.18 9.45 7.96 4.87 4.02 3.47
DKT-RAFT [65] 4.95 4.74 16.05 9.26 10.18 6.10 10.39 6.64 2.77 2.53
Former-RAFT [67] 5.18 4.93 - - 13.27 10.29 8.51 5.61 3.96 3.50
Training Set Real-world data without GT
MfS-PSMNet [54] 5.18 4.91 26.42 20.91 17.56 13.45 12.07 9.09 8.17 7.44
NS-RAFT-Stereo [47] 5.41 5.23 16.38 12.04 9.70 6.45 8.09 4.85 2.95 2.55
Zero-IGEV-Stereo (Ours) 4.73 4.57 29.47 26.78 9.71 7.07 7.07 4.46 2.64 1.90
Zero-IGEV-Stereo∗ (Ours) 4.89 4.73 18.83 14.87 8.45 5.54 6.99 4.38 2.85 2.00
Zero-RAFT-Stereo (Ours) 4.53 4.33 12.40 8.36 7.86 4.45 7.24 4.50 2.75 2.13

Table 8. Zero-shot generalization benchmark. DKT-RAFT [65] is trained on SceneFlow [29] and fine-tuned on Booster [36]. Zero-IGEV-
Stereo� denotes that we expand the Ld supervision same as RAFT-Stereo [25]. We highlight first , second , third bests.

Re-training NS-RAFT-Stereo with our data augmenta-
tion shows no improvement, confirming that the gains are
not solely due to augmentation. Zero-RAFT-Stereo outper-
forms NS-RAFT-Stereo‡ by over 20%, with only a 10%
drop in Midd-T (F) for D < 192, whereas NS-RAFT-
Stereo‡ declines more, likely due to its dataset’s imper-
fect reconstruction of distant objects. Fig. 8 highlights
NS-RAFT-Stereo’s failures in textureless regions, while our
Zero-RAFT-Stereo shows over 40% improvement in han-
dling such cases. Moreover, as shown in Tab. 7, the model
trained on MfS35K surpasses both the synthetic Scene-
Flow [29] and the NeRF-based NS65K [47], achieving the
lowest edge error and superior edge accuracy.

4.5. Zero-shot Generalization Benchmark

Following NeRF-Stereo [47], we construct a zero-shot gen-
eralization benchmark. All methods are evaluated across
the entire disparity range. For Zero-IGEV-Stereo, we train
two versions: one using the original code settings for dis-
parity supervision, and the other expanding the supervised
range, consistent with RAFT-Stereo [25].

As shown in Tab. 8, our models demonstrate state-of-
the-art zero-shot generalization performance across multi-
ple datasets, both under the SceneFlow with ground truth
(GT) and Real-world data without GT. Notably, Zero-
RAFT-Stereo achieves the best or near-best results, particu-
larly excelling in handling complex, real-world scenes.

Zero-IGEV-Stereo∗, with an expanded supervised range
of Ld, shows improved results on Middlebury’s large-
disparity scenarios, although this leads to a slight perfor-
mance trade-off on other datasets.

5. Conclusion
We propose ZeroStereo, a novel stereo data generation
pipeline for zero-shot stereo matching. The fine-tuned
SDv2I adapts to complex inpainting masks and recovers
background details. To handle unreliable pseudo labels,
the TCG module leverages the spatial invariance of relative
depth to compute confidence, helping to suppress uncer-
tain labels. Besides, the ADS module generates a broader
disparity distribution while avoiding foreground distortion.
Finally, experiments demonstrate that our models achieve
state-of-the-art zero-shot generalization performance.

Limitations. The fine-tuned SDv2I still struggles in
some complex scenarios, and there may be occasional color
inconsistencies due to fine-tuning on synthetic datasets.
Furthermore, forward warping performs poorly in ill-posed
regions, such as transparent areas or net-like objects.
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