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Abstract

Real-time stereo matching methods primarily focus on en-
hancing in-domain performance but often overlook the crit-
ical importance of generalization in real-world applications.
In contrast, recent stereo foundation models leverage monoc-
ular foundation models (MFMs) to improve generalization,
but typically suffer from substantial inference latency. To ad-
dress this trade-off, we propose Generalized Geometry En-
coding Volume (GGEV), a novel real-time stereo matching
network that achieves strong generalization. We first extract
depth-aware features that encode domain-invariant structural
priors as guidance for cost aggregation. Subsequently, we in-
troduce a Depth-aware Dynamic Cost Aggregation (DDCA)
module that adaptively incorporates these priors into each dis-
parity hypothesis, effectively enhancing fragile matching re-
lationships in unseen scenes. Both steps are lightweight and
complementary, leading to the construction of a generalized
geometry encoding volume with strong generalization capa-
bility. Experimental results demonstrate that our GGEV sur-
passes all existing real-time methods in zero-shot generaliza-
tion capability, and achieves state-of-the-art performance on
the KITTI 2012, KITTI 2015, and ETH3D benchmarks.

Introduction
Stereo matching aims to estimate dense, pixel-wise dispar-
ity maps from a pair of rectified stereo images. As a long-
standing and challenging task in computer vision, it plays a
fundamental role in a wide range of applications, including
3D reconstruction (Liang et al. 2025b), autonomous driv-
ing (Li et al. 2025; Liang et al. 2025c), and robotic naviga-
tion. These real-world scenarios impose strict demands on
both generalization and inference latency.

Existing real-time stereo matching methods have adopted
various strategies to achieve fast inference. These include
using downsampled (Khamis et al. 2018; Xu et al. 2021)
or sparse cost volume representations (Duggal et al. 2019;
Xu et al. 2024a), lightweight aggregation networks (Ban-
gunharcana et al. 2021), and replacing computationally ex-
pensive 3D convolutions with 2D convolutions (Xu and
Zhang 2020; Li et al. 2024). However, most existing meth-
ods rely heavily on clear and unambiguous matching cues,
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Figure 1: Zero-shot generalization comparison. All models
are trained on Scene Flow and tested on KITTI, Middlebury,
and ETH3D. GGEV achieves comparable speed to RT-IGEV
while offering improved generalization on unseen scenes.

and struggle to effectively aggregate information in unseen
domains—particularly in challenging regions such as occlu-
sions, textureless areas, repetitive patterns, and thin struc-
tures.

Recent methods have introduced monocular founda-
tion models (MFMs) into stereo matching, achieving re-
markable zero-shot generalization performance. Founda-
tionStereo (Wen et al. 2025) designs a higher-capacity ag-
gregation network to better exploit monocular priors. Mon-
Ster (Cheng et al. 2025a) employs a dual-branch architecture
that iteratively refines both monocular and stereo disparity
estimates. These approaches typically rely on costly back-
bones to extract rich and detailed features for cost volume
construction, and employ complex iterative mechanisms to
address the scale-shift issue between monocular and stereo.
Although these methods can improve generalization, they
often overlook the critical importance of inference latency
in real-world applications. To this end, a motivating ques-
tion arises: how to design a real-time stereo matching net-
work that achieves strong generalization while maintaining
high accuracy?

To answer this question, we analyze the limitations of
current geometry encoding volumes and identify two key
limitations: 1) the critical regions vary significantly across
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disparity hypotheses; 2) the matching relationships within
these regions are highly fragile due to unseen textures, oc-
clusions, repetitive patterns, and thin structures (see Fig. 3).
In this paper, we propose Generalized Geometry Encoding
Volume (GGEV), a real-time stereo matching network that
efficiently incorporates MFMs into the cost aggregation pro-
cess to enhance cost volume representations. Specifically,
the proposed GGEV first constructs depth-aware features by
integrating texture and depth features extracted from Depth
Anything V2 (Yang et al. 2024b) using a lightweight fu-
sion network, thereby obtaining reliable structural priors
that help stabilize fragile matching relationships. In con-
trast to conventional hourglass-based aggregation networks
(Xu et al. 2022; Bangunharcana et al. 2021) that process all
disparity hypotheses uniformly, our method adaptively in-
tegrates depth structural priors into the corresponding dis-
parity hypotheses, thereby enhancing the structural repre-
sentation and generalization of the cost volume. In partic-
ular, we first compute an affinity matrix between each dis-
parity hypothesis and the depth feature map, where the dis-
parity hypothesis provides positional cues and the depth fea-
tures offer rich structural context. These affinity matrices are
then used to generate dynamic convolutional kernels that
adaptively filter the concatenated disparity hypotheses and
depth features. Furthermore, we incorporate a combination
of large and small convolution kernels to capture comple-
mentary low- and high-frequency information.

Our proposed GGEV outperforms all existing real-time
stereo matching methods in both in-domain accuracy and
zero-shot generalization capability. It achieves state-of-the-
art results on the KITTI 2012, KITTI 2015, and ETH3D
benchmarks. Remarkably, even when trained solely on the
synthetic Scene Flow dataset, GGEV demonstrates strong
cross-domain generalization to real-world scenarios, as il-
lustrated in Fig. 1.

In summary, our main contributions are:
• We propose a novel generalized geometry encoding

volume that efficiently integrates depth priors in a
lightweight manner to enhance generalization.

• We propose a Depth-aware Dynamic Cost Aggregation
(DDCA) module that adaptively generates dynamic con-
volution kernels based on the affinity between disparity
hypotheses and depth features.

• Our method demonstrates strong generalization to real-
world scenarios, even when trained solely on the syn-
thetic datasets.

• Our method outperforms existing real-time approaches
on public benchmarks such as KITTI 2012, KITTI 2015
and ETH3D.

Related Work
Real-time Stereo Matching
Recent works have focused on designing lightweight stereo
matching networks while maintaining competitive accuracy.
Some methods (Gu et al. 2020; Xu et al. 2024b; Chang,
Chang, and Chen 2020; Wang et al. 2020) attempt to con-
struct and aggregate cost volumes at lower resolutions to re-
duce computational overhead. However, this often leads to

a significant drop in accuracy. To preserve accuracy, some
methods (Bangunharcana et al. 2021; Liang et al. 2025a) still
construct high-resolution cost volumes, while using context-
aware activations to enable lightweight yet effective ag-
gregation. Alternatively, AANet (Xu and Zhang 2020) re-
places computationally expensive 3D convolutions with de-
formable 2D convolutions. However, due to the lack of ac-
curate structural guidance and the limited receptive field,
these methods often suffer from insufficient accuracy. Be-
sides aggregation-based approaches, RT-IGEV (Xu et al.
2025c) achieves a balance between accuracy and efficiency
by leveraging the iterative framework with a reduced num-
ber of iterations. However, the issue of fragile matching re-
lationships in the cost volume under unseen and challenging
scenarios remains unresolved.

Zero-shot Generalized Stereo Matching

Zero-shot generalization in stereo matching has gained in-
creasing attention. Some methods (Zhang et al. 2020, 2022)
aim to learn domain-invariant representations by employing
domain normalization or specialized losses. Others moth-
ods (Liu, Yu, and Qi 2022; Chuah et al. 2022) enhance
generalization by avoiding shortcut learning. In contrast to
these works, RAFT-Stereo (Lipson, Teed, and Deng 2021)
enhances generalization by innovating the network frame-
work. Recent methods (Zhou et al. 2025; Bartolomei et al.
2025) have further improved upon this foundation by incor-
porating monocular foundation models into stereo match-
ing frameworks. FoundationStereo (Wen et al. 2025) con-
structs a large-scale training dataset to support the training
of larger models. MonSter (Cheng et al. 2025a,b) employs
a dual-branch architecture that iteratively refines monocu-
lar and stereo disparity estimates. DEFOM-Stereo (Jiang
et al. 2025) initializes the disparity map with depth predicted
by MFMs and introduces a scale update module. However,
these methods typically rely on ViT-L backbones to extract
fine-grained features for cost volume construction and re-
quire complex operations to address the scale-shift inherent
in monocular affine depth. In contrast, our work emphasizes
leveraging depth features to efficiently guide cost aggrega-
tion, avoiding the scale-shift issues.

Monocular Depth Foundation Model

MFMs (Xu et al. 2025a; Lin et al. 2025; Yang et al. 2024b)
have demonstrated strong zero-shot generalization across di-
verse tasks without requiring target-domain fine-tuning. Mi-
DaS (Ranftl et al. 2020) pioneers zero-shot relative depth es-
timation, while the DINO series (Caron et al. 2021; Oquab
et al. 2023) leverages vision transformers for dense self-
supervised representation learning. The Depth Anything se-
ries (Yang et al. 2024a,b) further pushes the boundary of
generalization in depth estimation. In particular, Depth Any-
thing V2 distills student models from a large-scale teacher
model using unlabeled real-world data, yielding accurate
and efficient depth predictors. This student model offers a
lightweight and generalizable backbone, making it a suitable
component for our framework.
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Figure 2: Overview of our proposed GGEV. The Selective Channel Fusion (SCF) module integrates texture features with depth
features as a guidance for cost aggregation. Then, the Depth-aware Dynamic Cost Aggregation (DDCA) module adaptively
incorporates depth structural priors to enhance the fragile matching relationships in the initial cost volume, resulting in a
generalized geometry encoding volume.

Method
Overall Framework
As illustrated in the Fig. 2, our network architecture consists
of four main stages: multi-cue feature extraction, cost vol-
ume construction, depth-aware dynamic cost aggregation,
and depth-aware iterative refinement.

Multi-cue Feature Extraction
The feature extraction stage consists of two complementary
cues: (a) texture features are extracted from both the left and
right images to construct the cost volume; (b) depth features
are extracted from the left image to guide cost aggregation
and iterative refinement.

Texture Feature Encoder. Given rectified left and right
images Il, Ir ∈ R3×H×W , we employ the MobileNetV2
pretrained on ImageNet (Deng et al. 2009) to extract multi-
scale texture features fl,i, fr,i ∈ RCi×H

i ×W
i ,i ∈ {4, 8, 16}.

Depth Feature Encoder. To incorporate the generaliza-
tion ability of MFMs into our framework, we employ a
frozen Depth Anything V2 Small to extract multi-scale
depth features fd,i ∈ RCi×H

i ×W
i , i ∈ {2, 4, 8, 16}, using

only the left image. These features serve as depth structural
priors to guide cost aggregation. To enrich the feature rep-
resentation, we additionally design a fusion module to inte-
grate texture and depth features.

Selective Channel Fusion. We adopt a lightweight 1 × 1
convolution to enable selective feature integration while pre-
serving structural details and avoiding spatial blurring. The

d = 2d = 3d = 7
Left Image

Disparity

Disparity Hypothesis

Aggregate Result

Figure 3: Effectiveness of our DDCA in generalization eval-
uation. The first row show the initial cost volume features
across different disparity hypotheses, which are fragile in
unseen scenes and contain many mismatches. In contrast,
the second row shows the results after applying our DDCA,
which effectively filters out incorrect matches and preserves
accurate matching features at their corresponding disparity
planes, leading to clearer and more reliable structures.

Selective Channel Fusion (SCF) module takes the concate-
nated fl and fd as input and generates depth-aware prior fea-
tures fda,i ∈ RCi×H

i ×W
i ,i ∈ {4, 8, 16}.

Cost Volume Construction
Given the texture features at 1/4 resolution fl,4 and fr,4, we
construct the group-wise correlation volume C.

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

Nc/Ng

〈
fgl,4(x, y), f

g
r,4 (x− d, y)

〉
, (1)

where ⟨·, ·⟩ denotes the inner product, d ∈ D =
{0, 1, 2, . . . , D/4−1} is the disparity index, Nc denotes the
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Figure 4: The architecture of proposed DDCA.

number of feature channels, and Ng = 8 is the total number
of groups.

Depth-aware Dynamic Cost Aggregation
Along the disparity dimension, the critical regions corre-
sponding to different disparity hypotheses often vary, and
tend to be highly fragile in areas with unseen textures, oc-
clusions, repetitive patterns, and thin structures (see Fig. 3).
Treating these regions uniformly often leads to mismatches,
edge blurring, loss of fine details (see Fig. 6). To address
this, inspired by OverLoCK (Lou and Yu 2025), we propose
a novel Depth-aware Dynamic Cost Aggregation (DDCA)
module that adaptively responds to cost volumes at differ-
ent disparity hypotheses. Moreover, leveraging depth-aware
features as structural guidance can effectively enhance frag-
ile matching relationships. To dynamically model input-
dependent behaviors, we propose to capture the response re-
lationship between disparity hypotheses and depth features
by computing their affinity. These affinity values are then
used to define dynamic convolution kernels, effectively in-
jecting depth-aware structural cues into every kernel weight
across different disparity hypotheses. We employ dynamic
convolution kernels to aggregate the cost maps using a
sliding-window mechanism, similar to standard 2D convo-
lutions, which makes our module lightweight and real-time.

Disparity-wise Depth Structural Representation. As
shown in Fig. 4, given an input disparity hypothesis map
Cd ∈ RG×H×W (d is the disparity index) and a depth-aware
feature map fda ∈ RC×H×W , We first transform the input
feature into two components, namely Q ∈ RC×HW and
K ∈ RC×S2

, K represents the aggregation of fda into S×S
regional centers via adaptive average pooling. Simple matrix
multiplications between each pair of Q and K produce the
affinity matrices A ∈ RHW×S2

. The process can be written
as:

Q = Re(WqCd), (2)
K = Re(WkPool(fda)), (3)

A = QTK, (4)

where Wq and Wk denote 1 × 1 convolutional layers, and
Re(·) refers to the reshape operation. Analogous to multi-
head attention (Dosovitskiy et al. 2020), we divide Q and K
along the channel dimension into G groups to obtain Qg ∈
RC

G×HW and Kg ∈ RC
G×S2

, yielding Ag affinity matrices
to capture the relationships within each channel group.

Disparity-wise Adaptive Cost Aggregation. We lever-
age G groups affinity matrices Ag to generate G distinct
K × K dynamic convolution kernels, enabling the net-
work to adaptively aggregate features with diverse structural
patterns. First, we use another learnable linear layer Wm

to map Ag into corresponding convolution kernel weights
Mg ∈ RHW×K2

, which are then normalized via a softmax
operation. Then, each row of Mg is reshaped into a K ×K
kernel, resulting in spatially adaptive convolution filters tai-
lored to each pixel based on the input. During the convolu-
tion operation, the channels of the fused features Cd and fda
are also divided into G groups, where channels within the
same group share the same dynamic kernel to reduce com-
putational overhead. The process can be written as:

Mg = softmax (AgWm) , (5)

C′
d = Cd ∗Mg

dynamic (Cd, fda), (6)
where ∗ denotes the group-wise convolution operation.
Meanwhile, we adopt a combination of large and small con-
volutional kernels to facilitate the fusion of low- and high-
frequency information. We rearrange the independently ag-
gregated disparity hypotheses to reconstruct the generalized
geometry encoding volume C′.

Initial Disparity Prediction. We apply the soft-argmin to
C′ to regress the initial disparity estimation.

d0 =
∑
d∈D

d× Softmax(C′(d)), (7)

where d0 is at 1/4 scale of the original image resolution.

Depth-aware Iterative Refinement
Given d0, we employ an iterative GRU to progressively re-
fine the disparity map. The hidden state h0 is initialized us-
ing the depth feature fda,4, injecting structural priors into the
recurrent refinement process. The single-layer GRU updates
its hidden state based on the latest disparity dk and the ge-
ometry features fG indexed from C′. The update operator
can be formulated as:

zk = σ(Conv([hk−1, xk],Wz)), (8)
rk = σ(Conv([hk−1, xk],Wr)), (9)

h̃k = tanh(Conv([rk ⊙ hk−1, xk],Wh)), (10)

hk = (1− zk)⊙ hk−1 + zk ⊙ h̃k, (11)
where xk denotes the concatenation of dk and fG; ⊙ denotes
element-wise product; σ denotes sigmoid; Wz , Wr and Wh

are the parameters of the network. Based on the hk, we de-
code a residual disparity ∆dk using two convolutional lay-
ers, and update the current disparity accordingly.

dk+1 = dk +∆dk. (12)
Spatial Upsampling. We leverage depth features to assist
in recovering full-resolution disparity map. We first con-
volve the hk to generate features and upsample them to
half resolution. The upsampled features are then concate-
nated with the depth features fd from left image to produce
a weight map W ∈ RH×W×9. Finally, we obtain the full-
resolution disparity map by performing a weighted combina-
tion over the local neighboring points of the low-resolution
disparity map dk.
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Training Set Scene Flow

Target Method KITTI Middlebury ETH3D2012 2015 quarter

A
cc

ur
ac

y RAFT-Stereo (2021) 4.5 5.7 9.3 3.2
FC-GANet (2022) 4.6 5.3 7.8 5.8
DEFOM-Stereo (2025) 3.7 4.9 5.6 2.3
DEFOM-Stereo (ViT-S) 4.2 5.3 6.3 2.6
FoundationStereo (2025) 3.2 4.9 - 1.8

Sp
ee

d

DeepPrunerFast (2019) 16.8 15.9 18.3 11.0
CoEx (2021) 13.5 10.6 14.5 9.0
BGNet+ (2021) 5.3 6.6 11.2 10.3
Fast-ACVNet (2024a) 12.4 10.6 13.5 7.9
IINet (2024) 11.6 8.5 - -
RT-IGEV (2025c) 5.8 6.6 7.8 5.8
GGEV (Ours) 4.1 5.5 6.5 2.8

Training Set Scene Flow + CREStereo + Tartan Air

RT-IGEV (2025c) 4.0 5.4 8.6 3.4
GGEV (Ours) 3.6 4.7 5.7 2.2

Table 1: Zero-shot generalization from synthetic to real.
Standard threshold-based error metrics are employed for
evaluation: 3-pixel for KITTI, 2-pixel for Middlebury, and
1-pixel for ETH3D. Bold: Best.

Loss Function
We use Smooth L1 loss to supervise the initial disparity d0

regression from GGEV, and employ L1 loss to supervise the
disparity {di}Ni=1 estimated through iterative refinement.

L = |d0 − dgt|smooth +

N∑
i=1

γN−i ∥di − dgt∥1 , (13)

where dgt denotes the ground truth disparity, γ = 0.9 is a
decay factor, and N is the number of iterations used during
training.

Experiments
Implementation Details
We implement our GGEV with PyTorch and perform our ex-
periments using NVIDIA RTX 3090 GPUs. For all training,
we use the AdamW optimizer and clip gradients to the range
[-1, 1], and adopt a one-cycle learning rate schedule. We
perform 11 update iterations during training and use 8 itera-
tions during inference. Following standard (Chang and Chen
2018; Min et al. 2025; Yao et al. 2025), we pretrain GGEV
on the Scene Flow (Mayer et al. 2016) for most experiments.
For finetuning on KITTI (Geiger, Lenz, and Urtasun 2012;
Menze and Geiger 2015), we use the mixed dataset of KITTI
2012 and KITTI 2015. For finetuning on ETH3D (Schops
et al. 2017), we follow the CREStereo (Li et al. 2022) and
GMStereo (Xu et al. 2023b), using a collection of public
stereo datasets. Detailed information is provided in the Sup-
plemental Material.

Zero-Shot Generalization
We follow MonSter by training our model on the Scene Flow
and directly evaluating it on four real-world datasets. The re-

Left Image HITNet GGEV

Figure 5: Qualitative comparison on ETH3D.

sults are shown in Tab. 1, our GGEV achieves the best per-
formance among all real-time models and demonstrates gen-
eralization capability comparable to that of some accuracy-
oriented methods. This improvement is attributed to the in-
corporation of monocular depth priors and the adaptive han-
dling of different disparity hypotheses. Specifically, com-
pared to the SOTA real-time method RT-IGEV, our GGEV
reduces the error rates by 29% on KITTI 2012, 16% on
KITTI 2015, and 16% on Middlebury-quarter. More notably,
it achieves a 51% error reduction on the real-world indoor-
outdoor ETH3D dataset. Our GGEV also outperforms do-
main generalization methods, such as FC-GANet. Using the
same ViT-S backbone, our GGEV achieves comparable per-
formance to DEFOM-Stereo (ViT-S, 255ms), while reduc-
ing inference time by 81%, highlighting the efficiency of our
approach.

By adding more synthetic datasets, the generalization per-
formance of our GGEV is further improved, still surpassing
that of RT-IGEV under the same training conditions. This
demonstrates that high-quality training data can better guide
our network in learning effective cost aggregation.

Benchmark Comparisons
To demonstrate the outstanding performance of our method,
we conduct comprehensive comparisons with prior meth-
ods on three widely-used stereo benchmarks: KITTI 2012,
KITTI 2015, and ETH3D. The fine-tuning settings are in the
Supplementary Material.

KITTI. As shown in Tab. 2 and Fig. 8, among all real-
time models, our method achieves 1st performance. On the
KITTI 2012, our proposed GGEV outperforms both RT-
IGEV and BANet-3D by 13% on the 2-noc and 3-noc met-
rics. On the KITTI 2015, our proposed GGEV achieves the
top performance on both D1-bg and D1-all metrics.

ETH3D. As shown in Tab. 3 and Fig. 5, our GGEV sig-
nificantly outperforms all existing real-time stereo matching
methods across all evaluation metrics, with nearly 50% er-
ror reduction on each metric. Notably, our method surpasses
both GMStereo and Selective-IGEV on the Bad 1.0 metric,
while requiring less than one-fourth of their inference time.
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Target Method
KITTI 2012 KITTI 2015 Time

(ms)2-pixels 3-pixels EPE D1-bg D1-fg D1-all

noc all noc all noc all all
A

cc
ur

ac
y RAFT-Stereo (2021) 1.92 2.42 1.30 1.66 0.4 0.5 1.58 3.05 1.82 380

IGEV (2023a) 1.71 2.17 1.12 1.44 0.4 0.4 1.38 2.67 1.59 180
Selective-IGEV (2024) 1.59 2.05 1.07 1.38 0.4 0.4 1.33 2.61 1.55 240
Moster (2025a) 1.36 1.75 0.84 1.09 0.4 0.4 1.13 2.81 1.41 450

Sp
ee

d

DeepPrunerFast (2019) - - - - - - 2.32 3.91 2.59 50
AANet (2020) 2.30 2.96 1.55 2.05 0.4 0.5 1.65 3.96 2.03 60
HITNet (2021) 2.00 2.65 1.41 1.89 0.4 0.5 1.74 3.20 1.98 20
BGNet+ (2021) 2.78 3.35 1.62 2.03 0.5 0.6 1.81 4.09 2.19 35
DecNet (2021) - - - - - 2.07 3.87 2.37 50
CoEx (2021) 2.54 3.09 1.55 1.93 0.5 0.5 1.74 3.41 2.02 27
TemporalStereo (2023) - - - - - - 1.61 2.78 1.81 45
Fast-ACVNet+ (2024a) 2.39 2.97 1.45 1.85 0.5 0.5 1.70 3.53 2.01 45
IINet (2024) 2.76 3.34 1.81 2.21 0.5 0.5 2.02 3.39 2.25 26
RT-IGEV (2025c) 1.93 2.51 1.29 1.68 0.4 0.5 1.48 3.37 1.79 40
BANet-3D (2025b) 2.08 2.71 1.27 1.72 0.5 0.5 1.52 3.02 1.77 30
GGEV (Ours) 1.66 2.17 1.10 1.44 0.4 0.4 1.38 3.28 1.70 47

Table 2: Quantitative evaluation on KITTI 2012 and KITTI 2015. Bold: Best.

Tgt Method ETH3D
Bad 0.5 Bad 1.0 Bad 2.0 AvgErr

A
cc

ur
ac

y RAFT-Stereo (2021) 7.04 2.44 0.44 0.18
GMStereo (2023b) 5.94 1.83 0.25 0.19
Selective-IGEV (2024) 3.06 1.23 0.22 0.12
FoundationStereo (2025) 1.26 0.26 0.08 0.09

Sp
ee

d Fast-ACVNet (2024a) 14.25 5.62 1.41 0.31
HITNet (2021) 7.83 2.79 0.80 0.20
GGEV (Ours) 3.70 1.19 0.34 0.14

Table 3: Quantitative evaluation on ETH3D. Bold: Best.

Ablation Study

We conduct a series of ablation studies to verify the effec-
tiveness and rationality of the proposed modules. We use a
simplified RT-IGEV as our baseline by reducing the aggre-
gation depth to two downsampling stages and the number of
inference iterations is set to 8. All model variants are trained
for 200k steps on the Scene Flow and evaluated under both
in-domain and zero-shot generalization settings. Addition-
ally, we report the inference time and trainable parameters
for each variant. The results are shown in Tab. 4.

Effecitveness of Depth Feature Encoder. The incorpora-
tion of depth features enhances generalization performance,
owing to the strong generalization of the pretrained MFMs.
However, treating all disparity hypotheses uniformly fails to
fully leverage the potential of the depth features.

Effecitveness of Selective Channel Fusion. The fusion of
texture and depth features enhances the model’s in-domain
fitting, but its effect on generalization is mixed.

Left Image RT-IGEV GGEV

Figure 6: Qualitative comparison of disparity regression re-
sults between the GEV from RT-IGEV and our general-
ized GEV on Scene Flow, KITTI, Middlebury and ETH3D.
GGEV shows improved performance in edges, occlusions,
and textureless areas, even without iterative operations.

Effecitveness of Dynamic Cost Aggregation. We deploy
Dynamic Cost Aggregation module guided by texture fea-
tures, which significantly improves in-domain performance.
However, texture features are sensitive to textureless re-
gions and appearance variations, resulting in limited im-
provements in generalization.

Effecitveness of All Components. By integrating all the
proposed modules, we observe comprehensive improve-
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Models Proposed Modules Scene Flow KITTI 2012 KITTI 2015 Middlebury ETH3D Params.
(M)

Time
(ms)DFE SCF DCA EPE D1 D1 Bad 2.0 Bad 1.0

Baseline 0.54 6.63 8.01 7.84 7.54 3.60 30

+DFE (ViT-S) ✓ 0.52 4.40 6.32 6.47 5.02 3.57 37
+DFE+SCF ✓ ✓ 0.49 5.14 7.58 5.57 4.85 3.65 38
+DCA ✓ 0.47 6.80 6.75 7.73 5.61 3.63 39
Full Model (ViT-L) ✓ ✓ ✓ 0.45 4.20 5.65 4.41 1.69 3.75 110
Full Model (ViT-S) ✓ ✓ ✓ 0.46 4.11 5.56 6.53 2.84 3.68 47

Table 4: Ablation study of proposed networks on the Scene Flow test set and zero-shot generation. The parameters counted here
are the trainable ones. The run-time is measured at the KITTI resolution of 1248 × 384.

Method KITTI 2012 (Reflective)
2-noc 2-all 3-noc 3-all

RAFT-Stereo (2021) 8.41 9.87 5.40 6.48
CREStereo (2022) 9.71 11.26 6.27 7.27
HITNet (2021) 9.75 11.85 5.91 7.54
RT-IGEV (2025c) 9.56 11.54 5.76 7.26
BANet-3D (2025b) 9.64 11.97 5.37 7.07
GGEV (Ours) 7.33 9.27 4.04 5.34

Table 5: Evaluation on reflective (Ill-Posed) regions of the
KITTI 2012 benchmark. Bold: Best.

ments in both accuracy and generalization. The SCF intro-
duces the generalization capability of MFMs into the cost
aggregation, while the DDCA adaptively incorporates depth
features to enhance fragile matching relationships. Qual-
itative results of the initial disparity from RT-IGEV and
GGEV are presented in Fig. 6, where our full model demon-
strates both high accuracy and strong generalization capabil-
ity, even without iterative refinement. Additionally, employ-
ing a ViT-L backbone further boosts model performance,
while introducing higher inference latency.

Trainbale Parameters. Our full model (ViT-S) introduces
only a marginal increase of 0.08M (+2%) trainable param-
eters compared to the baseline. Specifically, the proposed
DFE and SCF add 0.05M parameters, while the DCA con-
tributes an additional 0.03M.

Inference Times. Our full model (ViT-S) satisfies HIT-
Net’s real-time constraint of 100ms, with a 17ms increase
over the baseline, including 8ms from the DFE and SCF and
9ms from the DCA, while achieving comparable speed to
RT-IGEV and delivering significantly better performance.

Number of Iterations. Our GGEV achieves better in-
domain and zero-shot performance with fewer iterations. As
shown in Fig. 7, our method consistently outperforms RT-
IGEV under the same number of iterations.

Performance in Ill-posed Regions
We evaluate GGEV on reflective areas in KITTI 2012. As
shown in Tab. 5, our GGEV achieves the best performance
among all real-time stereo matching methods, even sur-
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Figure 7: Performance comparison with different numbers
of inference iterations.

Left Image RT-IGEV GGEV

Figure 8: Qualitative comparison on KITTI. Our GGEV
shows significant improvement in challenging regions such
as fine structures and reflective surfaces.

passing several accuracy-oriented approaches. Compared to
RAFT-Stereo, it achieves improvements of 12% and 25% on
the 2-noc and 3-noc metrics, respectively.

Conclusion
We presented GGEV, a real-time stereo matching framework
that achieves impressive zero-shot generalization. The pro-
posed Selective Channel Fusion and Depth-aware Dynamic
Cost Aggregation modules extract depth-aware features as
generalized structural guidance and adaptively aggregate
disparity-specific critical regions, collaboratively generating
a generalized geometry encoding volume. Experimental re-
sults demonstrate that our method consistently outperforms
all existing real-time approaches. Future work could explore
leveraging metric depth foundation models to provide more
accurate depth guidance or extending our method to real-
time video stereo matching.
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