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Abstract

Self-supervised stereo matching has drawn attention due
to its ability to estimate disparity without needing ground-
truth data. However, existing self-supervised stereo match-
ing methods heavily rely on the photo-metric consistency as-
sumption, which is vulnerable to natural disturbances, result-
ing in ambiguous supervision and inferior performance com-
pared to the supervised ones. To relax the limitation of the
photo-metric consistency assumption and even bypass this
assumption, we propose a novel self-supervised framework
named DualNet, which consists of two key steps: robust self-
supervised teacher learning and pseudo-label supervised stu-
dent training. Specifically, the teacher model is first trained in
a self-supervised manner with a focus on feature-metric con-
sistency and data augmentation consistency. Then, the out-
put of the teacher model is geometrically constrained to ob-
tain high-quality pseudo labels. Benefiting from these high-
quality pseudo labels, the student model can outperform its
teacher model by a large margin. With the two well-designed
steps, the proposed framework DualNet ranks 1st among
all self-supervised methods on multiple benchmarks, surpris-
ingly even outperforming several supervised counterparts.

Introduction
Stereo matching aims to find corresponding pixels between
a rectified image pair, which is crucial for various applica-
tions, e.g., AR, robotics, and navigation. Recently, learning-
based supervised stereo matching methods (Li et al. 2022;
Wang et al. 2024a,b, 2025) have obtained remarkable re-
sults. However, these methods are highly dependent on
large-scale ground-truth labels for supervision, the acquisi-
tion of which is a significant challenge (Yang et al. 2019;
Zhang et al. 2024a, 2025). As an alternative, self-supervised
learning approaches have emerged, offering competitive ac-
curacy without the need for ground-truth disparity labels.

Existing self-supervised stereo matching meth-
ods (Zhong, Dai, and Li 2017; Wang et al. 2020; Su
and Ji 2022) rely on the photo-metric consistency as-
sumption, which assumes that the appearance of a point
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Figure 1: Visualized performance comparisons of state-of-
the-art stereo matching methods on KITTI 2012 and KITTI
2015 benchmarks (lower is better).

in 3D space is color-invariant across different views. The
hypothesis of photo-metric consistency is to maximize the
similarity between the left image and the reconstructed
left image after being warped from the right perspective.
However, this foundational premise can be compromised by
various real-world factors, such as low texture, occlusion,
reflections, and illumination changes, as illustrated in Fig. 2.
These challenges can confuse the self-supervision loss,
leading to ambiguous supervision and ultimately resulting
in inferior performance compared to supervised methods.

In this work, we address the challenges of self-supervised
stereo matching by introducing novel learning strategies. We
argue that stereo matching inherently requires establishing
dense correspondences along epipolar lines. The features
derived from this matching process allow for the encoding
of textureless patterns with sufficient local discriminability.
Consequently, these learned features, which capture distinc-
tive textures, can serve as effective supervisory signals. To
this end, we propose a feature-metric consistency loss that
enforces consistency between the features of the left view
and its reconstructed counterpart, analogous to the photo-
metric consistency loss.

To further address ambiguities arising from problem-
atic regions, such as occlusions and illumination changes,
we explore the application of contrastive learning, which
has demonstrated success in self-supervised learning. How-
ever, the integration of contrastive learning into self-
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Figure 2: Illustration of the ambiguity supervision problem in self-supervised stereo matching on the KITTI stereo dataset. At
the bottom of each image, we mark with color rectangles and zoom into these problematic areas for better visualization.

supervised stereo matching remains under-explored. Recent
studies (Afham et al. 2022) suggest that hard positive sam-
ples can significantly enhance contrastive learning. Moti-
vated by this insight, we introduce a data augmentation
branch that generates hard positive samples by incorporating
variations in illumination and asymmetric occlusions, com-
pared to the regular image pairs. We then propose a data aug-
mentation loss to enforce consistency between the outputs of
the augmented branch and the regular branch. The underly-
ing intuition is that the augmented image pairs, despite their
challenges, share the same contextual information as the reg-
ular pairs and should produce consistent disparities. By in-
tegrating the feature-metric consistency and the data aug-
mentation consistency losses into the self-supervised stereo
matching framework, we aim to develop a network that is
more robust and context-aware, rather than relying solely on
photo-metric consistency in idealized regions.

Furthermore, we propose a pseudo-label supervision
mechanism to bypass the ambiguous supervision problem in
photo-metric consistency by exploiting high-quality pseudo
labels. A key observation behind the proposed mechanism
is that deep stereo models have empirically demonstrated
success in training even by deploying only sparse ground
truth labels or even sparse noisy estimates (Shen et al. 2023).
For example, deep models can achieve impressive results on
KITTI datasets with sparse Ground Truth (less than 30%
is annotated for 200 training images). Besides, since stereo
matching can be viewed as a disparity probability predic-
tion problem (Zhang et al. 2019), we convert the disparity
maps derived from the robust self-supervised teacher model
into a pseudo disparity probability distribution, modeled as
a uni-modal distribution. Then, the disparity distribution of
the student model is used to align with that of the teacher
model. As a result, the student model can surpass its teacher
and even outperform some supervised methods.

Overall, the proposed learning strategies can be divided
into two key steps: (1) robust self-supervised teacher learn-
ing, which incorporates feature-metric and data augmenta-
tion consistency loss, and (2) pseudo-label supervised stu-
dent training. Accordingly, we refer to our approach as Du-
alNet. As a result, our DualNet achieves 1st performance
among all self-supervised methods on KITTI 2012, KITTI
2015, Middlebury, and ETH3D benchmarks, even outper-
forming several supervised methods, as shown in Fig. 1.

In summary, our main contributions are:

• We present a self-supervised pipeline named DualNet,
which can be seamlessly applied to most stereo models,
achieving State-of-the-Art (SOTA) performance among
all self-supervised methods on four benchmark datasets.

• We introduce a feature-metric consistency loss and data
augmentation consistency loss to encourage the model
to be robust and context-aware against common natural
disturbances in photo-metric consistency.

• We propose a pseudo-label supervision scheme that
aligns the probability distribution of the student model
with that of the teacher model to improve performance.

Related Works
Supervised Stereo Matching
Recently, CFNet (Shen and Dai 2021) and PCWNet (Shen
et al. 2022) propose a multi-scale cost volume strategy to
progressively narrow the disparity search space to alleviate
high computational consumption. Motivated by RAFT (Teed
and Deng 2020), the very recent CREStereo (Li et al. 2022),
IGEV-Stereo (Xu et al. 2023) and Selective-IGEV (Wang
et al. 2024a) adopt cascaded recurrent network to update the
disparity iteratively. However, all the above methods rely on
dense annotation labels, which are not always available and
are often expensive to acquire in real-world settings.

Self-supervised Stereo Matching
SssMnet (Zhong, Dai, and Li 2017) proposes a loop photo-
metric consistency loss. Segstereo (Yang et al. 2018) pro-
poses to incorporate semantic cues to guide stereo matching.
Flow2Stereo (Liu et al. 2020) proposes a unified method to
jointly learn optical flow and stereo matching. OASM (Li
et al. 2021) proposes to use occlusion cues as a depth cue
for stereo matching. PAM (Wang et al. 2020) proposes a par-
allax attention mechanism to capture the stereo correspon-
dence without the limitation of disparity variations. Chi-
Transformer (Su and Ji 2022) uses monocular depth cues
and vision transformer (ViT) with cross-attention (Zhang
et al. 2024b) to enhance stereo matching. However, all these
methods hold the photo-metric consistency assumption to
guide the network. Multiple real-world factors can violate
this hypothesis, i.e., occlusion, reflections, low texture, and
illumination changes. As a result, the ideal self-supervision
loss suffers from ambiguous supervision in complex scenar-
ios.
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Figure 3: An overview of our DualNet. The first step is self-supervised teacher learning. The second step is pseudo-label
supervised student training, which includes pseudo-label generation and student training.

Pseudo-label for Depth Estimation
The core idea of pseudo-labeling leverages the knowledge
derived from labeled data to infer pseudo Ground Truth for
unlabeled data, which can applied to self-supervised (Ding
et al. 2022) and domain adaptation tasks (Shen et al. 2023;
Yen et al. 2022). KD-MVS (Ding et al. 2022) devise a filter-
ing scheme based on depth reprojection error in the context
of multi-view stereo. UCFNet (Shen et al. 2023) uses an un-
certainty estimation network to retain the high-confidence
pixels of predicted disparity maps to align the domain gap.
However, directly supervising the disparity maps will make
the cost volume less constrained (Zhang et al. 2019). Our
methodology uses high-quality pseudo labels to model a uni-
modal distribution, which directly supervises the disparity
probability distribution of the student network.

Methodology
In this section, we first describe the proposed self-supervised
pipeline named DualNet, which mainly consists of two
steps: 1) self-supervised teacher learning and 2) pseudo-
label supervised student training. For step 1, we describe
the proposed feature-metric and data augmentation consis-

Figure 4: A visualization of learned visual representation.
Dimension reduction of features is done by PCA.

tency loss. For step 2, we depict the pseudo-label generation
scheme and the proposed pseudo-label supervision loss.

Self-supervised Teacher Learning
We utilize CFNet (Shen and Dai 2021) as our backbone, and
the overall architecture is shown in Fig. 3. For step 1, the
framework first extracts features from regular image pairs
IL,R and augmented image pairs IaugL,R, respectively. A cost
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volume is then constructed by concatenating or correlating
the left features, and the shifted right features along the dis-
parity dimension. The resultant disparity map DL and Daug

are obtained by performing cost aggregation. In addition to
the baseline photo-metric consistency loss Lphoto and the
disparity smooth loss Ls, we introduce the proposed feature-
metric Lfeat and data augmentation consistency loss Laug .

Feature-metric Consistency. Since the vanilla photo-
metric consistency only contains RGB information, it is in-
sufficient to distinguish textureless regions. A better solu-
tion is to implement the learned features (usually 128 di-
mensions) to encode textureless patterns to exhibit local dis-
criminability. In Fig. 4, the dash-circled regions can be eas-
ily distinguished by the learned features (the bottom 3 pics).
Therefore, the feature-metric consistency loss is introduced
to formulate a more discriminative loss function.

Given the extracted features FL, FR from the regular
samples, the reconstructed features F̂L can be generated as:

F̂L(i, j) = FR(i+DL(i, j), j), (1)

where (i, j) represent the pixel coordinates and F̂L is the
reconstructed left features. Moreover, to evaluate its pixel-
wise estimation confidence, we use the disparity probability
volume to obtain a probability map Pm by taking the prob-
ability sum over the top 4 disparity candidates regarded to
disparity estimation (Bangunharcana et al. 2021). Then, we
generate a binary confidence mask Mc as follows:

Mc(p) =

{
1, Pm(p) > δ

0, otherwise
, (2)

where p denotes the pixel location and δ is set to 0.8 in our
settings. The confidence mask Mc will be used to regularize
the feature-metric loss and data augmentation loss. Conse-
quently, the proposed feature-metric loss can be defined as:

Lfeat =
∑
i,j

||(FL(i, j)− F̂L(i, j))⊙ Mc(i, j)||, (3)

where ⊙ is an element-wise product.

Data Augmentation Consistency. With the proposed
feature-metric loss, the stereo network mitigates the limita-
tion of the photo-metric loss towards texturelessness. How-
ever, the model may still suffer from invalid supervision due
to reflections, occlusions, and illumination changes leading
to performance degradation. We notice that recent works (He
et al. 2020) in contrastive learning demonstrate that bring-
ing challenging samples in self-supervised learning can pro-
vide robustness towards variations. Therefore, we adopt data
augmentation strategies in stereo matching to construct such
challenging samples IaugL,R from regular samples IL,R. Then,
we enforce the disparity consistency between the output of
regular samples and that of challenging samples to improve
the model’s robustness and context awareness.

Briefly, the data augmentation strategies include random
variations in color, brightness, luminance, and asymmetric
blur. Moreover, we randomly generate binary small crop
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Figure 5: An pipeline of valid check. T denotes the horizon-
tal flip operation.

masks to mask some regions on the right view IaugR to gener-
ate the pseudo occluded regions. Similar to the core of con-
trastive learning, the data augmentation consistency is en-
sured by minimizing the difference between DL and Daug:

Laug = SmoothL1 (Daug ⊙ Mc,DL ⊙ Mc) , (4)

The final loss function for this step is defined as follows:

Lself = λ1Lphoto + λ2Ls + λ3Lfeat + λ4Laug, (5)

where we set λ1 = λ3 = λ4=1, and λ2 = 10.

Pseudo-label Supervised Student Training
In step 1, we incorporate the photo-metric consistency as-
sumption, which can lead to performance degradation in
challenging areas. To this end, we address the potential ad-
verse effects by developing a valid supervisory signal to
work around this assumption. Specifically, we incorporate
the idea of pseudo-label supervision and use the pseudo
probability distribution of the teacher model to align with
that of the student model. Our intuition is that deep stereo
methods have been empirically demonstrated to be success-
ful in training using only sparse Ground Truth labels or even
sparse noisy estimates (Aleotti et al. 2020; Tonioni et al.
2019). Therefore, the two terms of pseudo-label supervi-
sion, i.e., pseudo-label generation and student training, are
employed to train the final model.

Pseudo-label Generation. Since the generated disparity
map may have outliers, we employ a filtering procedure to
filter outliers, as shown in Fig. 5. Specifically, we apply the
horizontal flip that inverted original image pairs fed into the
same model to estimate the right disparity map DR. Con-
sidering an arbitrary point p(i, j) has d1 in the left dis-
parity map DL and the disparity value of the correspond-
ing point p(i − d1, j) in the right disparity map DR is de-
noted by d2. Thus, the warp error at p(i, j) can be written as
ewarp = ||d1 − d2|| and the filtered disparity map is formu-
lated as follows:

Dv(p) =

{
DL(p), ewarp ≤ τwarp

0, otherwise
, (6)

where τwarp is the threshold and is set to 1 in experiments.
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Method Sup
KIT 2012 KIT 2015 Inference

Out-Noc Out-All Avg-Noc Avg-All D1-bg D1-fg D1-All Time
(%) (%) (px) (px) (%) (%) (%) (s)

DispNet (ICCV’15) ! 4.11 4.65 0.9 1.0 4.32 4.41 4.34 0.06
GCNet (ICCV’17) ! 1.77 2.30 0.6 0.7 2.21 6.16 2.87 0.9

SGM-Net (CVPR’17) ! 2.29 3.50 0.7 0.9 2.66 8.64 3.66 67
AANet (CVPR’20) ! 1.91 2.42 0.5 0.6 1.99 5.39 2.55 0.06
OASM (ACCV’18) % 6.39 8.60 1.3 2.0 6.89 19.42 8.98 0.73

PASMnet 192 (TPAMI’20) % 7.14 8.57 1.3 1.5 5.41 16.36 7.23 0.5
F2S (CVPR’20) % 4.58 5.11 1.0 1.1 5.01 14.62 6.61 0.05

ChiT‡ (CVPR’22) % - - - - 2.50 5.49 3.03 0.32
DualNet (Step 1) % 2.82 3.45 0.7 0.8 2.89 8.73 3.86 0.17
DualNet (Step 2) % 2.06 2.59 0.6 0.6 2.46 5.25 2.92 0.17

Table 1: Comparative results achieved on the KITTI 2012 and KITTI 2015 benchmarks. Sup. indicates whether the method
is supervised or not. “-” indicates that results are not available. ‡ denotes that KITTI Eigen Splits (22600 image pairs) and
monocular depth priors are used (The best results in bold, and the sub-optimal best results in blue).

To directly supervise the disparity probability volume, we
are motivated from prior works (Zhang et al. 2019), the
pseudo-probability distribution P , is generated as follows:

P(d) =
exp(−cgtd )∑D−1

d′=0
exp(−cgt

d′
)
, (7)

where disparity d is often represented by a floating-point
number for sub-pixel matching, cgtd = |d−dv|

δ , dv is the
pseudo disparity labels from Dv and δ>0 is set to 5 in our
experiment. D is the maximum disparity.

Student Training. With the pseudo probability distribu-
tion P , we can train a student model by forcing its predicted
probability distribution P̂ to be similar to P . We use Kull-
back–Leibler divergence (Hinton, Vinyals, and Dean 2015)
to measure the distance between the student model’s pre-
dicted probability and the pseudo probability. The pseudo-
label supervision loss LP is defined as:

LP = LKL(P̂||P) =
∑
p∈Pv

(P̂p)log(
P̂p

Pp
). (8)

Where Pv represents valid pixels after the left-right check in
Eq. 6. In experiments, we find that the trained student model
exhibits the capability to become a teacher and further im-
proves the quality of pseudo labels. Therefore, we perform
the process of pseudo-label supervision once more.

Experiments
Datasets and Metrics
We train and evaluate our model on four real-world
datasets including KITTI 2012 (Geiger, Lenz, and Urta-
sun 2012), KITTI 2015 (Menze and Geiger 2015), Middle-
bury (Scharstein et al. 2014), ETH3D (Schöps et al. 2017).
Note that our training procedure does not require Ground
Truth (GT) for these datasets. Instead, we only use GT for
evaluation. For evaluation metrics, end-point error (EPE)

Method Sup. ETH3D MID
Bad 1.0 AvgErr Bad 2.0 AvgErr

CFNet (CVPR’21) ! 3.31 0.24 7.97 2.09
GANet-RSSM (TMM’23) ! 3.27 0.24 8.21 2.22
UPFNet (TCSVT’23) ! 3.82 0.25 5.64 1.05
DualNet (Step 1) % 3.91 0.31 14.4 4.79
DualNet (Step 2) % 3.05 0.24 10.8 2.87

Table 2: Quantitative evaluation on ETH3D and Middlebury
benchmarks. These supervised methods are fine-tuned on
corresponding training sets.

Model Lphoto Ls Lfeat Laug

KIT 2015 MID ETH3D
EPE Bad 3.0 EPE Bad 2.0 EPE Bad 1.0

Baseline
√ √

0.96 4.10 3.10 12.8 1.39 8.13

DualNet
√ √ √

0.86 3.88 2.64 11.0 0.88 6.32
√ √ √ √

0.79 3.31 1.26 9.25 0.33 3.47

Table 3: Ablation study on different losses for self-
supervised training stage (step 1).

and t-pixel error rate (>t px) are adopted. According to eval-
uated websites, we set t = 1, 2, 3, which defaulting corre-
sponds to the threshold of t = 1 (Bad 1.0) on ETH3D, t = 2
(Bad 2.0) on Middlebury, and t = 3 (Bad 3.0) on KITTI. Be-
sides, we use the density metric to denote the percentage of
valid pixels in the generated pseudo labels. Overlap denotes
the overlap percentage between the pseudo labels and GT.

Networks and Training
In this experiment, we evaluate DualNet (step 1& 2) to ver-
ify the effectiveness of the whole self-supervised frame-
work. To provide reasonable parameters for finetuning, we
adopt the officially provided weights trained on Sceneflow.
For step 1, we first train the teacher model with the pro-
posed losses in a self-supervised manner. For step 2, the ar-
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Figure 6: Visualization results achieved by our method and other self-supervised methods from KITTI 2015 & KITTI 2012.
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Figure 7: Visual comparison of DualNet on ArtL stereo pair on the Middlebury training dataset. Top row: Overview of generated
disparity maps with different loss combinations. Bottom row: the error maps. Lphoto: Photo-metric Consistency Loss; Ls:
Disparity Smooth Loss; Lfeat Feature-metric Consistency Loss; Laug: Data Augmentation Consistency Loss.

chitecture of the student model is the same as that of the
teacher model, while the weights of the student model are re-
trained. The generated pseudo labels from the frozen teacher
model are modeled as a uni-modal distribution. The output
of the student model is then used to align with the teacher’s
pseudo-probability distribution. Experiments show that per-
formance can be further improved by iterating pseudo-label
supervision rounds.

For these two steps, the initial learning rate is set to
1 × 10−4 for the first 20 epochs and decreased to 1 × 10−5

for the remaining 80 epochs. We use 4 NVIDIA A6000
GPU and Pytorch with batch size 8 for all training experi-
ments. The AdamW optimizer with β1= 0.9 and β2 = 0.999
is adopted. During training, 320×832 patches are randomly
cropped. We use random cropping/color transformation and
asymmetric occlusion for data augmentation.

Comparison to State-of-the-art Methods
Unlabeled target data is much easier to obtain than collecting
expensive ground-truth disparities. Here, we mainly focus

on recent SOTA methods without requiring Ground Truth:
self-supervised methods, domain generalization methods,
and domain adaption methods. Some supervised ones are
also included. We evaluate the final result (step 2) by tak-
ing the 2 rounds of pseudo-label supervision strategies.
Self-supervised Methods. Tab. 1 shows that our method
outperforms other self-supervised methods by notable mar-
gins. The qualitative results are given in Fig. 6, which shows
our method excels at recovering challenging regions. Be-
sides, ChiT uses KITTI eigen splits (22600 image pairs)
and monocular depth priors for training while our method
still outperforms ChiT by only following the regular train-
ing setup (Wang et al. 2020; Li and Yuan 2018), using only
a mixture of KITTI 12 & 15 image pairs (394 image pairs).
Supervised Methods. Supervised methods can handle chal-
lenging regions due to the availability of Ground Truth,
exhibiting substantial performance gains in challenging re-
gions. Surprisingly, our self-supervised framework outper-
forms several supervised SoTA methods, as shown in Tab. 1
and Tab. 2, verifying the superiority of our approach. Note
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Figure 8: Visualized comparisons between GT disparity and pseudo disparity. Pseudo disparity maps contain high-confidence
regions by filtering the outliers from the initial disparity. The threshold τ is set to 1 px.

RND
KIT 2015 KIT 2012

Bad 3.0 Dens. Overlap Bad 3.0 Dens. Overlap

0 2.22 82.6 88.3 1.62 74.1 82.6
1 1.70 83.4 89.6 1.44 79.0 85.1
2 1.63 84.2 89.9 1.22 79.1 86.1

Table 4: Quantitative results of pseudo disparity maps at
different pseudo-label supervision rounds. RND 0 denotes
that the pseudo disparity maps are generated from the self-
supervised teacher learning step. Dens. denotes the density
metric.

RND
KIT 2015 MID ETH3D

EPE Bad 3.0 EPE Bad 2.0 EPE Bad 1.0

1 0.70 2.68 1.02 8.00 0.26 2.10
2 0.66 2.36 0.94 7.55 0.22 1.67
3 0.66 2.32 0.94 7.64 0.21 1.61

Table 5: Ablation study on the number of rounds for pseudo-
label supervision. The model trained in this round uses
pseudo disparity maps generated by the finetuned model
from the previous round. GT is not accessible to the model.
RND denotes the rounds.

that the Middlebury test benchmark allows only one entry
per paper, so we evaluate its training public tables instead.

Ablation Study
Our ablation study is divided into two setups. In the first
setup, we perform a self-supervised teacher learning step
where the network is trained with the proposed losses. In
the second setup, we use pseudo-label supervision, where
the network is trained with high-quality pseudo-labels.
Loss Combinations. Tab. 3 shows the effectiveness of pro-
posed loss functions. As can be seen, the performance has
gradually improved with the introduction of the proposed
losses. A visualization example of the results by our network
trained with different losses is shown in Fig. 7. Note that the
ArtL stereo image pair has different illumination conditions.
If we only adopt the baseline loss Lphoto and Ls for training
the model, the predicted disparity map has more blurred ar-
eas compared to the results of the proposed loss components.

Overall, qualitative and quantitative results demonstrate the
effectiveness of the proposed losses.
Number of Pseudo-label Supervision Loops. We find the
performance can further be improved by iterative pseudo-
label supervision. Here, we show quantitative and qualitative
results of the pseudo labels generated by DualNet at each
round in Tab. 4 and Fig. 8. Tab. 5 shows that as the num-
ber of iterations increases, the overall performance of dif-
ferent datasets improves and gradually tends to be saturated.
Therefore, we set the number of rounds to 2 as a trade-off of
efficiency and accuracy.
Insights of Effectiveness. We attribute the effectiveness
of DualNet to the following four parts. (a) The proposed
feature-metric and data augmentation consistency terms lead
the model to be more robust, which achieves impressive per-
formance (Bad 3.0: 3.31%) in the robust self-supervised
teacher learning step. (b) Our method can generate accu-
rate pseudo labels with the proposed pseudo-label genera-
tion. According to Eq. 6 of the paper, only the high-quality
inliers can be kept given a strict threshold. (c) The pseudo la-
bels are semi-dense over GT. The density of GT from KITTI
2012 & 2015 training sets is 28.3% and 19.7%, respectively.
Compared with GT, the valid pixels from pseudo labels have
denser labels (KITTI 15: 84.2%, KITTI 12: 79.1%) and can
provide sufficient geometric information to infer the dispar-
ity map. (d) Directly supervising the probability distribution
brings performance gain to the student model. Unlike using
hard labels such as L1 loss, applying a soft disparity prob-
ability distribution directly to cost volumes can reduce its
ambiguity (Peng et al. 2022).

Conclusion
In this paper, we present DualNet, a novel self-supervised
framework for stereo matching, featuring two main steps:
self-supervised teacher learning and pseudo-label super-
vised student training. For step 1, we introduce a feature-
metric consistency term and data augmentation consistency
to enhance the model’s robustness against common distur-
bances. For step 2, we incorporate the concept of pseudo-
labeling, where the probability distribution of the student
model is used to align with the teacher’s pseudo-probability
distribution. Extensive experiments demonstrate the effec-
tiveness of the proposed self-supervised framework.
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