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Abstract

Stereo matching methods rely on dense pixel-wise
ground truth labels, which are laborious to obtain,
especially for real-world datasets. The scarcity
of labeled data and domain gaps between syn-
thetic and real-world images also pose notable
challenges. In this paper, we propose a novel
framework, BooSTer, that leverages both vision
foundation models and large-scale mixed image
sources, including synthetic, real, and single-view
images. First, to fully unleash the potential of large-
scale single-view images, we design a data gener-
ation strategy combining monocular depth estima-
tion and diffusion models to generate dense stereo
matching data from single-view images. Second, to
tackle sparse labels in real-world datasets, we trans-
fer knowledge from monocular depth estimation
models, using pseudo-mono depth labels and a dy-
namic scale- and shift-invariant loss for additional
supervision. Furthermore, we incorporate vision
foundation model as an encoder to extract robust
and transferable features, boosting accuracy and
generalization. Extensive experiments on bench-
mark datasets demonstrate the effectiveness of our
approach, achieving significant improvements in
accuracy over existing methods, particularly in sce-
narios with limited labeled data and domain shifts.

1 Introduction

Stereo matching, the task of estimating disparity from two
input images, plays an important role in computer vision,
powering applications in fields such as robotics [Zhang et al.,
2015; Zhang et al., 2024al, autonomous driving [Orb, 20171,
and augmented reality [Yang et al., 2019a]. Recent advances
in deep learning have led to the development of learning-
based methods [Chang and Chen, 2018; Xu er al., 2023;
Zhang et al., 2021; Zheng et al., 2024] that achieve state-
of-the-art performance. However, the generalization of these
methods is highly dependent on the availability of high-
quality and diverse training data. Existing datasets can be
broadly categorized into synthetic and real-world datasets.
Synthetic datasets, generated from blending engines
[Mayer et al., 2016], mainly cover indoor environments.
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Figure 1: Comparison between Monocular Depth and Stereo Match-
ing. Monocular Depth approach provides fine-grained details but
suffers from scale ambiguity, whereas Stereo Matching delivers real-
world metrics but with coarser results. We carefully design data
generation and dynamic scale- and shift- invariant loss to perform
knowledge transfer from monocular to stereo.

Models trained on these datasets perform well in indoor envi-
ronments but show reduced effectiveness in outdoor scenarios
due to greater visual and contextual variability. In contrast,
real-world datasets [Geiger ef al., 2012; Menze and Geiger,
2015] typically rely on LiDAR sensors for the ground truth
disparity label. However, LIDAR-based ground truth is both
costly and time-consuming to acquire and often suffers from
issues such as misalignment and incompleteness. As a result,
real-world stereo datasets often have sparse and noisy ground
truth, which provides insufficient supervisory signals during
training, limiting the generalization and accuracy of stereo
matching models.

To address these challenges, several approaches have fo-
cused on refining network architectures [Xu et al., 2023;
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Lipson erf al., 2021; Zhang et al., 2025; Zhang et al., 2024b]
or generating additional datasets [Liang et al., 2023; Guo et
al., 2024; Wang et al., 2024b; Liang and Fu, 2025]. Al-
though these strategies lead to some performance improve-
ments, they still do not resolve the domain gaps between syn-
thetic and real-world data or address the sparsity of labels
in real-world datasets well. Nowadays, the rise of large-scale
vision foundation models (VFMs) has shown remarkable suc-
cess and great generalization in a variety of tasks, including
monocular depth estimation with models like DepthAnything
[Yang et al., 2024] and segmentation with DINOv2 [Oquab
et al., 2023]. Despite their success in many domains, the po-
tential of VFMs for stereo matching remains underexplored,
mainly because they are designed for monocular tasks and
lack explicit geometric constraints.

In this paper, we propose BooSTer, a novel framework that
combines vision foundation models and large-scale mixed
image sources, including synthetic, real-world, and single-
view datasets, to Boosting Zero-shot STereo Matching per-
formance. One of the key challenges in stereo matching is the
scarcity of labeled data, particularly in real-world datasets. To
address this, we introduce a monocular-depth-guided stereo
data generation pipeline, which enriches training data from
single-view images and allows the model to better gener-
alize across diverse domains. Additionally, we tackle the
issue of sparse and incomplete ground truth in real-world
stereo datasets by using a monocular depth network to gen-
erate pseudo-labels and applying a dynamic scale- and shift-
invariant loss to ensure robust learning of relative depth in-
formation. In addition, to bridge the domain gap between
synthetic and real-world data, we integrate vision foundation
model as an encoder to improve feature representations and
boost the model’s generalization capability. Experimental re-
sults demonstrate the effectiveness of our method, showcas-
ing its competitiveness in zero-shot stereo matching.

In summary, our main contributions can be summarized as
follows:

* we present a novel framework that transfers knowl-
edge from vision foundation models to stereo matching,
boosting both generalization and performance.

we design a stereo data training framework guided by
monocular depth estimation, enabling the creation of
large-scale real-world stereo data and introducing a dy-
namic scale- and shift-invariant loss, to enhance stereo
matching quality.

we employ a hybrid encoder combining a large-scale vi-
sion foundation model (DINOvV2) and a traditional con-
volutional feature extractor to obtain global context and
local details crucial for stereo matching.

2 Related Work

In this section, we review the most relevant studies on stereo
matching, stereo dataset generation, and vision foundation
models.

2.1 Stereo Matching Method

With the successful application of learning-based meth-
ods [Kendall et al., 2017; Guo et al., 2019; Chen et al., 2023;

Zou et al., 2024; Li et al., 2024; Liu et al., 2024; Li and
Fu, 2025] across various vision tasks, learning-based stereo
matching methods have been replaced traditional optimiza-
tion methods with CNN networks. GCNet [Kendall et al.,
2017] first uses 3D convolutional encoder-decoder architec-
ture to regularize a 4D volume. Following the success of
GCNet, PSMNet [Chang and Chen, 2018], GwcNet [Guo et
al., 2019] and GANet [Zhang erf al., 2019] gradually increase
the precision of the network. Besides, cascade methods like
CFNet [Shen er al., 2021] is proposed to improve efficiency.
RAFT-Stereo [Lipson et al., 2021] proposes to recurrently up-
date disparity map using local cost values retrieved from the
all-pairs correlations. IGEV [Xu et al., 2023] constructs a
new module to encode non-local geometry and context in-
formation. StereoBase [Guo er al., 2023] serves as a strong
baseline model in deep stereo-matching by combining all ex-
isting architectures. While these methods adopt increasingly
complex architectures, few have focused on improving the
encoder, which is crucial for stereo matching performance.

2.2 Stereo Datasets

Stereo datasets are typically categorized into synthetic and
real-world. Real-world datasets such as KITTI12 [Geiger et
al., 2012], KITTI15 [Menze and Geiger, 2015], and ETH
3D [Schops et al., 2017] provide limited pairs with sparse
LiDAR-based or indoor depth labels. Larger real-world
datasets like DIML [Cho et al., 2021], HRWSI [Xian et al.,
2020], and IRS [Wang et al., 2021b] offer more data, but
their ground truth (GT) obtained via stereo matching lim-
its deep stereo performance. Synthetic datasets like Scene-
Flow [Mayer ef al., 2016] use computer graphics (CG) to
generate dense GT, but suffer from domain gaps due to lim-
ited realism. Generating additional training data [Watson er
al., 2020; Wei et al., 2022; Gao et al., 2025] is often used
to mitigate this issue. Alternatives such as MfS [Watson et
al., 2020], which synthesize stereo from single-view images,
often introduce artifacts like holes and collisions, impairing
performance.

2.3 Vision Foundation Models

With advancements in computing power and the growth of
large-scale datasets, a growing number of vision foundational
models (VFMs) [Yang et al., 2024; Radford et al., 2021;
Ravi et al., 2024; Oquab et al., 2023] with strong generaliza-
tion and high performance have emerged. For instance, in the
area of monocular depth estimation, models like DepthAny-
thing [Yang er al., 2024] have demonstrated outstanding
generalization performance. Moreover, numerous studies
have introduced more general backbone networks through
self-supervised pre-training. Among these, the DINO fam-
ily [Oquab et al., 2023; Darcet et al., 2023] has explored self-
supervised learning with visual transformers, achieving im-
provements across a range of downstream tasks. Despite the
impressive generalization and zero-shot capabilities of these
VFMs, how to effectively leverage them to enhance stereo
matching performance remains an open challenge.
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a. Real-world Single-view Images

=9

Mapillary

ADE20K DIODE
’"9"0 Forward Lrignt
|:| [l Warplng
Edge aware
Depthanythmg Inpainting

@ Training Pair

Image Left Image Right Disparity GT

b. Real-world sparse labeled Images

e Fu

KITTI

mano Dynamic
|:| 0 [I | Scale- Shift-
Invariant

Depthanything

Der

l'i‘g.’f\Training Pair

Image Left

c. Synthetic Images

2. VFM Stereo Matching Model

Image Left

Image Right Disparity GT

&
@)

\
| m _ ——
. |"Context GRU
| Network Block
: i}
1
| i T
GRU
i DINOv2 |:| Block
: ) Init
= : Disparity
& 1 @ - ==
2 : L VvGG19 ” i
g .
g i

Cost Volume

Figure 2: The overall architecture of our proposed method consists of two main parts. 1. Large-scale multi-source mixed training dataset.
We mix stereo data from various scenarios as a large-scale pre-training dataset. 2. VFM Stereo Matching Model. We propose a hybrid
encoder structure embedded in VFM to boost the generalization and performance of the algorithm by transferring existing knowledge.

3 Method

In this section, we first introduce the motivation and formu-
lation of BooSTer. Then, we present the details of our DFM
Guided Training Framework and VFM integrated hybrid en-
coder architecture.

3.1 Motivation and Formulation

In the stereo matching task, the input consists of a pair of
stereo images, I; and I.. The goal is to generate a dense dis-
parity map D,,..q4. To achieve this, a stereo matching model
fo parameterized by 6 is commonly trained as

Dpred < fG(Ilylr)- (1)

To guide the model’s learning, a sparse supervision loss is
defined based on the available sparse depth annotations

[/sup = HMval O] (DG’T - Dpred)”h (2)

where Dg7 denotes the ground truth disparity map, and M
represents the valid mask for the ground truth disparity Dgr.
M., is a matrix of valid masks for disparity maps. In prac-
tice, the stereo matching model fy consists of two compo-
nents, ie., a feature extraction encoder f., and a disparity
refinement module f;.

The performance and generalization of stereo matching al-
gorithms are often constrained by the limited scale of real-
world datasets and the encoder’s challenge in learning robust
features from synthetic data. While synthetic datasets provide
large amounts of data, they fail to capture real-world com-
plexities, such as lighting, texture, and noise, making mod-
els trained on them struggle to generalize effectively to real-
world environments.

To address these limitations, we aim to improve both gen-
eralization and performance by expanding the training dataset
and incorporating a hybrid encoder. We introduce a large-
scale mixed dataset of real-world images alongside synthetic
datasets and integrate vision foundation model into our en-
coder. This hybrid encoder leverages the pre-trained seman-
tic and feature extraction capabilities of VFM, enabling more
accurate and comprehensive feature extraction and enhancing
the model’s generalization and performance.

3.2 Learning from Single-view Images

A disparity map is defined as the per-pixel horizontal dis-
placement between the corresponding locations of every pixel
from the first view to the second. In this case, from the left
image I; to the right image I,. Described in mathematical
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Figure 3: Comparison between naive inpainting module and our
inpainting module. (a) warped right-view image with occulusion
holes, (b) image inpainted from (a) using SD, and (c) right image
warping with our inpainting module.

form, the disparity map can be defined as
D(i) = (i) — 2, (i) 3)
where D(4) is the disparity value of pixel 4, and 2;(i) and
x,(i") are the horizontal coordinates of pixel ¢ and ¢’ in the
left and right view images, respectively.
Given any disparity map, we can warp every left view pixel
1 to the right view pixel ¢’ using the disparity map. There-
fore, we use the monocular depth estimation model to for-
mulate the disparity map D,,,,,. The disparity map from
the monocular model is a relative disparity map ranging from
[0,1]. We scale D,;;0n, With a random factor « to convert it
into the pixel-wise disparity map D/, ... The transformation
can be formulated as
D/

mono

= aDmonoa (4)

where « € [dynin, dmaz). To boost the diversity of the gener-
ated data, we randomly sample the scaling factor alpha from
a uniform distribution U (dyin, dmaz ), Where dimipn and dias
are the minimum and maximum scaling factors, respectively.
Edge-Aware Inpainting Module. Random scaling and for-
ward warping address the challenge of generating stereo im-
age pairs. However, the generated right-view images often
contain occlusion holes in regions that are invisible in the
left-view images. To fill in these missing parts, we use Stable
Diffusion (SD). However, as shown in Figure 3, simply using
an inpainting model tends to blend the front and back con-
tents. To address this issue, we present an Edge-Aware (EA)
inpainting module to mitigate the blending problem. Accord-
ing to Figure 3, this blending issue arises from a lack of ob-
ject edge information. Therefore, we first generate the object
edge mask M. € [0, 1]#*W from D/ We detect the

mono*
horizontal object edges to create the edge mask using

N L i Va(Dn(i) > 7
ML(i) = { 0, otherwise

where V. (-) computes the horizontal gradient of the dispar-
ity map, and 7 is the threshold for detecting object edges.
We select a few background pixels from M, and warp them
with the foreground to preserve edge information, and then
apply inpainting with the SD model to fill occultation holes.
The EA module effectively reduces foreground-background
fusion, enhancing the realism of the inpainted image.

; ®

3.3 Learning from Sparse Images

As shown in Figure 4, pseudo-labels from monocular depth
estimation provide accurate details and infer relative depth.

(a) RGB Image

(b) GT Disparity

(c) Mono-Prediction

Figure 4: Comparison between disparity from KITTI and from
monocular model. (a) RGB Image, (b) ground-truth from LiDAR,
and (c) disparity from monocular estimation.

However, these scaleless depth estimates are not suitable as
direct supervision for stereo models. Therefore, we pro-
pose to transfer both monocular depth estimation and stereo
matching model output into same scaleless domain to fix the
domain gap. As a result, we introduce dynamic scale- and
shift- invariant (DSSI) transformation to align the prediction
to monocular pseudo depth based on a least-squares criterion

M
(a,b) = arg min Z} (aDyprea(i) + b= Dmono(i))*,  (6)

where a is scale factor and b is shift factor. Due to the sus-
ceptibility of the least squares method to outliers, which com-
promises the stability of supervision, we conducted outlier
detection and removal on the scaled map then recalculated
the a and b. The specific mathematical expressions are
Ml(l) — { (1)7 Zf (aDpred(i) + b— Dmono(i))2 <7

(7)
T :Q(aDpred + b— Dmono)a (8)

where 7; is the threshold of masking, and Q(-) is the Quintiles
operation. After filtering, we recompute the scale a’ and shift
b’ based on the remaining value and develop DSSI loss using
mean-squared error (MSE),

CDSS] = MSE(]jpreda Dmono)a
]f)pred = a/Dp'red &} V.

otherwise

©))

Together with the sparse GT loss, the final loss function is
formulated as

L= ‘Csparse + /BLDSSI7 (10)

where (3 is the DSSI factor of loss functions.

3.4 VFM Based Hybrid Feature Encoder

With the rapid advancement of deep learning techniques, nu-
merous network architectures have been proposed for stereo
matching task, each incorporating distinct module designs.
Most stereo matching networks can generally be categorized
into a two-stage framework, a feature extraction encoder, and
a disparity refinement module based on cost volume.

Here, we employ a hybrid feature extraction encoder by
integrating DINOv2, a powerful pre-trained feature extrac-
tion model, with the traditional convolutional neural network
(CNN) based encoder. DINOv2 captures richer and more ro-
bust high-dimensional feature representations, including both
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Networks KITTII2 KITTII5 ETH 3D Middlebury
DI| EPE|l >2px] DI| EPE] >2px| DI] EPE| >2px) DI| EPE] >2px|

PSMNet'18 3051 4.68 4215 32.14 598 4426 879 826 1020 2254 793 3353
CFNet’21 13.63 227 2007 1208 289  19.04 3.07  2.48 403 1841 660 2391
GweNet' 19 23.04 276 3371 25.19 357 3696 631 259 794 2216 728  29.87
COEX’21 1207 179 2023 11.00 248 1998 371 1.74 537 18.19 682  25.16
FADNet++'21 1131 177 1802 1323 297 2090 11.73 836 1426 1523 487  24.08
CasStereo’20 1185 1.82 1884 1206 269 2026 3.83 148 542 2061 758  27.39
IGEV’23 481 095 784 510 120 8.90 139 045 1.88 844 210  11.77
Selective-IGEV’24 573 1.08 573 563 124 960 245  1.35 303 2481 2363 29.11
StereoBase’24 498  1.02 809 547 120 9.47 128 028 176 831 171  11.95
Ours 3.04 076 519 322 0.89 663 070 024 112 750 166 1172

Table 1: Comparison with stereo matching methods. “Ours” indicates pre-training on our mixed dataset. Models are validated on the
KITTI12, KITTI1S and ETH3D training sets as cross-domain validation. By default, all supervised methods have trained using SceneFlow.

semantic and high-level information, while CNN focuses on
extracting detailed pixel-wise features. This combination en-
ables the model to process the image from both global and
local perspectives, thereby enhancing the performance and
effectiveness of the encoder.

Formally, given a pair of left and right images I;,I, €
RIXWX3 " e begin by employing the well-established
VGG19 [Simonyan and Zisserman, 2015] as the CNN fea-
ture extractor. This network generates multi-level pyramid
features, producing feature maps at various scales: c(.l) €
RCXE X5 \where i € {4,8,16} denotes the scaling factor.
These multi-scale features offer a rich and layered represen-
tation of the input images. To further enhance the feature ex-
traction process, we introduce DINOvV2 to generate an addi-
tional high-dimensional feature layer, fc(32) € RCs2x 55 %35
which captures high-level semantic and contextual informa-
tion essential for stereo matching.

Finally, the disparity refinement network is designed fol-
lowing the methodology outlined in [Guo et al., 2023], which
can boost the depth estimation by refining the initial disparity
maps. The combination of advanced feature extraction and
disparity refinement improves accuracy and generalization in
stereo matching.

4 Experiment

In this section, we first introduce the datasets used for training
and evaluation, as well as the details of our implementation.
Then, detailed comparisons are conducted under zero-shot
settings. Finally, ablation studies are performed to confirm
the effectiveness of our proposed main components.

4.1 Datasets and Evaluation Metrics

ETH3D [Schops et al., 2017] is a widely used dataset with
grayscale stereo pairs from indoor and outdoor environments,
featuring LiDAR ground truth. It includes 27 training and
20 test frames for low-resolution two-view stereo. We use
ETH3D as validation set to evaluate our method.

KITTI 2012 and KITTT 2015 [Geiger et al., 2012; Menze
and Geiger, 2015] are well-known benchmarks with 200 la-
beled training pairs and additional test pairs. Ground truth
is provided by sparse LiDAR. KITTI15 includes dynamic

scenes with semi-automatically generated ground truth. We
evaluate the trained models on the training sets of both
datasets, following prior work.

Middlebury [Scharstein ef al., 2014] contains two sets of 15
stereo image pairs for training and testing, captured from in-
door scenes at three resolutions (full, half, and quarter). For
evaluations, only the training pairs at half resolution are used
to assess cross-domain generalization.

Mixed training datasets consist of three component. The
first is synthetic data, such as SceneFlow [Mayer et al., 2016,
which includes over 39,000 stereo frames at 960 x 540 reso-
lution, but has domain gaps with real-world applications. To
address this, we create the Diffusion-based Mono for Stereo
(DiffMFS) dataset by combining single-view datasets like
COCO 2017 [Lin et al., 2014], Mapillary Vistas [Neuhold
et al., 2017], ADE20K [Zhou et al., 2017], Depth in the
Wild [Chen er al., 2016], and DIODE [Vasiljevic et al., 2019],
resulting in 597,727 single-view images. Our method then
synthesizes stereo data for training. For real-world datasets,
we use Driving Stereo [Yang et al., 2019b] and apply our dy-
namic scale- and shift-invariant loss to handle missing and
sparse LiIDAR ground truth. In each training epoch, we ran-
domly sample images from the three datasets with a sampling
frequency of 5:6:1.

Evaluation Metrics. We report evaluation results on the av-
erage End-Point Error (EPE), D1, and >2px metric, which
indicates the percentage of stereo disparity outliers. For all
metrics, smaller values indicate better model performance.

4.2 Implementation Details

We follow the setup of recent work [Guo et al., 2023] and
train our model on 4 NVIDIA 4090 GPUs. For the DFM
used in stereo image generation, we adopt Depth Anything
V2 [Yang et al., 2024] due to its great generalization. For
VEM in the hybrid encoder, we use DINOv2 [Oquab ef al.,
2023] as its powerful image understanding capabilities and
robust features. In the training stage, we utilize our mixed
training dataset. We adopt AdamW with a weight decay of
0.05 as the optimizer and clip gradients if their norms exceed
0.1. Our model is pre-trained from scratch for 600K itera-
tions. We set the batch size to 8.
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Figure 5: Qualitative results of IGEV and StereoBase trained with Sceneflow and our model trained on our mixed dataset. By default, IGEV

and StereoBase are trained using SceneFlow.

4.3 Comparison of Zero-Shot Generalization

To demonstrate the improvement in model generalization, we
conducted a cross-domain zero-shot experiment. We selected
several state-of-the-art methods for comparison, including
PSMNet [Chang and Chen, 2018], CFNet [Shen er al., 2021],
GwcNet [Guo et al., 2019], COEX [Bangunharcana et al.,
2021], FADNet++ [Wang et al., 2021al, CasStereo [Gu et al.,
2020], IGEV [Xu et al., 2023], Selective-IGEV [Wang et al.,
2024al, and StereoBase [Guo et al., 2023]. All these meth-
ods were evaluated using their best-performing checkpoint,
trained on the SceneFlow dataset.

Quantitative Results. As shown in Table 1, we evaluates
the effectiveness of our BooSTer. The training pipeline com-
bines simulation data with real-world synthesized data to
improve the generalization capabilities of the model. The
results demonstrate a substantial improvement in the zero-
shot performance, as evidenced by the significant increase in
the model’s accuracy and robustness across various test sets.
Specifically, our method outperforms the baseline model,
achieving a notable reduction in disparity estimation errors
and providing more precise depth predictions. These results
indicate that the mixed training approach not only improves
the generalization of the algorithm but also enhances its per-
formance in real-world scenarios, thereby validating the ef-
fectiveness of our approach in narrowing the domain gap and
improving model robustness.

Qualitative Results. As shown in Figure 5, we present the
qualitative results of stereo predictions from models trained
on different datasets. In the first two rows, we demonstrate
the impact of noise, where the disparity maps generated by
StereoBase exhibit noticeable artifacts and inaccuracies, par-

ticularly in noisy regions. By incorporating a mixed data
training pipeline, our method mitigates the effect of noise,
improving disparity estimation and yielding clearer object
boundaries. In the next two rows, we highlight the challenges
of low-texture regions. StereoBase shows noticeable artifacts
around textureless areas, such as poles and signs, while our
method progressively refines depth accuracy, especially in re-
gions lacking distinct texture features. In the final two rows,
we focus on transparent or reflective materials, where Stere-
oBase produces inaccurate depth maps due to the difficulty in
handling such materials. Our method, however, enhances the
results, providing more precise depth estimations even in the
presence of complex surface reflections and transparency.

4.4 Comparison of Data Generation Methods

To evaluate the effectiveness of our stereo image generation
method, we begin by comparing it to the synthetic dataset
SceneFlow [Mayer et al., 2016] and the real-world image-
based dataset generation method MFS [Watson er al., 2020].
Four distinct model architectures are trained on each dataset
using the same training settings.

As shown in Table 2, our method improves generaliza-
tion across multiple datasets and network architectures, with
notable performance gains on the outdoor KITTI datasets.
These improvements stem from the enhanced inpainting
module, which ensures more coherent content in the gener-
ated stereo images, leading to better depth estimation, espe-
cially in occlusions and boundary transitions.

4.5 Ablation Study

In this section, we conduct a series of ablation studies to ana-
lyze the impact of different module choices in our method.
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.. ETH3D KITTI12 KITTI1S
Networks Training Dataset
EPE| D1] >2px| EPE| D1}| >2px] EPE|l D1] >2px|
SceneFlow 8272  8.799 10.74 4.683 30.512 4335 5986  32.149 4447
PSMNet MFS Dataset 0.534 2204  3.506 1.009  4.322 6.984 1.605  4.729 8.537
DiftMFS (Ours)  0.397 1.531 2.481 0.859 4.077 6.667 1.052  4.507 8.312
SceneFlow 0413 1.832  2.629 1.010  4.742 7.789 1.839  5.758 9.939
CFNet MEFS Dataset 0.712  3.194  4.780 0922 4523 7.200 1.113  5.127 9.079
DiffMFS (Ours) 0443 1.434  2.500 0.881 4.169 6.669 1.030 4.711 8.562
SceneFlow 0.288  3.610 1.669 1.027  5.135 7.714 1.212  6.034 9.653
IGEV MFS Dataset 0.703  4.657  2.105 0.824  3.546 5.530 1.061 4912 8.625
DiftMFS (Ours)  0.284 3.124  1.164 0.803  3.505 5.438 1.001  4.659 8.149
SceneFlow 0.286 1.284 1.762 1.022  4.983 8.091 1.199  5.477 9.478
StereoBase = MFS Dataset 0.363 1.731 2.343 0.867  4.008 6.571 1.409  4.273 7.874
DiftMFS (Ours)  0.250 1.047  1.392 0.777  3.468 5.475 0984 3.904 7.176

Table 2: Zero-shot validation results of models pre-trained on our generated dataset compared with synthetic dataset and data generation
method. The results indicates that our stereo data generation method outperforms the state-of-the-art datasets.

Dataset Mixture. We evaluate the effect of different data
mixing strategies on the zero-shot performance, testing three
strategies: synthetic data, simulation data combined with
single-view images, and a mix of simulation, single-view,
and real-world images. The results show that stereo images
generated from single-view images notably boosts zero-shot
performance, suggesting it provides data closer to real-world
conditions, helping to bridge the domain gap. Although in-
cluding real-world data further improves performance, the
gain is modest, indicating that its impact is incremental com-
pared to the substantial improvement seen with generated
stereo data. This is likely due to the smaller scale and more
specific nature of the real-world data used.

Inpainting method. When applying forward warping, holes
in the generated image indicate regions with no pixel matched
to the single-view image. As shown in Table 3, using an ad-
vanced inpainting model outperforms the random hole-filling
strategy in [Watson er al., 2020]. However, Stable Diffu-
sion often confuses object and background edges, degrading
image quality. In contrast, our Edge-Aware Filling module
generates more coherent content, leading to smoother object-
background transitions and improved depth estimation.
Stereo Matching Model. To evaluate the performance of the
proposed hybrid feature encoder, we applied the same train-
ing strategy to the state-of-the-art network, StereoBase [Guo
et al., 2023]. When compared to our model, which was
trained under identical conditions, our approach demonstrates
a effective improvement in zero-shot generalization perfor-
mance, thereby validating the effectiveness of the encoder op-
timization proposed in this work.

5 Conclusion

In this paper, we propose a novel framework for stereo match-
ing, BooSTer, which addresses the challenges of limited la-
beled data and domain gaps between synthetic and real-world
images. By leveraging large-scale mixed image sources,
including synthetic, real, and single-view datasets, our ap-
proach significantly improves model generalization and per-
formance. We introduce a data generation strategy that com-

Exps Methods ﬂ
EPE| DI1J|

SF 1.12 5.03

Data MONO 0.92 3.78
SF+MONO 0.90 3.37
SF+MONO+DS 0.89 3.22

No 0.99 3.98

Inpainting  Stable-Diffsuion ~ 0.93 3.56
Ours 0.89 3.22

StereoBase 0.91 3.45

Model  5urs 089 322

Table 3: Ablation experiments. Settings used in our method are
underlined. “SF” indicates Sceneflow, “MONO” indicates real-
world single-view images and “DS” indicates DrivingStereo.

bines DFM and diffusion models, enabling the generation of
dense stereo matching data from single-view images. Ad-
ditionally, to overcome the sparse labeled data in real-world
datasets, we employ pseudo-mono depth labels and a dy-
namic scale- and shift-invariant loss function for enhanced
supervision. Furthermore, we propose a hybrid encoder struc-
ture that integrates VFM, enabling direct knowledge transfer
from VFMs at feature level. This approach improves the di-
versity and generalization of the encoder’s features. Through
these novel designs,our approach achieves superior perfor-
mance on real-world zero-shot experiment, scenting an ad-
vancement in stereo matching.
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