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Abstract
Stereo matching recovers 3D scene information based on
the correlation between corresponding pixels. Despite im-
pressive progress, existing methods lack sufficient correla-
tion priors in ill-posed regions such as occlusions, detailed
and reflective regions. In this paper, we propose Geometry
Aware Stereo Matching Network (GEAStereo) to enhance ge-
ometric structure perception and address this issue. We adap-
tively incorporate the Monocular Disparity Distribution Prior
into the stereo cost volume, building Mono-Stereo Fusion
Volume (MSFV), which effectively captures global geomet-
ric structures and rectifies the correlation information in ill-
posed regions. Furthermore, we introduce rich detail informa-
tion from gradient features and construct a Detail-Aware Vol-
ume (DAV) by aggregating the group-wise cost volume un-
der the guidance of gradient spatial attention, thus enhancing
the correlation modeling in detailed structures. Jointly, MSFV
and DAV provide rich correlation priors for disparity itera-
tive optimization. Experimental results show that our method
achieves competitive results on the ETH3D and KITTI2015
benchmarks. Compared with the state-of-the-art methods, our
method demonstrates stronger performance in zero-shot gen-
eralization.

Introduction
Stereo matching is a fundamental topic in computer vision.
Its primary task is to to establish pixel-wise correspondences
between the left and right image pairs (Hirschmuller 2008),
and then restore the depth and geometric information of the
3D scene based on the horizontal coordinate difference of
the pixel pairs, known as disparity. This technique is widely
used in tasks such as 3D modeling, autonomous driving, vir-
tual reality, and robot navigation.

In recent years, stereo matching methods based on deep
learning (Kendall et al. 2017; Lipson, Teed, and Deng 2021;
Xu et al. 2023) have notably enhanced the accuracy of
disparity estimation on standard benchmarks. These meth-
ods can be categorized into cost aggregation-based methods
and iterative optimization-based methods. Cost aggregation-
based methods (Mayer et al. 2016; Pang et al. 2017; Kendall
et al. 2017) construct a 3D or 4D cost volume by con-
catenating or performing dot products on CNN features of
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Figure 1: Left: Comparison with state-of-the-art stereo
methods on ETH3D. Right: Zero-Shot Performance com-
parison on ETH3D and Middlebury.bad0.6

stereo images. Subsequently, they utilize aggregation mod-
ules based on 2D or 3D convolutions (Wang et al. 2024b)
to directly aggregate the cost volume to obtain disparity.
In contrast, iterative optimization-based methods (Lipson,
Teed, and Deng 2021; Xu et al. 2023; Wang et al. 2024c)
construct the all-pairs cost volume, which takes the current
disparity as a prior. The lookup operator is employed to sam-
ple the cost volume and obtain local cost volume features.
Subsequently, an iterative optimizer based on ConvGRU is
utilized to iteratively optimize the disparity. These methods
avoid the high computational cost of 3D convolution and up-
date the disparity through lightweight GRU units.

Both of these methods rely on the cost volume as match-
ing priors to capture the correspondences between match-
ing pixels. In ill-posed regions such as occlusions, texture-
less and reflective/detailed regions, the cost volume often
fails to capture reliable matching costs, leading to mismatch-
ing and presenting a formidable challenge to stereo match-
ing methods. Some works (Wang et al. 2024c; Zhao et al.
2023) alleviate mismatching by enhancing the processing of
high-frequency disparity information. Monster (Cheng et al.
2025) and DEFOM-Stereo (Jiang et al. 2025) leverage pow-
erful monocular depth from DepthAnyThingV2 (Yang et al.
2024) as priors to generate the initial disparity. Introducing
monocular depth provides complementary structural infor-
mation for ill-posed regions. However, these methods over-
look the fact that matching costs of the cost volume remain
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Figure 2: Zero-Shot Qualitative Comparison on two
datasets. Row 1, 2: Middlebury. Row 3, 4: ETH3D.

missing or inaccurate in ill-posed regions, introducing noisy
priors for disparity optimization. Meanwhile, the scale align-
ment between monocular depth and disparity varies across
scenes, leading to limited zero-shot generalization.

To address the limitations of previous methods, we pro-
pose a novel stereo matching method, named GEAStereo,
which improves the correlation information of the cost vol-
ume in ill-posed regions through Monocular Disparity Dis-
tribution Prior Volume (MDPV) and Gradient Enhancement.
Unlike previous methods that rely on monocular depth, we
employ a monocular prior decoder based on CNN to gen-
erate MDPV from left features, which represents pixel-wise
possibility cues belonging to different disparity levels. By
doing this, we avoid scale alignment error from monocular
depth across different scenes. To adaptively propagate the
monocular prior into cost volume, we propose a Monocular
Disparity Prior-Guided Fusion Module (MPF) to fuse the
stereo cost volume and MDPV, yielding a Mono-Stereo Fu-
sion Volume (MSFV). This enables us to capture global geo-
metric structures and correct correlation information of cost
volume in ill-posed regions. While MSFV improves global
structural awareness, fine details are often lost during low-
resolution cost aggregation. We then introduce RGB gradi-
ent features and design a Detail-Aware Aggregation Module
(DAA) to perform aggregation on the 4D group-wise cost
volume. DAA applies Gradient Spatial Attention during the
aggregation process to enhance the detailed geometric infor-
mation in group-wise cost volume, obtaining Detal-Aware
Volume (DAV). Jointly, MSFV and DAV provide rich corre-
lation priors for disparity iterative optimization. We conduct
numerous experiments to validate the effectiveness and su-
periority of our method. A brief comparison with published
SOTA methods is demonstrated in Figure 1.

Our primary contributions can be summarized as follows.
• We propose a Monocular Disparity Distribution Prior

Volume and utilize this prior to globally refine or com-
plete the correlation information in stereo cost volume.

• We design a Detail-Aware Volume, which introduces gra-
dient spatial enhancement to perceive matching cost in-
formation for detailed and thin structures.

• Our proposed method outperforms existing published
methods on public leaderboards such as KITTI2015,

ETH3D benchmark. In zero-shot generalization experi-
ments across diverse datasets, our method achieves best
performance compared with SOTA methods.

Related Work
Learning-Based Stereo Matching
To encoder correlation between pixels, early learning-based
stereo methods (Mayer et al. 2016; Pang et al. 2017) con-
struct 2D correlation cost volume to model the correlation
information between corresponding matching pixels, fol-
lowed by disparity regression through a 2D CNN (Wang
et al. 2025a). Subsequent works have focused on enhancing
the representation ability of cost volume. GC-Net (Kendall
et al. 2017) constructs a 4D concatenated cost volume by
feature concatenation at disparity levels. GwcNet (Guo et al.
2019) groups channels to build group correlation volume, ef-
fectively enhancing the similarity priors of the cost volume.

RAFT-Stereo (Lipson, Teed, and Deng 2021) transfers
the RAFT (Teed and Deng 2020) framework from opti-
cal flow to stereo matching tasks and proposes an itera-
tive optimization-based stereo matching paradigm. In re-
cent years, this paradigm has gradually become mainstream,
achieving state-of-the-art results in both accuracy and effi-
ciency. IGEV (Xu et al. 2023) performs 3D aggregation for
cost volume and generates initial disparity, which introduces
geometric priors for GRU iterative optimization. Selective-
Stereo (Wang et al. 2024c) decouples disparity estimation by
using GRUs with different kernel sizes. (Cheng et al. 2025;
Jiang et al. 2025) introduce the Vision Foundation Model
DepthAnythingV2 (Yang et al. 2024) into the stereo match-
ing. By leveraging the powerful depth generalization ability
of DepthAnythingV2, they generate the inverse depth map
which is further aligned with GRU, providing monocular
priors for ill-posed regions. AIO-Stereo (Zhou et al. 2025)
leverages knowledge from multi Visual Foundation Models
to stereo matching.

Gradient Enhancement in Visual Tasks
Gradient information quantifies the intensity of RGB value
variations at each pixel within an image. Gradient features
possess a robust capacity for representing structural de-
tails. In recent years, researchers have incorporated gradi-
ent features as supplementary structural priors to enhance
the sharpness of blurred structures. TCIN(Kim et al. 2022)
trains a fine-refinement network with gradient loss for im-
age super-resolution, which aims to boost the generation
of high-frequency details. DSR-EI (Qiao et al. 2023) em-
ploys the Transformer architecture to extract gradient fea-
tures to recover sharp edges in depth discontinuities struc-
tures. SGNet(Wang, Yan, and Yang 2024) exploits the struc-
tural information embedded in RGB gradients to rectify the
blurred structures in low-resolution depth maps.

Method
In this section, we detail our GEAStereo architecture, which
consists of a multi-scale feature extractor, MSFV construc-
tion, DAV construction and a GRU-based iterative optimizer,
as shown in Figure 3.
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Figure 3: Left: The overall framework of GEAStereo. GEAStereo builds a Mono-Stereo-Fusion Volume (MSFV) and a Detal-
Aware Volume (DAV). Then we regress an initial disparity from DAV and iteratively optimize it with ConvGRUs. Right: The
structure of our proposed Mono-Stereo Fusion module and Detail Aware Aggregation module.

Feature Extractor
We separate the feature extractor into three parts: context
encoder, feature encoder, and gradient encoder. For the left
and right images{Il, Ir ∈ R3×H×W }, we follow (Xu et al.
2023) and employ feature encoder to generate multi-scale
features{f il , f ir ∈ RCi×H/2i+1×W/2i+1}(i = 1, 2, 3, 4),
which are used to construct the cost volume and encode the
pixel correlations between the stereo images.

Following (Xu et al. 2023), the context encoder is
processed to generate multi-scale context features{f ic ∈
RC×H/2j+1×W/2j+1}(j = 1, 2, 3) from left images. These
features provide the initial hidden state for the GRU and in-
ject the context information of the left image into iterative
optimization.

Meanwhile, to introduce the rich geometric detail infor-
mation in gradient map, we use a gradient mapping to trans-
form the stereo images into the gradient maps Gl,Gr. The
calculation formula is as follows:

Gl/r(x, y) =

∥∥∥∥(Il/r(x+ 1, y)− Il/r(x− 1, y)
Il/r(x, y + 1)− Il/r(x, y − 1)

)∥∥∥∥
2

(1)

To process the mapped gradient maps, we employ a
light UNet-like network to extract multi-scale gradient
features{gk

l ,g
k
r ∈ RCk×H/2k+1×W/2k+1}(k = 1, 2, 3).

Mono-Stereo Fusion Volume Based on Monocular
Disparity Distribution Prior
Pixels lacking correspondences cannot provide valid match-
ing costs. This introduces noisy correlation information into
the GRU iterative optimization, causing mismatches in ill-
posed regions.

We first construct a monocular texture-guided prior de-
coder that further processes the left features fl. This pro-
cess infers monocular disparity distribution prior informa-
tion from the left image texture, providing geometric and
matching information guidance for the ill-posed regions.
Starting from the feature at 1/32 resolution, we employ the
Trap Block (Ning and Gan 2023) for decoding. Through
multiple stages of Trap Block and Trap interpolation (Ning
and Gan 2023) for upsampling, we obtain multi-scale prior
features. Then we upsample all prior feature maps to H/4×
W/4 resolution using bilinear interpolation and concatenate
them together. After processing them through a monocular
prior head, we obtain the Monocular Disparity Prior Vol-
ume (MDPV) Pmono with dimensionsH/4×W/4×Dmax,
representing the distribution possibility at different disparity
levels.

By applying soft argmin operation to MDPV, we obtain
the ”monocular disparity” dmono guided by monocular fea-
ture, which is used for intermediate supervision and guiding
the generation of accurate prior information of MDPV.

dmono =

Dmax−1∑
d=0

d× Softmax(Pmono(d)) (2)

Meanwhile, we construct the stereo correlation cost vol-
ume Cstereo by taking the vector inner product of the stereo
feature pairs, calculating the pixel correlation for the cor-
responding disparity level. As previously mentioned, the
stereo cost volume often fails to capture effective correla-
tion relationship in ill-posed regions.

Cstereo(d, x, y) = 〈f1l (x, y), f1r (x− d, y)〉 (3)
To integrate the geometric prior information and dispar-

ity distribution information from MDPV into the stereo cost
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Figure 4: Monocular Disparity Prior-Guided Fusion Module
(MPF).

volume, and to guide the alignment of matching costs be-
tween ill-posed and normal regions in the correlation cost
volume, we employ a Monocular Disparity Prior-Guided Fu-
sion Module (MPF) to fuse the stereo cost volume and the
disparity distribution prior volume.

Ill-posed regions, like occlusions, often manifest as ag-
gregated regions and CNN networks have limited receptive
fields, they are unable to effectively capture global pixel re-
lationships. Inspired by (Han et al. 2024), we combine the
forget-gating mechanism (Gu and Dao 2024) with a Cross-
Modal Attention (CMA) to construct MPF. MPF aims to
capture long-range dependencies and extract global associa-
tions between prior and cost, obtaining Mono-Stereo Fusion
Volume (MSFV). The detailed architecture of MPF is shown
in Figure 4.

For given Volume Pmono,Cstereo ∈ RH
4 ×W

4 ×Dmax ,
we first process them through shallow convolutional layers
(Wang et al. 2024a) to obtain the corresponding volume fea-
tures Fmono,Fstereo.

Cross-Modal Attention. We then employ CMA to fuse
the volume features. First, we utilize the convolution opera-
tion θ(·,W ) along with the kernel function φ(·) = elu(·)+1
to transform Fmono into the query feature Qmono. Addition-
ally, we apply the similar operation to transform Fstereo into
the key feature Kstereo, while directly using Fstereo as the
value feature Vstereo. Specifically, the kernel function φ(·)
aims to perform feature mapping on Qmono and Kstereo,
ensuring that each element in the features maintains non-
negativity. As a result, a linear normalization (Katharopou-
los et al. 2020) operation can be adopted to replace the non-
linear Softmax normalization, thus reducing the computa-
tional complexity by exchanging the order of attention cal-
culation.

After adjusting two feature shapes to
(
H×W
16 , Dmax

)
,

the attention Afusion is computed by multiplying Qmono,
Kstereo, and Vstereo, extracting the global pixel correspon-
dence between the monocular and stereo features. This pro-
cess improves the global geometry and correlation informa-
tion of the stereo cost volume in ill-posed regions, refining
the matching costs of the unmatched regions. Subsequently,
we compute the normalization factor Z and apply linear nor-
malization to Afusion, obtaining the fused feature Ffusion,

which is computed as:

Ffusion = (Qmono ⊗ (KT
stereo ⊗Vstereo))/Z,

Z = Qmono ⊗mean(KT
stereo),

(4)

where mean(·) represents the averaging operation along the
spatial dimension.

Forget Gate Filtering (FGF). In order to preserve the
precise information from the stereo cost volume during the
fusion process and suppress the interference of erroneous
priors or low-confidence regions, we introduce the forget-
gating mechanism (Gu and Dao 2024). By computing the
forget gate FGF for the stereo cost volume and multiply-
ing it with Ffusion, we achieve information filtering in the
fused information and retain the accurate matching costs in
normal regions of the stereo cost volume, eventually obtain-
ing MSFV, which is represented by Cfusion.

FGF = SiLU(Linear(Cstereo)),

Cfusion = Linear(Ffusion ⊗ FGF)
(5)

Through MPF, the stereo cost volume utilizes monocular
disparity distribution prior to refine correlation information,
providing global geometric structure and accurate correla-
tion for iterative optimization.

Detail-Aware Volume Based on Gradient
While MSFV improves global structural awareness,
feaAbure channels exhibit varying degrees of geometric
structure loss during the feature extraction process (Chen
et al. 2024). Additionally, construction of the cost volume at
low resolutions leads to loss of geometric details. Therefore,
we introduce the rich geometric details from the gradient
map to enhance the cost computation in detailed regions.

Given binocular features fgl,1, f
g
r,1 at 1/4 resolution, we

follow (Guo et al. 2019) to construct the group correlation
volume. First, we divide the feature map channels into Ng

groups and compute the correlation within each group:

Cgp(g, d, x, y) =
1

Nc/Ng
〈f1,gl (x, y), f1,gr (x− d, y)〉, (6)

where 〈·, ·〉 denotes the inner product, Nc is the number of
channels in the feature map, d is the disparity level. How-
ever, simply performing group correlation fails to effectively
model the geometric structural correspondence. Therefore,
we construct a gradient correlation volume Cgd:

Cgd(g, d, x, y) =
1

Nc/Ng
〈g1,g

l (x, y),g1,g
r (x− d, y)〉 (7)

By leveraging the powerful structural representation capa-
bility of gradient features, the gradient cost volume can ef-
fectively model the correlation in edge and detailed regions.
To further aggregate geometric structural perception within
the cost volume, we concatenate Cgp and Cgd and design a
Detail-Aware Aggregation (DAA) module to aggregate the
concatenated cost volume, obtaining Detail-Aware Volume
(DAV). The aggregation module is shown in the Figure 3(c).

Cdetail = DAA(Concat{Cgp,Cgd},gl) (8)
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Method RAFT-Stereo (2021) ACVNet (2022) IGEV (2023) Selective-IGEV (2024c) DEFOM-Stereo (2025) Ours

EPE(px)↓ 0.60 0.48 0.47 0.44 0.42 0.40
Params(M) 11.23 6.22 12.60 13.14 382.62 14.84

Table 1: Quantitative Evaluation on Scene Flow test set.The best result is bolded, and the second-best result is underlined.

Method

ETH3D KITTI2015

Non-Occ All Non-Occ All

Bad0.5 Bad1.0 Bad2.0 Avgerr Bad0.5 Bad1.0 D1-bg D1-all D1-bg D1-all

ACVNet (2022) 10.36 2.58 0.57 0.23 10.83 2.86 1.26 1.52 1.37 1.65
RAFT-Stereo (2021) 7.04 2.44 0.44 0.18 7.33 2.62 - - - -
CREStereo (2022) 3.58 0.98 0.22 0.13 3.75 1.09 1.33 1.54 1.45 1.69
IGEV (2023) 3.52 1.12 0.21 0.14 3.97 1.51 1.27 1.49 1.38 1.59
MC-Stereo (2024) 3.99 1.47 0.24 0.14 4.47 1.87 1.24 1.46 1.36 1.55
Selective-IGEV (2024c) 3.06 1.23 0.22 0.12 3.46 1.56 1.22 1.44 1.33 1.55
IGEV++ (2025) 2.98 1.14 0.36 0.13 3.48 1.58 1.20 1.42 1.31 1.51
AIO-Stereo (2025) 2.91 0.94 0.21 0.13 3.32 1.30 1.22 1.43 1.34 1.55
GEAStereo (Ours) 1.94 0.59 0.16 0.12 2.49 1.04 1.16 1.41 1.27 1.51

Table 2: Quantitative Evaluation on ETH3D and KITTI2015. “All” denotes evaluation over all pixels, whereas “Non-Occ”
denotes evaluation with a non-occlusion mask.

Following (Xu et al. 2023; Bangunharcana et al. 2021),
DAA is based on a lightweight 3D UNet, consisting of three
downsampling blocks and three upsampling blocks. Since
excessive convolution layers (Wang et al. 2025b) and low
resolution result in poor aggregation of details and edges,
we employ multi-scale left gradient features gl to enhance
details in the cost volume during the 3D aggregation process.
First, we apply max pooling and average pooling operations
on the gradient features along the channel dimension. Then,
we concatenate pooled maps and employ a 7×7 convolution
layer and a sigmoid function σ to generate gradient spatial
attention weights ws with values between 0 and 1. Through
these operations, the gradient space attention map will have
higher weights in edge and detailed regions.

For the intermediate cost volumes Ci during aggregation,
we apply Gradient Space Attention at the same scale to spa-
tially enhance the cost volume, guiding the cost volume to
focus on the detailed geometric information. The spatial en-
hancement process is expressed as,

wi
s = σ

(
Conv7× 7(ChannelPooling(gi

l))
)

Cdetail
i = wi

s �Ci

(9)

GRU-based Iterative Optimization
First, we apply the soft argmin operation to process DAV,
obtaining the initial disparity enhanced with geometry de-
tails:

d0 =

Dmax−1∑
d=0

d× Softmax(Cdetail(d)) (10)

Due to the incorporation of rich geometric detail informa-
tion from gradient maps, the initial disparity provides pre-
cise prior of geometric detail for subsequent GRU iterations.

Following (Wang et al. 2024c), the iterative optimization
part consists of dual-kernel GRUs and obtain the disparity
residual ∆dk during each iteration. We update the iterative
disparity map as dk+1 = dk + ∆dk.

Loss function
Our loss function consists of three components: disparity
loss Ldisp, disparity gradient loss Lgrad, and monocular dis-
parity loss Lmono. For the initial disparity generated by the
DAV and the disparity obtained at each iteration, we use
Smooth L1 loss (Chang and Chen 2018) and L1 loss with
weights exponentially increasing (Lipson, Teed, and Deng
2021) for supervision, respectively.

Ldisp = |d0 − dgt|smooth +
N−1∑
i=1

γN−i‖di − dgt‖1, (11)

where dgt is the ground truth disparity, N is the number of
disparity iterations, and γ = 0.9. Additionally, we employ
Smooth L1 loss to supervise the monocular disparity:

Lmono = SmoothL1(dmono − dgt) (12)

We also apply the similar loss as Ldisp to supervise the
gradients of the initial and final disparities, enhancing the
disparity in edge and detailed regions.

Lgr = |G0 −Ggt|smooth +

N∑
i=1

γN−i‖Gi −Ggt‖1,

Ggt = ∇u,vdgt, Gi = ∇u,vdi,

(13)

where ∇u,v denotes the gradient of the variable in the hori-
zontal and vertical directions.
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Figure 5: Qualitative Comparison on KITTI. Row 1, 2: Oc-
clusions. Row 3, 4: Reflective Regions.

Experiment
We implement our model using the PyTorch framework and
adopt the AdamW (Loshchilov and Hutter 2019) optimizer
with gradient clipping in the range of [-1, 1]. We use a one-
cycle learning rate schedule with an initial learning rate of
2e-4. Our model is first pre-trained for 200k iterations on the
Scene Flow (Mayer et al. 2016) dataset with batch size of 8.

Benchmark Performance
To demonstrate the effectiveness and superiority of our
method, we evaluate it on widely used datasets including
Scene Flow (Mayer et al. 2016), KITTI2015 (Menze and
Geiger 2015), and ETH3D (Schöps et al. 2017) benchmarks.

Scene Flow. As shown in Table 1, our method achieves an
EPE of 0.40 on the Scene Flow dataset, surpassing Selective-
Stereo (Wang et al. 2024c) by 9.1%. With only 4% of the
parameters of DEFOM-Stereo (Jiang et al. 2025), our EPE
metric acheieves an improvement of 4.8%.

ETH3D. As shown in Table 2, our method achieves
the best performance on most metrics among all published
methods. Compared with the SOTA method AIO-Stereo
(Zhou et al. 2025), our error rates for Bad 0.5 and Bad 1.0
in non-occluded regions are reduced by 33.3% and 37.2%,
respectively. Moreover, our model does not incorporate the
substantial extra parameters introduced by Vision Founda-
tion Model. Compared with MC-Stereo (Feng et al. 2024),
our method achieves an improvement of 44.3% on the Bad
0.5 metric for all pixels.

KITTI2015. Our method achieves competitive results on
the KITTI2015 (Menze and Geiger 2015). We reduces the
background error rate D1 in non-occluded regions by 4.9%
compared with AIO-Stereo (Zhou et al. 2025).

Performance in ill-posed Regions
To demonstrate that our method effectively improves the dis-
parity prediction performance in ill-posed regions, we con-
ducted comparisons in representative ill-posed regions, such
as reflective areas, edges and non-edge regions.

Reflective Regions. We evaluate our method on reflec-
tive regions of the KITTI2012 (Geiger, Lenz, and Urtasun
2012) test set. Our method achieves the best performance on
almost all metrics as shown in Table 3. On the Out-4(All)

Method
Reflective Regions

Out-3
Noc

Out-3
All

Out-4
All

Out-5
All

CREStereo (2022) 6.27 7.27 5.55 4.59
IGEV (2023) 4.35 5.00 3.57 2.86
Selective-IGEV (2024c) 3.79 4.38 3.05 2.31
Mocha-Stereo (2024) 3.83 4.50 3.08 2.28
IGEV++ (2025) 3.71 4.35 3.00 2.22
GEAStereo (Ours) 3.42 3.94 2.76 2.11

Table 3: Results of the reflective regions on KITTI2012.

Method
Edge Non-Edge

EPE >1px EPE >1px

RAFT-Stereo (2021) 3.21 29.16 0.53 6.53
IGEV (2023) 2.23 20.42 0.41 4.58
Selective-IGEV (2024c) 2.18 20.01 0.38 4.35
DEFOM-Stereo (2025) 1.82 17.80 0.38 4.55
GEAStereo (Ours) 1.50 15.54 0.33 4.00

Table 4: Comparison on Scene Flow test set in different re-
gions

metric, our method surpasses Selective-IGEV (Wang et al.
2024c) and IGEV++ (Xu et al. 2025) by 9.5% and 8.0%,
respectively. Compared to the SOTA method Mocha-Stereo
(Chen et al. 2024), our approach improves Out-3(Noc) and
Out-5(All) metrics by 10.7% and 7.5%. The binocular ge-
ometric constraints are no longer applicable in reflective
regions. However, we introduce monocular disparity pri-
ors to stereo matching, which can recognize reflective ar-
eas through texture, thus eliminating mismatches. As illus-
trated in Figure 5, GEAStereo demonstrates superior visual-
ization performance, particularly in occlusions and reflective
regions.

Edge/Non-Edge Region. To validate our method’s per-
formance in edge and low-texture areas, we use the Canny
operator to split the Scene Flow (Mayer et al. 2016) test set
into edge and non-edge regions and evaluate our method
separately. As shown in the Table 4, compared with the
baseline method Selective-IGEV (Wang et al. 2024c), our
method achieves a 31.2% and 13.2% improvement in EPE
on edge and non-edge regions, respectively.

Zero-shot Performance
Generating accurate disparity maps for real images is a ma-
jor challenge in stereo matching. Therefore, the generaliza-
tion ability of the model is crucial. We follow (Cheng et al.
2025) and employ DepthAnythingV2 (Yang et al. 2024)
as feature encoder, denoted as GEAStereo-DFM. Since we
do not need to generate depth maps, depth decoder is dis-
carded, reducing the network parameters compared with
SOTA methods(Cheng et al. 2025; Jiang et al. 2025).

We directly employ the pre-trained model on the Scene
Flow dataset without any fine-tuning and conduct tests
on the MiddleBury (Scharstein et al. 2014) and ETH3D
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Method
Middlebury ETH3Dhalf quarter

>2px >2px >4px

RAFT-Stereo (2021) 12.59 8.10 0.70
DLNR (2023) 9.82 7.82 21.35
IGEV (2023) 13.36 8.82 0.56
Selective-IGEV (2024c) 13.27 9.82 0.66
Mocha-Stereo (2024) 11.49 7.39 0.28
DEFOM-Stereo (2025) 5.91 5.65 0.27
MonSter (2025) 4.06 6.72 0.35
GEAStereo-DFM (Ours) 3.92 4.58 0.22

Table 5: Zero-shot evaluation on Middlebury and ETH3D.

Model EPE(px) >3px(%) Params(M)

Baseline 0.441 2.42 13.12
+DAV 0.423 2.32 13.41
+MSFV 0.411 2.27 14.68
Full(+D+M) 0.398 2.22 14.84

Table 6: Ablation Study of overall framework.

(Schöps et al. 2017) datasets.
By learning monocular disparity distribution rather than

monocular depth, our approach avoids the scale mapping
error between disparity and inverse depth across different
datasets. Our method achieves best performance compared
with SOTA methods across all metrics.

As shown in the Table 5, our method reduces the Mid-
dlebury error rate by 18.9% at quarter resolution and the
ETH3D error rate by 18.5% compared to the previous best
method DEFOM-Stereo (Jiang et al. 2025). Compared to
baseline method (Wang et al. 2024c), our method reduces
the error rate by up to 70% on the Middlebury dataset at half
resolution. The visualization results in Figure 2 show that
our method delivers better performance in detailed and re-
flective regions, demonstrating strong generalization even in
unseen scenes.

Ablation Study
To demonstrate the effectiveness of our proposed method,
we take Selective-IGEV (Wang et al. 2024c) as the baseline
and conduct ablation studies on the Scene Flow dataset, as
shown in Table 6.

Mono-Stereo Fusion Volume (MSFV). Compared with
the baseline, our MSFV achieves a 6.8% improvement in
EPE, as MSFV leveraging monocular disparity distribution
prior to correct the matching cost in ill-posed regions.

Further ablation of MSFV is shown in Table 7. To demon-
strate the effectiveness of DPV, we first remove the inter-
mediate supervision of MDPV (w/o Mono Loss), the net-
work fails to establish the relationship between the monoc-
ular texture information and the disparity distribution, thus
resulting in a performance decline compared to Full (MPF).
Subsequently, we remove MDPV (w/o MDPV) and fuse the
two stereo cost volumes, due to the absence of the monocu-

Module EPE(px) >3px(%) Params(M)

Ablation on Mono Disparity Prior Volume

w/o Mono Loss 0.446 2.45 14.68
w/o MDPV 0.440 2.43 13.22

Ablation on Fusion

Add 0.455 2.47 14.57
Concat&3D-CNN 0.442 2.44 14.60
MPF w/o FGF 0.420 2.30 14.64

Full (MPF) 0.411 2.27 14.68

Table 7: Ablation Study of MSFV.

lar prior, there is still no matching cost in ill-posed regions,
leading to poor performance.

Meanwhile, we evaluate different strategies for fusing
MDPV and stereo cost volume. Firstly, we simply add
MDPV and cost volume for fusion. However, due to the
lack of alignment between the prior information and match-
ing costs, it would destroy the matching information in the
stereo cost volume, leading to a decline in accuracy. Then
we directly concatenate MDPV and the stereo cost volume,
employing a 3D CNN block for fusion (Concat & 3DCNN).
Nevertheless, the limited receptive field of CNNs constrains
the model’s ability to capture global relationships across dif-
ferent regions, while also introducing additional noise. Sub-
sequently, we remove the forget gate filtering from the MPF
(MPF w/o FGF). In this case, the fusion module is able to
utilize the monocular disparity distribution prior to recover
matching costs in occluded regions, but it still introduces er-
roneous priors in regions with accurate matching costs.

Finally, after adding the forget gate mechanism to MPF,
we effectively preserve the precise matching costs from
stereo cost volume in normal regions, thereby achieving the
best performance.

Detail-Aware Volume (DAV). As shown in the Tab.6,
by introducing gradient information during the aggregation
process of the group correlation volume, we reduce EPE
(from 0.441 to 0.423), a 4.1% improvement. To further ver-
ify the effectiveness of the DAV, we replace DAA with 3D
Aggregation (Xu et al. 2023). Quantitative results show that
DAV can restore more detailed structures in disparity map.

Conclusion
In this paper, we propose GEAStereo, a novel stereo match-
ing method. GEAStereo aims to address the problem of
mismatching in ill-posed regions such as occlusions and
reflections. By integrating Monocular Disparity Distribu-
tion Prior, MSFV effectively improves the correlation of the
stereo cost volume and provides global structural guidance
for ill-posed regions. Meanwhile, DAV utilizes the rich de-
tail information in gradient features, enabling us to recover
more refined disparity structures in detailed regions. Our
method achieves the best performance on multiple bench-
marks including ETH3D, KITTI, and Scene Flow, especially
outperforming existing methods in zero-shot generalization.
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