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Abstract—Stereo Foundation Models have demonstrated re-
markable zero-shot generalization. However, leveraging unla-
beled downstream data to further boost their performance,
especially under domain shifts caused by visual corruptions,
remains an underexplored bottleneck. To this end, we propose
Asymmetric Dual-Teacher (ADT), a novel self-training frame-
work for the source-free domain adaptation of stereo foundation
models. Unlike conventional single-teacher paradigms, which
often suffer from confirmation bias when coupling pseudo-label
generation with reliability estimation, ADT explicitly decouples
these roles. Specifically, a slow-evolving Anchor Teacher provides
stable pseudo-disparity targets to preserve robust pre-trained
priors, while a fast-evolving Active Teacher captures domain-
specific error patterns to generate pixel-wise reliability for
gated optimization. Furthermore, we introduce Unified Consis-
tency Reliability (UCR), which fuses complementary geometric
constraints (left-right and forward-backward consistency) with
photometric cues. This approach yields a conservative, soft
reliability map that effectively filters noisy supervision. Extensive
evaluations across five diverse benchmarks, including KITTI,
Middlebury, ETH3D, and challenging scenarios like Booster and
DrivingStereo, demonstrate that our method achieves state-of-
the-art performance in source-free adaptation.

Index Terms—Stereo Matching, Unsupervised Domain Adap-
tation, Self-Training.

I. INTRODUCTION

Stereo matching has recently witnessed a paradigm shift
with the emergence of Stereo Foundation Models. By lever-
aging million-scale synthetic training datasets and transformer-
based architectures, models such as FoundationStereo [1]
and Stereo Anywhere [2] have achieved impressive zero-shot
generalization capabilities. Unlike traditional deep stereo net-
works trained from scratch [3], [4], those foundation models
encapsulate rich geometric priors, providing a strong baseline
across diverse scenarios.

Despite strong zero-shot generalization, stereo foundation
models may still degrade noticeably when deployed in real
downstream environments that exhibit unknown distribution
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Fig. 1. Despite strong zero-shot generalization, the FoundationStereo baseline
exhibits visible artifacts and structural inconsistencies under adverse weather
conditions, as highlighted by the red dashed boxes.

shift, such as sensor drift and adverse weather (fog, rain, low
contrast) [5]-[7]. As illustrated in Fig. 1, these corruptions
can induce visible artifacts and structural inconsistencies in
the predicted disparities. In practice, acquiring ground-truth
disparities for each downstream domain is expensive or infea-
sible. Instead, only unlabeled stereo pairs are available after
deployment. This naturally raises a key question: can unla-
beled downstream data be leveraged to recover performance
and improve robustness of a pre-trained stereo foundation
model under domain shift?

Self-training has been proven effective for leveraging un-
labeled data via a teacher-student paradigm, where a teacher
generates pseudo-disparities, and the student is optimized to
regress to them. A few recent works [8]-[10] attempt to apply
self-training to cost-volume-based stereo matching methods,
where the predicted disparities are based on the cost-volume
matrix, and the reliability of teacher-predicted pseudo-labels
is determined by the matching probability distribution of the
cost volume. In practice, this reliability is typically used to
filter or reweight pseudo-labels, e.g., via hard thresholding or
loss weighting, to mitigate the impact of noisy supervision.
However, existing self-training methods either simultaneously
learn from both labeled and unlabeled data [8], [9] or fail to
demonstrate effectiveness on foundation models [10].

We highlight two challenges when adapting self-training-
based methods to enhance disparity foundation models. First,
stereo matching is a dense regression problem, making pseudo-



label reliability harder to calibrate than in classification. Sec-
ond, existing self-training often couples pseudo-label gener-
ation and reliability estimation within a single teacher. For
example, the approach [10] uses a single teacher model to
predict both pseudo labels and consistency-based reliability
weight for weighted self-training, where higher cross-scale
or iterative consistency implies higher reliability. However,
this coupled design is prone to confirmation bias: under
severe corruptions, the teacher can be internally consistent
yet incorrect, and the student is encouraged to reinforce these
errors through self-training. Moreover, prediction consistency
alone is insufficient to reliably estimate pseudo-label reliability
under severe corruptions. These limitations motivate decou-
pling pseudo-label generation from reliability estimation and
incorporating additional cues beyond internal consistency for
conservative reliability calibration.

To address these challenges, we propose an Asymmetric
Dual-Teacher (ADT) framework that explicitly decouples label
generation from reliability estimation. Specifically, we utilize
two distinct teachers: an Anchor Teacher and an Active
Teacher. The Anchor Teacher provides stable regression targets
through slow evolution, leveraging foundation priors to prevent
the student from collapsing into degenerate solutions. Mean-
while, the Active Teacher evolves rapidly to produce reliability
weights. Instead of offering direct supervision, it identifies
domain-specific error patterns and highlights trustworthy re-
gions to effectively guardrail the optimization process.

Furthermore, we build a Unified Consistency Reliability
(UCR) module that combines multiple cues to score label
confidence. While existing methods often rely on isolated
confidence metrics [11], [12], UCR integrates geometric con-
sistency (including left-right disparity agreement and occlusion
checks [13]) with photometric consistency. By fusing these
multi-modal cues into a soft-reliability map, we provide a
robust, physics-based external reference for pixel-level con-
fidence gating.

Our main contributions are summarized as follows:

o We address the challenge of adapting stereo foundation
models to downstream tasks using unlabeled data only by
improving pseudo-label quality in self-training, through
an Asymmetric Dual-Teacher (ADT) framework that de-
couples label generation from reliability estimation.

e We build a Unified Consistency Reliability (UCR) mech-
anism that integrates geometric and photometric cues
to perform fine-grained pseudo-label filtering, effectively
suppressing noisy supervision under domain shift.

e Our proposed method ADT demonstrates robust and
consistent performance across diverse and challenging
stereo benchmarks, including adverse weather conditions
and complex real-world scenes.

II. RELATED WORK

Stereo Matching: Stereo matching has evolved rapidly
with deep learning, mostly driven by cost-volume regression
pipelines [4], [14] and iterative refinement architectures [8],

[15]. While supervised models achieve strong in-domain per-
formance, they often suffer notable degradation under do-
main shift, e.g., changes in sensor characteristics, lighting,
weather, or scene composition [16]. Recent stereo foundation
models [1], [2] improve zero-shot robustness by pre-training
on large-scale synthetic/mixed data and distilling transferable
geometric priors. Nevertheless, foundation models may still
fail on challenging downstream tasks, such as adverse weather
conditions, where stereo correspondence becomes ambiguous,
and model predictions become error-prone [6]. This motivates
adapting foundation stereo models using available target-
domain unlabeled data, where the key challenge becomes how
to obtain reliable pseudo-supervision without ground truth.
Domain Adaptation for Stereo Matching: To bridge the
domain gap without ground truth, self-supervised adaptation
has become the dominant paradigm. Early methods rely on
photometric consistency losses [12], [13], but often fail in
textureless or occluded regions. Later approaches, such as
DSMNet [17] and AdaStereo [18], improve robustness through
domain-invariant feature alignment or by leveraging auxil-
iary reconstruction tasks. However, they typically filter out
low-confidence predictions by discarding precisely the hard
samples most valuable for adaptation and thus suffer from
sparse supervision. In contrast to discarding uncertain labels,
our framework corrects them by fusing complementary signals
from decoupled teachers.

Self-Training for Adaptation: The teacher-student framework
is the most effective self-training paradigm. In the realm of
stereo matching, a teacher, typically an Exponential Moving
Average (EMA) of the student, generates pseudo-disparities to
guide training [6], [9], [10]. However, single-teacher frame-
works face a fundamental Stability—Plasticity Dilemma [19]:
a slow EMA update (high stability) lags in correcting domain-
specific errors, while a fast update (high plasticity) risks
catastrophic forgetting and confirmation bias from overfitting
to noisy labels [20]. This trade-off is especially problematic
in foundation model adaptation, where preserving pre-trained
knowledge is as crucial as acquiring new features. Existing
multi-model methods such as Co-Teaching [21] and Dual-
Student [22], use symmetric architectures that filter errors
via consensus but do not explicitly balance prior retention
with adaptation. In contrast, we propose an Asymmetric Dual-
Teacher Framework that decouples roles. The Anchor Teacher
preserves foundational stability, while the Active Teacher
adapts responsively to the target domain, effectively resolving
the update dilemma inherent in conventional self-training.

III. METHODOLOGY
A. Problem Definition

Given a rectified stereo pair (I, Ir), stereo matching aims
to estimate a dense disparity map D. We consider a source-
free adaptation setting for stereo foundation models, where a
model pre-trained on large-scale synthetic data is adapted to
an unlabeled target domain D;. In this setting, only unlabeled
stereo pairs from D; are available, while neither source data
nor ground-truth target disparities are accessible. The objective
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Fig. 2. Overview of the proposed Asymmetric Dual-Teacher self-training
framework. A slow-updated Anchor Teacher provides stable pseudo-disparity
targets, while a fast-updated Active Teacher estimates pixel-wise reliability via
the Unified Consistency Reliability (UCR) module. The student foundation
model is optimized using a reliability-weighted regression loss, decoupling
stable supervision from adaptive reliability estimation.

pixel-wise Weight Map

is to leverage these unlabeled target data to further improve
the generalization of the pre-trained foundation model via self-
training.

A fundamental challenge stems from the regression nature
of stereo matching: pseudo-disparity supervision must be both
sufficiently stable to preserve pre-trained geometric priors,
yet rigorous enough to filter out erroneous labels induced by
domain shifts. Balancing these two requirements is critical for
effective self-training-based domain adaptation.

B. Asymmetric Dual-Teacher Framework

Conventional self-training typically uses a single teacher to
provide pseudo-disparity targets and to estimate their reliabil-
ity, making pseudo-supervision prone to error reinforcement
under domain shift. To mitigate this limitation, we propose an
Asymmetric Dual-Teacher (ADT) framework that decouples
target generation and reliability estimation (Fig. 2).

For each unlabeled target stereo pair (I, Ir), we maintain
three networks with identical architectures: a Student model
S, an Anchor Teacher T,,., and an Active Teacher T,.;. The
Anchor Teacher provides pseudo-disparity targets D,,. for
regression. It evolves slowly and serves as a stability anchor,
preserving the geometric priors of the foundation model and
preventing target drift during adaptation. In contrast, the
Active Teacher is designed to be highly adaptive. It does not
supervise the student directly via disparity regression. Instead,
it estimates the pixel-wise reliability of pseudo-supervision by
capturing domain-specific error patterns. Its predictions, D¢,
are used exclusively to derive a soft confidence map, Wy, via
the proposed Unified Consistency Reliability (UCR) module.
Asymmetric Update Dynamics: Let 0g, 0,,,, and 6,.; denote
the parameters of the student, anchor teacher, and active
teacher, respectively. At iteration ¢, the student is updated via
gradient descent, while the two teachers are updated using
asymmetric exponential moving averages (EMA):

0, t1aetO " + (1 = praer)0Y (1)

68) ¢ francBlln) + (1= frane)0 @)

where et < fane- In practice, the anchor teacher is updated
every K steps (equivalently every 2 epochs in our default
configuration), while the active teacher is updated every step.
This asymmetric update strategy ensures that 6,,. maintains
long-term stability, while 6,.; remains responsive to domain
shifts.

C. Unified Consistency Reliability

Because stereo self-training is sensitive to label errors, we
build the UCR module to conservatively filter pseudo-labels.
We observe that erroneous pseudo-labels are more detrimental
to stereo matching performance than a complete absence
of supervision. Consequently, our reliability estimation is
designed to be highly conservative, ensuring that only the
most trustworthy signals guide the student. UCR combines
complementary geometric and photometric checks to compute
a soft confidence map W,..(x,y) for each pixel.

1) Geometric Consistency: Geometric consistency provides
a strong cue for detecting occlusions and mismatches, but left-
right consistency alone can be over-optimistic under repetitive
textures. We therefore combine left-right consistency (LRC)
with a forward-backward (FB) check to obtain a stricter
geometric reliability.

LRC: For a left pixel (z;,y) in the left image, the Active
Teacher predicts DL, (z;,y) and its correspondence in the
right view is 2. = x; — DL (x;,y). We compute the left-
right discrepancy:e;,..(x;,y) = |DL.,(z1,y) — DE, (2, y)|.
This error is converted into a soft confidence:

Clrc(mla y) = eXp(_/\lrc : elTC(xlv y)) 3)
where A > 0 controls the sharpness of the decay.
FB Check: We start from a right pixel (x,,y), and map it to
the left coordinate (},y) via 2} = z,. + DE,(x,,y). The FB
error is:

efb(xﬂy> = ’Dzlz%ct(xray)_D(fct<xg7y)’ (4)
We compute the right-view confidence:
Cli(ar,y) = exp(—Ags - efp(wr,y)) (5)

where A, > 0. And then warp it to the left view using D%, to
align with the student’s coordinate system, yielding C (1, y).
The final geometric reliability is the fusion of these com-

ponents:
Wgeom(xla y) = Clrc(xla y) ' Cfb(xlv y) (6)

This ensures that high confidence is assigned only when a
match is bi-directionally consistent and structurally valid.

2) Photometric Consistency Check: Geometric consistency
alone can be over-optimistic, especially in ill-posed regions
such as textureless areas where predictions may appear self-
consistent. To provide an additional external cue, we incor-
porate an additional photometric check by warping the right
image to the left view using DZ,,. The error combines L1
distance and SSIM, and is converted into a soft confidence
score via an exponential decay.

Concretely, we reconstruct the left view I by warping the
right image I with the disparity DL, predicted by the Active
Teacher. The photometric error is defined as:



1 — SSIM (IL, fL)
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where « balances structural similarity and pixel-wise in-
tensity differences. This error is then mapped to a soft
photometric confidence via an exponential decay: Wyhoto =
eXP(_)\p : Eph,oto)-

3) Unified Fusion: The final reliability map W, is ob-
tained by multiplicatively fusing geometric and photometric
confidence scores:

Wucr(xv y) = Wgeom (.’E, y) . thoto (xv y) ®)

This fusion ensures that a pixel contributes to supervision
only when it is both geometrically valid and photometrically
consistent, effectively suppressing noise while preserving in-
formative hard samples.

Eppoto = a +-a) |n-L| @

D. Loss Formulation

The core innovation of our method lies in the functional
decoupling of the supervision signals. Specifically, the re-
gression target is provided by the stable Anchor Teacher,
while the reliability weighting is estimated by the adaptive
Active Teacher. We define the reliability-weighted pseudo-
label regression loss as:

E Waer (2, y) ﬁl(Ds(l‘,y), DanC(mvy))

(z,y)
L:Pseudo - Z Wuc’r (.I', y) . (9)
(z,y)
Using D, as the target prevents target drift and preserves
foundation priors, while W, selectively attenuates unreliable
regions identified by the active teacher.

IV. EXPERIMENTS
A. Experimental Setup

Datasets: We evaluate on five public benchmarks covering
both stereo scenes and challenging real-world corruptions:
KITTI 2015 [23], Middlebury [24], ETH3D [25], Booster [26],
and DrivingStereo Weather split [27] (Cloudy/Rainy/Foggy).
We construct non-overlapping training and test splits for each
dataset. Model adaptation is performed exclusively on the
training split, and evaluation is conducted on the held-out test
split.

Implementation Details: Our method, implemented in Py-
Torch and trained on 4 NVIDIA A5000 GPUs with a total
batch size of 4, adapts models using only unlabeled target
stereo pairs, without ground-truth disparities or source data.
Three identical networks per backbone are initialized from
official pretrained checkpoints. Optimization uses AdamW
(Ir = 5 x 1074, weight decay = 1 x 10~%) with cosine
annealing over up to 200 epochs, with early stopping if mean
UCR confidence stagnates for 10 epochs. Key parameters are
Lact = 0.999, pgne = 0.9999, with Ty, and T}, updated per
step and every 2 epochs, respectively. Images are cropped to
320 x 736. UCR loss weights are A\j.. = 2.0, Ay = 2.0, and
Aphoto = 10.0.

Evaluation Metrics: We report the End-point Error (EPE, i.e.,
the mean absolute disparity error), D1 (percentage of pixels

with disparity error > 3 px and > 5%), and BP-X (percentage
of pixels with disparity error > X px).

B. Comparisons with State-of-the-art

We compare our method against strong zero-shot stereo
models and recent adaptation baselines. For all zero-shot
baselines, we report results from official pretrained check-
points without using any target data. To further evaluate the
architectural universality of our framework, we instantiate
our ADT strategy on three distinct backbones: two standard
iterative models (ADT-IGEV [8], ADT-Selective-IGEV [28]),
and a large-scale foundation model (ADT-FoundationStereo
[1]). Table I summarizes results on Middlebury, KITTI 2015,
ETH3D, and Booster. Our ADT-instantiated foundation model
achieves consistent gains over the corresponding zero-shot
foundation baseline across all settings. The improvements are
especially pronounced on Booster, where reflective/transparent
regions tend to produce overconfident but incorrect disparities;
by training against stable pseudo targets while downweighting
unreliable pixels, our method reduces the impact of noisy
supervision and yields more accurate disparity estimates.
Robustness under Adverse Weather: Table II reports results
on the DrivingStereo Weather subsets. Weather corruptions
(fog glare, rain streaks, and low contrast) strongly degrade
pseudo-label reliability, often causing self-training to deteri-
orate. Our method improves performance by explicitly sep-
arating pseudo-label generation from reliability estimation:
the Anchor Teacher provides temporally stable regression
targets, while the Active Teacher, through UCR, produces a
conservative reliability map that suppresses weather-induced
false matches. Concretely, on the Foggy subset, our approach
reduces BP-3 from 2.02 to 1.12 and EPE from 0.90 to 0.75
compared to the zero-shot FoundationStereo baseline (Table
Il), indicating substantially fewer large-error pixels under
severe degradation.

As illustrated in Fig. 3, we present qualitative compar-
isons on the DrivingStereo benchmark under adverse weather
conditions. Our method suppresses weather-induced disparity
artifacts and better preserves structural continuity in degraded
regions.

C. Ablation Study

We conduct ablations on the DrivingStereo-Foggy subset
(Table IIT) and make the following key insights.
Single Teacher Baselines: Standard single-teacher self-
training with fast (©=0.999) or slow (1=0.9999) EMA teachers
yields only marginal gains over the zero-shot baseline, show-
ing that unfiltered pseudo-labels are unreliable under noise.
Adding UCR improves performance but saturates quickly,
indicating that reliability estimation alone is insufficient when
targets and confidence are coupled, as consistent yet incorrect
predictions, e.g., in foggy conditions, cannot be effectively
corrected.
Asymmetric Dual-Teacher Decoupling: Decoupling tar-
get generation and reliability estimation enables significant
improvement. Our dual-teacher design, where the Anchor
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Fig. 3. Qualitative comparisons of state-of-the-art methods under adverse weather conditions on DrivingStereo dataset.
TABLE I
QUANTITATIVE COMPARISONS ON STANDARD STEREO BENCHMARKS. ALL METRICS ARE SMALLER THE BETTER.

Category | Method Middlebury KITTI 2015 ETH3D Booster

| D1 EPE BP-2 | D1 EPE BP-2 | D1 EPE BP-2 | D1 EPE BP-2
PSMNet (CVPR’18) 25.83 894 32.28|32.73 5.55 44.18| 9.2 8.07 10.94|32.60 10.67 54.19
AANet (CVPR20) 1779 4.62 26.88| 8.86 1.54 14.85[3.99 0.89 7.44 |29.28 7.74 53.12
FoundationStereo (CVPR’25) 144 052 230|269 082 504|030 0.16 038 | 451 1.77 5.67
Zero-shot Stereo Anywhere (CVPR’25) 392 1.1 7.12 | 3.12 095 6.76 |0.76 0.33 131 | 5.13 1.78 9.94
SMoE (ICCV’25) 622 160 996 | 469 1.04 7.92 |0.58 027 244 |10.86 3.15 20.40
IGEV (CVPR’23) 829 1.81 18.63| 5.07 1.12 8.44 (149 040 2.03 |12.01 4.69 21.70
Selective-IGEV (CVPR’24) 545 122 875|519 133 754 401 033 336 |9.67 3.04 13.73
LightStereo (ICRA’25) 18.00 5.47 27.30|14.21 2.33 21.75|5.98 2.68 7.68 |13.29 4.11 24.56

CST-RAFT-Stereo (CVPR’25) 1059 139 - 493 1.03 - 235 025 - - - -

Unsupervised | CST-Selective-IGEV (CVPR'2S) 537 0.77 - | 491 105 - [354 027 - | - - -
Adaptation | ADT-IGEV (Ours) 7.06 148 1040| 428 1.03 7.40 |1.11 028 154|926 2.82 17.82
ADT-Selective-IGEV (Ours) 526 1.12 795|462 1.11 6.77 {092 0.26 133 | 7.62 2.65 9.86
ADT-FoundationStereo (Ours) 1.32 0.51 2.18 | 2.37 0.79 4.54 |0.27 0.15 035 | 430 149 544

TABLE I
COMPARISONS WITH STATE-OF-THE-ART METHODS ON THE
DRIVINGSTEREO DATASET UNDER ADVERSARIAL WEATHER CONDITIONS.

the importance of photometric cues for rejecting spurious
matches in fog. Hard masking (0/1) also underperforms soft
weighting, as it discards informative pixels and leads to sparse

Method Cloudy Rainy Foggy supervision; soft weights preserve gradients in ambiguous
EPE BP-3 EPE BP-3 EPE BP-3 regions.
PSMNet(CVPR’18) 454 29.11 18.84 49.60 17.51 58.68 Role Switching: Swapping teacher roles (Anchor generates
?AN(? (C\gPR’ZO()CVPR 2 égg g-jéf %-g? 3 513? (2)-3(1) 128-(?25 confidence, Active provides targets) results in a drop to D1 =
oundationStereo ’ . . . . . K . :
Stereo Anywhere (CVPR'25) 091 2.85 155 1080 091 249  1-5%4 demonstrating that performance depends on functional
SMOoE (ICCV’25) 0.88 243 133 640 121 677 specialization. The reliability estimator must remain adaptive
i?liCtSi"e'lGl(“:I\C’éi\g ?’24) ;(1); 149-3749 421(1)2 ég ;; ;ég 337%50 to domain shifts, while the target generator must stay stable.
ightStereo ; . . . . . . .. . . - T .

IGEV (CVPR'23) 097 314 159 925 126 772 Misaligned roles impair adaptation and optimization dynamics.
ADT-IGEV 0.81 148 134 7.69 095 344 . . .

ADT-Selective-IGEV 080 206 140 750 o8l 117 D Training Efficiency Analysis

ADT-FoundationStereo 0.76 148 128 7.23 075 1.12

As shown in Table IV, maintaining asymmetric dual teach-
ers incurs additional GPU memory usage and training time

Teacher provides stable pseudo-labels and the Active Teacher
computes UCR-based confidence, achieves D1 = 1.10 and
EPE = 0.75, outperforming the best single-teacher + UCR
variant (D1 = 1.66, EPE = 0.83). This confirms that separating
supervision and confidence enhances pseudo-label quality.

Effectiveness UCR & Soft Confidence: Replacing UCR
with geometric-only LRC degrades performance, highlighting

compared to the single-teacher baseline. However, we argue
that this training-time investment is highly cost-effective,
yielding a significant 39.1% error reduction on the challenging
Foggy split. Importantly, the additional cost is confined to the
training phase; during inference, the final student model retains
the same computational footprint as the baseline, incurring no
extra latency at deployment.



TABLE III
ABLATION STUDY ON THE DRIVINGSTEREO-FOGGY DATASET.

Mask Conf. | DrivingStereo - Foggy

Method

‘D]i EPE| BP-2] BP-3]
Zero-shot Baseline - - ‘ 201 090 7.15 202
Single-T (pfast) - - 1.90 0.88 7.04 1.92
Single-T (Lsiow) - - 1.84 0.88 6.70 1.86
Single-T (1 fqst) Soft UCR |[1.79 088 6.84 1.81
Single-T (ts10w) Soft UCR |1.66 0.83 586 1.67
Dual-Teacher (Ours) Soft UCR |1.10 0.75 3.57 1.12
Dual-Teacher (LRC-only) Soft LRC |[1.53 0.79 4.86 1.54
Dual-Teacher (Hard Mask) 0/1 UCR |1.37 083 5.10 1.40
Dual-Teacher (Role Reversal) Soft UCR |1.54 0.85 6.09 1.56

TABLE IV
COST VS. PERFORMANCE ANALYSIS ON THE DRIVINGSTEREO-FOGGY
SUBSET.
| Training Cost | Inference |
Method BP-2 |
| Peak Mem (GB) Time / Iter (s) | Latency (ms) |

Single-Teacher 21.18 2.39 74.1 5.86
Dual-Teacher (Ours) 21.31 3.02 74.2 3.57
Relative Change | +0.6% +263% | +01% |-39.1%

E. Sensitivity to EMA Dynamics

Tab. V analyzes the EMA decay rates with the lens of our
target—reliability decoupling. The strongest results consistently
occur when the Anchor Teacher uses a larger decay (more
conservative) than the Active Teacher, matching the intended
design: stable pseudo targets paired with adaptive reliability
estimation. Extremely fast active updates produce noisy confi-
dence, while overly slow active updates yield stale reliability

under domain shift.

TABLE V
SENSITIVITY ANALYSIS OF EMA DECAY RATES ON
DRIVINGSTEREO-FOGGY.

Anchor Teacher ‘ Metric ‘ Active Teacher (sact)

(Hanc) ‘ ‘0.9 0.99 0.999 0.9999
0.99 EPE [1.01 090 0.86 093
: DI |2.55 202 176 2.12
EPE (094 081 082 0.84
0-999 ‘ DI ‘2.15 150 138 1.58
EPE [0.89 078 075 0.80
0.9999 ‘ DI ‘1.92 129 110  1.32
V. CONCLUSION

This work studied the generalization capability of pre-
trained stereo matching foundation models in downstream
tasks, particularly under scenarios where only unlabeled target-
domain data is available. To address the challenges posed by
domain shifts and unreliable pseudo-labels during adaptation,
we propose an Asymmetric dual-teacher (ADT) framework
that leverages complementary supervisory signals from stable
geometric priors and adaptive reliability cues. This design
effectively balances prior knowledge preservation with target-
domain adaptability, enabling stable and reliable model adap-
tation. Extensive experiments across a wide range of stereo
benchmarks validate the effectiveness of our approach, demon-
strating consistent and significant improvements over existing
methods, especially in challenging conditions.
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