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Figure 1. Our Fast-FoundationStereo achieves comparable results to MonSter [7] and FoundationStereo [68] while running nearly 10 times faster. Shown
are disparity maps obtained by zero-shot inference on in-the-wild images. (Note that our results occasionally exceed those of [7], e.g., the shiny door in the
top row, and the paper towel bin in the bottom row.)

Abstract
Stereo foundation models achieve strong zero-shot general-
ization but remain computationally prohibitive for real-time
applications. Efficient stereo architectures, on the other
hand, sacrifice robustness for speed and require costly per-
domain fine-tuning. To bridge this gap, we present Fast-
FoundationStereo, a family of architectures that achieve,
for the first time, strong zero-shot generalization at real-
time frame rate. We employ a divide-and-conquer accelera-
tion strategy with three components: (1) knowledge distilla-
tion to compress the hybrid backbone into a single efficient
student; (2) blockwise neural architecture search for auto-
matically discovering optimal cost filtering designs under
latency budgets, reducing search complexity exponentially;
and (3) structured pruning for eliminating redundancy in
the iterative refinement module. Furthermore, we intro-
duce an automatic pseudo-labeling pipeline used to curate
1.4M in-the-wild stereo pairs to supplement synthetic train-
ing data and facilitate knowledge distillation. The resulting
model can run over 10× faster than FoundationStereo while
closely matching its zero-shot accuracy, thus establishing
a new state-of-the-art among real-time methods. Project
page: https://nvlabs.github.io/Fast-FoundationStereo/

1. Introduction

The field of stereo matching has advanced significantly
since its inception exactly 50 years ago [38]. Modern al-
gorithms, driven by an abundance of high-quality training
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Figure 2. Zero-shot generalization accuracy (on Middlebury-Q dataset)
of various stereo methods versus speed, measured on the same hardware
NVIDIA 3090 GPU. Our model family achieves real-time performance
with only slight decrease in accuracy compared with the best slow method.
Green outlined stars are further accelerated by TensorRT.

datasets and innovations in deep neural network architec-
tures, now yield impressive results, often approaching satu-
ration on the most demanding benchmarks. Such accuracy
is critical for applications requiring precise 3D reconstruc-
tion, such as robotics [31] and augmented reality [30].

This remarkable progress, however, has split the field
into two distinct research paths [62]. On the one hand, the
rise of foundation models in computer vision has pushed
stereo research toward strong zero-shot generalization [2, 7,
66, 68]. Such leading zero-shot networks leverage rich pri-
ors from computationally intensive foundation models such
as DepthAnythingV2 [78] or DINO models [47, 60]; and
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they employ computationally intensive architectures, such
as the Disparity Transformer [68], to perform self-attention
for long-range context. Such limitations have, to date, hin-
dered their deployment in any latency-bound system.

On the other hand, the non-negotiable constraints of
practical applications demand computationally efficient
performance. Architectures designed for such real-time in-
ference [22, 33, 74, 75] achieve high frame rates by rely-
ing on lightweight backbones, 2D convolutional layers, and
local iterative refinement modules. Such methods struggle
to generalize due to their reliance upon per-domain fine-
tuning. The difficulty of obtaining the required dense, high-
quality ground-truth depth at scale has prevented such effi-
cient methods from being used as an off-the-shelf solution
for embodied agents operating in in-the-wild environments.

To address this critical gap, we propose Fast-
FoundationStereo (Fig. 1), a novel stereo matching ap-
proach for both strong zero-shot generalization and real-
time inference. Unlike existing real-time methods which
sacrifice the rich architectural capacity and typically de-
signed and trained from scratch, our work builds upon
the powerful yet computationally intensive Foundation-
Stereo [68]. Addressing its three main components (fea-
ture extraction, cost filtering, and disparity refinement), our
divide-and-conquer acceleration strategy takes into account
the unique properties of each. First, knowledge distilla-
tion is leveraged to compress the computationally expen-
sive hybrid feature backbone into a single, efficient student
backbone that retains the rich monocular and stereo priors.
Second, the intensive cost filtering network is divided into
blocks, numerous candidate blocks are trained via distil-
lation, and combinatorial search automatically discovers a
family of effective architectures under varying latency bud-
gets. Third, structured pruning is applied to the refinement
module, guided by a recurrent dependency graph to iden-
tify and remove redundancy, followed by retraining to re-
cover performance. Finally, training is supplemented with
a large-scale (1.4M pairs) dataset of in-the-wild stereo im-
ages, curated via an automatic pseudo-labeling pipeline.

Our contributions can be summarized as follows:
• We present Fast-FoundationStereo, a novel stereo match-

ing architecture that achieves both strong zero-shot
generalization and real-time inference, with varying
accuracy-speed trade-off (Fig. 2). Our method signifi-
cantly outperforms other real-time models by a large mar-
gin across multiple public datasets, and even outperforms
several recent strongly generalizable models.

• We present several novelties to address the computational
bottleneck of common components adopted in modern
stereo matching models, while inheriting the strengths
from the teacher model. Our divide-and-conquer strat-
egy includes: (1) distillation from hybrid monocular and
stereo priors, (2) cost filtering via efficient blockwise ar-

chitecture search, and (3) iterative refinement via struc-
tured pruning.

• To harness the large diversity, internet-scale abundance
and unique realism from in-the-wild stereo images, we
propose an automatic pseudo-labeling pipeline to supple-
ment synthetic training data for knowledge distillation.

2. Related Work

Generalizable Stereo Matching. Recent progress in
generalizable stereo matching has centered on leveraging
Vision Foundation Models (VFMs) and monocular pri-
ors to achieve strong zero-shot performance. Founda-
tionStereo [68] establishes a strong baseline by adapt-
ing DepthAnythingV2 with side-tuning, while StereoAny-
where [2] demonstrates robustness where stereo or mono
cues fail independently, and MonSter [7] marries monocu-
lar depth with stereo matching to unleash complementary
strengths. ZeroStereo [66] synthesizes additional training
data based on monocular depth estimation and diffusion
models. DEFOM-Stereo [25] builds upon depth founda-
tion models, All-in-One [88] systematically transfers VFMs
into stereo frameworks, and recent work diving into the fu-
sion of monocular priors [79] analyzes effective integration
strategies. Beyond direct adaptation, domain generaliza-
tion has been pursued through domain-invariant represen-
tations [83], learning from foundation models for domain
generalized stereo matching [84], and information-theoretic
approaches that avoid shortcut learning [9]. Additional
architectural innovations include hierarchical visual trans-
formations [5], masked representation learning for domain
generalized stereo matching [51], and harnessing broad-
spectrum task-oriented features [35]. Despite impressive
zero-shot generalization, their computational overhead re-
mains prohibitive for real-time applications.
Efficiency-Oriented Stereo Matching. Efficiency-
oriented stereo matching architectures have tradition-
ally pursued real-time performance through three pri-
mary strategies: compact cost volume representations,
lightweight processing modules, and streamlined network
designs. The first strategy reduces memory footprint
via low-resolution feature pyramids [27], 2D cost sig-
natures [80], attention-based disparity selection [72], or
learned parameterized functions that replace explicit vol-
umes entirely [81]. The second strategy accelerates
cost aggregation by pruning search spaces in coarse-to-
fine cascades [19], operating in efficient bilateral grid
spaces [71], or employing 3D separable convolutions [49]
to avoid expensive 3D kernels. The third strategy designs
mobile-specific architectures [57], tile-based iterative re-
finement [61], or binary operations [3] from the ground
up, while more sophisticated approaches employ neural ar-
chitecture search to automatically discover efficient net-
works [8, 64]. While these methods achieve impressive
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Figure 3. Overview of our framework. Top: Foundational stereo matching networks (e.g., [68]) consist of three key steps: feature extraction, cost filtering,
and disparity refinement. Each step is accelerated by a divide-and-conquer strategy. Middle-Left: Hybrid monocular and stereo priors from the teacher
foundation model are distilled into a single backbone student model. Middle-right: Refinement network is pruned by first constructing a dependency graph
that models the recurrent nature of the GRU module, followed by structured pruning and retraining to recover the accuracy. Bottom: Cost filtering network
is divided into separate local blocks; block candidates are trained to match the teacher block’s output, taking as input the local feature from the previous
block; and combinatorial search finds the best performing block combination for a given runtime constraint.

frame rates, they fundamentally sacrifice the rich architec-
tural capacity. In addition, the models are usually designed
and trained from scratch, ignoring recent powerful foun-
dation models. Consequently, they remain tethered to per-
domain fine-tuning on target distributions, making them un-
suitable solutions for in-the-wild environments.

Vision Foundation Model Acceleration. The signifi-
cant computational overhead of Vision Foundation Mod-
els (VFMs) has spurred a large body of research focused
on their acceleration for practical deployment. A re-
cent active area has been the optimization of SAM [29]
and VGGT [63], with several distinct approaches. Many
works propose efficient architectures, introducing entirely
new lightweight models or modifying existing ones for
speed [17, 70, 85]. Another common strategy is quantiza-
tion, which reduces numerical precision to speed up infer-
ence, as demonstrated by PTQ4SAM [36] and Quantized-
VGGT [16]. Methods like SlimSAM [6] employ structured
pruning, followed by distillation to create highly compact
models. Knowledge distillation is also often used indepen-
dently to transfer knowledge from a large teacher model to

a smaller student [82, 87]. Finally, some methods lever-
age domain-specific knowledge to accelerate computation-
ally expensive components, such as Fast-VGGT [58] which
uses token merging. In comparison, accelerating large foun-
dation models for stereo matching has been largely under-
explored, leaving a substantial research gap.

3. Approach
Our approach (Fig. 3) is based on FoundationStereo [68],
which consists of three key steps: feature extraction, cost
filtering, and disparity refinement. Each of these steps is
accelerated by a divide-and-conquer strategy, as detailed in
the following subsections. We also describe our automatic
data curation pipeline.

3.1. Distilling Hybrid Monocular and Stereo Priors
Given a pair of left and right images Il, Ir ∈ RH×W×3,
the feature backbone extracts multi-level pyramid features
f
(i)
l , f

(i)
r ∈ RCi×H

i ×W
i , i ∈ {4, 8, 16, 32} for the sub-

sequent cost volume construction and aggregation. To
compute such features, FoundationStereo [68] combines

7515



Left Image FoundationStereo Ours

Left Image W/o distillation W/ distillation

Left Image W/o distillation W/ distillation

Figure 4. Top: Distilling the hybrid monocular and stereo priors from
FoundationStereo [68] into a unified single backbone captures similar
high-frequency edges and relative depth—while significantly reducing
computational cost. Bottom: Distillation enhances robustness to translu-
cency, which is challenging to traditional stereo matching.

DepthAnything V2 [78] with a side-tuning CNN. The for-
mer provides rich monocular priors learned from large-
scale internet data, and the latter adapts the monocular fea-
tures for the binocular stereo setup. Although such hybrid
monocular and stereo feature extraction is powerful, it re-
mains a significant computational bottleneck.

We leverage knowledge distillation to replace the dual
module in FoundationStereo’s backbone with a single stu-
dent module. This approach was chosen because it is ag-
nostic to architecture and allows to build upon the well-
established feature backbones studied on ImageNet [10,
69]. As an alternative, we also considered model pruning,
but it has two drawbacks: (1) it would require us to keep
the dual module, which is constrained by the computational
bottleneck of its underlying ViT [12]; and (2) any deteri-
oration in accuracy would be difficult to recover without
retraining on internet-scale imagery.

During distillation, DepthAnything V2 and side-tuning
CNN modules from FoundationStereo are frozen and used
to predict a multi-level feature pyramid f̄ (i), which the stu-
dent model is trained to match via MSE loss. In the case
of channel dimension mismatch, a linear projection layer
is added. Even though the feature extractors take only a
single image as input, we include both stereo images in
each training batch to retain the statistical similarity. To
provide a family of stereo models with different speed-
accuracy trade-off, we train multiple variants of feature ex-
tractors [37, 54]. Fig. 4 visualizes examples of distilled
features, showing that they capture similar high-frequency
edges and relative depth.

3.2. Cost Filtering Blockwise Search
Given the unary features extracted in the previous step, the
cost volume VC ∈ RC×D

4 ×H
4 ×W

4 is constructed by com-
bining the group-wise correlation and concatenation vol-
umes (where D is the maximum disparity). To effectively

scale the learning process with the abundant training data,
FoundationStereo [68] uses a dual branch architecture to
perform cost filtering. Specifically, a 3D hourglass archi-
tecture consisting of Axial-Planar Convolution (APC) lay-
ers effectively processes VC by enlarging the kernel size
over the disparity dimension without significantly increas-
ing memory consumption. Meanwhile, a Disparity Trans-
former branch tokenizes VC and performs multi-head self-
attention to further enhance the long-range context reason-
ing within the 4D cost volume.

Direct pruning of the cost filtering modules yields severe
performance degradation for only marginal speedup, since
the channel dimension in VC is already small (mostly un-
der 100). We avoided direct knowledge distillation, because
it requires manually designing the cost-filtering module al-
ternatives, which remain less explored than feature back-
bones. Instead, we leverage Neural Architecture Search
(NAS) [13] to automatically discover non-intuitive designs.
In the following, we describe our efficient blockwise search
strategy (Fig. 3 bottom).
Blockwise Candidate Construction. The cost filter-
ing module is divided into a series of operation blocks:
Φt(VC) = BN ◦· · ·◦B2◦B1(VC), where N represents the
total number of blocks. Within the 3D hourglass module,
blocks are divided at the transition of the channel dimen-
sion, which typically corresponds to the spatial dimension
change of the feature volume. We define five types of lay-
ers: (1) 3D conv layer with varying channel dimensions; (2)
3D deconv layer that doubles the spatial dimensions of the
cost volume, (3) APC layer [68] that performs separate spa-
tial and disparity convolution with different respective ker-
nel sizes; (4) residually connected 3D conv layers, similar to
ResNet [23]; and (5) feature guided volume excitation [1].

Meanwhile, the entire Disparity Transformer module is
regarded as a single block consisting of a number of re-
peated multi-head self-attention transformer layers. We
reuse the disparity attention layers as in [68] while varying
the feed-forward layer dimensions, number of heads, and
number of layers.

In both cases, the number of layers in each block and
the intermediate channel dimension can vary, as long as (1)
the entire block’s running time tsB is faster than its teacher
counterpart ttB and (2) the input and output channel dimen-
sion remains the same as the original block. Details of the
search space can be found in the appendix.
Blockwise Distillation and Evaluation. After blockwise
candidate construction, we obtain C = C1 ·C2 · · ·CN total
number of possible cost filtering module candidates, where
Ci denotes the number of candidates in block Bi. In prac-
tice, when N = 8 and Ci = 200, C is 2008 ≈ 1018.
As a result, standard evolutionary search based NAS meth-
ods [11, 53] are not tractable, due to the extremely large
computational cost. Moreover, training from scratch in the
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whole search space does not fully leverage the strengths of
the teacher model.

To overcome these limitations, we train each block Bi

independently. Specifically, Bi is treated as a standalone
network and trained to mimic the teacher counterpart’s
output:

∥∥Bi(fi−1)− B̄i(fi−1)
∥∥2
2
, given the feature output

fi−1 from the previous teacher block. For the final block
that predicts the initial disparity, smooth L1 loss is com-
puted against the ground truth. The teacher model is frozen
throughout the distillation process. After distillation, a can-
didate block Bc

i is evaluated by replacing its counterpart at
block level i in the teacher model and inferring the complete
model end-to-end on a separate validation dataset. Both the
relative error metric change ∆mc

i and running time change
∆tci that result by introducing Bc

i are measured.
Compared with standard NAS, our blockwise distillation

reduces training complexity from O(nN ) to O(n) [32, 45],
where n is the number of per-layer candidates. Further-
more, since Bi is small, the block distillation can be per-
formed efficiently in terms of both speed and memory, al-
lowing easy parallelization.
Combinatorial Search. The student cost filtering module
is found by solving for the optimal combination of candi-
date blocks, which can be formulated as:

min
E

N∑
i=1

(∆mi)
⊤ei, s.t.

N∑
i=1

(∆ti)
⊤ei ≤ ∆τ, (1)

where ∆mi and ∆ti denote the vector of error metric and
running time changes, respectively, for all candidates at
block Bi; ei ∈ E denotes the one-hot vector representing
the selection operation of a candidate block at Bi; and ∆τ
denotes the runtime budget relative to the teacher model for
the entire cost filtering module. Optimization is performed
by Integer Linear Programming (ILP) [41, 44], using differ-
ent values for τ to obtain a family of cost filtering student
models with different speed-accuracy trade-off.

3.3. Refinement Pruning
Given the initial disparity map d0 (predicted by the fil-
tered cost volume) and the hidden feature (initialized from
the context network), the ConvGRU module progressively
refines the disparity map. Fig. 5 shows the dependency
graph and data flow. At each iteration, ConvGRU mod-
ule consumes the disparity dk−1, hk−1 and predicts their
updated values dk, hk, resulting in recurrent dependen-
cies. This significant redundancy in refinement module (as
shown in Sec. 4.4), motivates the use of structured prun-
ing [14, 24, 42, 46], a simple yet effective technique and can
benefit from GPU hardware acceleration techniques such as
TensorRT.
Building Recurrent Dependency Graph. The first step in
structured pruning is to identify the inter-dependencies be-
tween layers, since depth or channel pruning at one layer
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Figure 5. Recurrent dependency graph of the refinement module. de-
notes where pruning is performed. denotes where channel dimension
remains fixed during the pruning process.

changes the intermediate feature dimensions fed to adjacent
layers. In addition to the normal adjacent layer dependen-
cies which can be automatically constructed by tracing the
computation flow [14], we introduce three more pruning
constraints given the unique properties of refinement mod-
ule in stereo matching: (1) within the ConvGRU module,
the final layers that predict the disparity map and convex up-
sampling mask retain fixed output channel dimensions; (2)
within the ConvGRU module, the input channel of the layer
that consumes hk−1, and the output channel of the layer that
outputs hk, are inter-dependent and thus jointly pruned; and
(3) the motion encoder that consumes the indexed volume
feature retains a fixed input channel dimension.
Pruning and Retraining. To identify which layers or chan-
nels to remove, we evaluate their importance using first-
order Taylor expansion [43]. Specifically, inputs are feed
forward to the complete teacher model [68] end-to-end with
multiple refinement iterations, and accumulate gradients for
the refinement module. The importance of each parameter
in the refinement module is ranked globally, and the least
important α parameters are pruned, where α ∈ (0, 1) is the
pruning ratio. We also explored isomorphic pruning strat-
egy [15] but observed slightly degraded performance. Af-
ter pruning, we retrain the refinement module end-to-end
(while freezing the rest of the teacher model) to recover the
performance, using the loss:

L =

K∑
k=1

γK−k
∥∥dk − d

∥∥
1
+ λ

L∑
i=1

∥xi − xi∥22 (2)

where xi and xi are the per-layer latent features (student
and teacher, respectively) from each of the L layers; d is the
ground truth disparity; k is the iteration number; γ = 0.9
exponentially increases weights to supervise the iteratively
refined disparity; and λ = 0.1 weighs the distillation objec-
tive. The initial disparity supervision is excluded since it is
not affected by the refinement module.

3.4. Pseudo-Labeling on In-the-Wild Data
Real-world data offers greater diversity and realism than
synthetic data. However, obtaining real stereo images with
ground-truth metric depth annotation is notoriously diffi-
cult. To address this challenge, we propose an automatic
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Figure 6. Top: Pseudo-labeling pipeline on in-the-wild internet stereo
data. Bottom: Visualization of our generated pseudo-labels.

data curation pipeline to generate pseudo-labels on internet-
scale stereo images. As shown in Fig. 6, given a recti-
fied stereo pair from Stereo4D [26], the teacher model [68]
produces a disparity map for the left image. To identify
the imperfect predictions which can mislead the subsequent
training process for the student model, we also feed left im-
age to a monocular depth estimator [48] to obtain a corre-
sponding depth map. Both the disparity map and monoc-
ular depth are further converted into normal maps via 3D
unprojection and Sobel operator using the same set of cam-
era parameters provided by [26]. To assess local geomet-
ric consistency, we compute the per-pixel cosine similarity
between the two normal maps, which is thresholded to pro-
duce a consistency mask. Stereo samples with insufficient
agreement are discarded. Due to the uniqueness of sky re-
gions (which have infinite depth and are underrepresented in
common synthetic datasets used for training), the similarity
computation excludes the sky regions, which are detected
by open-vocabulary segmentation models [52, 77].

The remaining stereo disparity maps become the final
pseudo-labels, where the sky regions are set to zero dispar-
ity. The consistency mask can be optionally used to deter-
mine the supervision pixels. We subsample the videos tem-
porally by a stride of 10, yielding 1.4M suitable stereo pairs
in total. In contrast to directly comparing in the depth or
disparity space, our proposed normal consistency check is
more robust to extremely diverse depth ranges or noisy pre-
dictions on in-the-wild images. This automatically pseudo-
labeled data is included in our final training of student mod-
els. Such output-space distillation complements the feature-
based distillation performed in previous steps.

4. Experiments
4.1. Implementation Details
Our Fast-FoundationStereo was trained on the same mixed
datasets as FoundationStereo [68], as well as the pseudo-
labeled real data (Sec. 3.4). For deployment, our frame-
work provides the flexibility to assemble different candi-
dates from each step to compose the final stereo matching
model (examples are shown in Fig. 2). The final model
is then trained end-to-end. Once trained, the fixed set of
weights for each candidate model are used to perform zero-
shot inference on unseen data. Unless otherwise mentioned,
we use 8 refinement iterations and 192 as the maximum dis-
parity for constructing the cost volume. For evaluation, the
disparity range is not constrained.

4.2. Benchmark Datasets and Metric

Datasets. Four common public datasets were used for eval-
uation: Middlebury [55] consists of indoor stereo image
pairs with high-quality ground-truth disparity captured via
structured light. ETH3D [56] provides grayscale stereo im-
age pairs covering both indoor and outdoor scenarios. and
KITTI 2012 [18] and KITTI 2015 [40] feature real-world
driving scenes, where sparse ground-truth disparity maps
are derived from LIDAR sensors. Booster [50] features a
large variety of translucent and specular scenes and is used
to evaluate the robustness to non-Lambertian surfaces.
Metrics. “BP-X” computes the percentage of pixels where
the disparity error is larger than X pixels. “D1”, commonly
used on KITTI [18, 40], computes the percentage of pix-
els whose disparity error is larger than 3 pixels and 5% of
the ground-truth disparity. Results are evaluated on non-
occluded regions.

4.3. Zero-Shot Generalization Comparison

Quantitative Comparison. Comparison of zero-shot gen-
eralization on public datasets is shown in Table 1. These
datasets are unseen to all the evaluated methods. For cost-
filtering based methods that support dynamic maximum dis-
parity configuration, 416 is used on Middlebury-H for the
best performance; otherwise their default setting is used for
other lower resolution datasets. Existing real-time methods
are usually not targeted for zero-shot generalization, and are
thus mainly trained on SceneFlow [39]. For those compet-
itive ones with publicly released training code [22, 74], we
additionally train them on the exact same datasets as ours
(including our proposed pseudo-labels). The inference run-
times for all methods are profiled over Middlebury-Q (sim-
ilar to typical resolution for real-time robotic applications)
on the same hardware with NVIDIA 3090 GPU.

As can be observed, our Fast-FoundationStereo outper-
forms other real-time models by a significant margin across
the board, even when they are trained on the exact same
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Method
Middlebury-H Middlebury-Q ETH3D KITTI 2012 KITTI 2015

Runtime (ms)BP-1 BP-2 BP-3 BP-1 BP-2 BP-3 BP-1 BP-2 BP-3 BP-1 BP-2 BP-3 D1 BP-1 BP-2 BP-3 D1

StereoAnywhere [2] 9.67 4.75 2.45 8.00 3.25 2.10 1.43 0.61 0.41 11.66 4.67 3.52 2.81 21.81 6.72 3.79 3.52 427
DEFOM-Stereo [25] 8.84 3.76 2.46 7.51 3.50 2.22 2.16 1.03 0.78 13.10 5.32 3.39 3.12 23.92 8.12 4.76 4.58 371
MonSter [7] 9.33 4.24 2.69 7.08 3.19 1.94 0.99 0.46 0.28 9.58 4.39 2.99 2.84 20.61 6.44 3.59 3.41 336
Zero-RAFT-Stereo [66] 8.48 4.68 3.32 8.15 4.42 3.26 2.14 1.17 0.85 9.15 4.17 2.93 2.76 21.13 7.43 4.67 4.48 164
FoundationStereo [68] 2.49 1.10 0.88 2.64 1.30 0.96 0.50 0.30 0.24 8.16 3.50 2.47 2.30 18.65 5.20 2.95 2.80 496

IINet∗ [33] 25.88 16.69 13.03 24.90 14.90 10.42 21.21 12.55 9.19 33.12 15.71 9.72 9.30 36.22 14.16 7.86 7.58 30
LightStereo-L∗ [22] 37.49 23.76 18.48 30.08 17.75 13.11 45.46 37.21 34.15 42.42 22.39 14.49 13.98 40.56 19.10 12.35 12.08 30
LightStereo-L [22] 22.64 12.55 9.07 16.34 7.70 4.99 16.34 7.70 4.99 17.59 6.71 3.97 3.73 27.66 9.07 4.75 4.51 30
RT-IGEV∗ [74] 16.95 11.52 9.40 14.02 7.71 5.52 5.66 2.81 2.26 16.70 7.28 4.85 4.54 25.89 9.89 6.19 6.00 45
RT-IGEV [74] 12.75 7.82 5.73 11.28 5.59 3.77 5.05 2.78 1.63 11.38 5.05 3.44 3.25 22.70 7.32 4.24 4.00 45
BANet-2D∗ [75] 43.78 28.45 22.28 37.33 23.51 18.62 44.89 37.87 35.81 42.92 22.45 14.48 13.88 42.92 22.45 14.48 13.88 29
BANet-3D∗ [75] 44.90 30.10 24.17 32.02 18.69 13.70 29.27 20.99 18.55 45.43 25.20 17.07 16.59 50.26 26.38 17.13 16.87 26
Ours 4.80 2.20 1.60 4.51 2.12 1.57 1.22 0.62 0.50 8.52 3.61 2.50 2.35 19.62 5.78 3.43 3.25 49 (21)

Table 1. Zero-shot generalization on public datasets. Methods are grouped based on their feasibility for real-time application. ∗Denotes methods trained
only on SceneFlow [39]; others are trained on large-scale combined datasets, or they leverage foundation models pretrained on large-scale datasets. Bold
indicates the best method within each group; note that ours is also second-best in each column. The number in parentheses is the runtime using TensorRT.

Left Image LightStereo-LBANet3D RT-IGEV OursIINet LightStereo-L† RT-IGEV†

Figure 7. Qualitative results of real-time methods on Middlebury, ETH3D, Booster and KITTI-2015 datasets (top to bottom). Results are obtained by
zero-shot inference without training on any split of the target datasets. †Indicates methods trained on the exact same datasets as ours, including our proposed
pseudo-labels. More results on in-the-wild images can be found in the appendix.

Methods BP-2 BP-4 BP-6 BP-8 EPE (px) Real-time

RAFT-Stereo [34] 17.84 13.06 10.76 9.24 3.59 ✗
PSMNet [4] 34.47 24.83 20.46 17.77 7.26 ✗
GMStereo [76] 32.44 22.52 17.96 15.02 5.29 ✗
PCVNet [81] 22.63 16.51 13.81 12.08 4.70 ✗
DLNR [86] 18.56 14.55 12.61 11.22 3.97 ✗
Selective-IGEV [65] 18.52 14.24 12.14 10.77 4.38 ✗
IGEV [73] 16.90 13.23 11.40 10.20 3.94 ✗
NMRF [20] 27.08 19.06 15.43 13.21 5.02 ✗
StereoAnywhere [2] 9.01 5.40 4.12 3.34 1.21 ✗
FoundationStereo [68] 5.18 4.07 2.91 2.59 1.13 ✗

RT-IGEV [74] 23.09 16.86 14.10 12.47 5.03 ✓
RT-IGEV† [74] 18.19 13.39 11.37 10.16 4.20 ✓
Ours 6.61 4.62 3.91 3.49 1.54 ✓

Table 2. Zero-shot generalization on non-Lambertian surfaces, evalu-
ated on the Booster-Q dataset [50]. †Denotes training on the exact same
datasets as ours (including our proposed pseudo-labels).

datasets, including our proposed pseudo-labels. Moreover,
our model achieves comparable or even better results than
most of the computationally expensive models, including
Zero-RAFT-Stereo [66] which leverages additional synthe-
sized training data via multiple large foundation models.
Compared to FoundationStereo [68], our method runs more
than 10 times faster with only a modest increase in error.
Robustness to Non-Lambertian Surfaces. Table 2 shows
zero-shot generalization results on Booster-Q dataset [50].
Numbers are from the StereoAnywhere paper [2]; Founda-

tionStereo [68] and the most competitive real-time model
RT-IGEV [74] are also included for comparison.
Qualitative Comparison. Visualizations of zero-shot in-
ference are demonstrated in Figs. 1 and 7. The stereo im-
ages represent diverse challenges including textureless re-
gions, transparency, specular highlights, complex illumina-
tions, varying depth ranges, viewing perspectives and both
indoor / outdoor scenarios. Despite these challenges, our
model significantly outperforms other real-time models. It
even achieves comparable or sometimes more favorable re-
sults than computationally expensive generalizable models.

4.4. Framework Analysis

Effects of Backbone Distillation. Table 3 shows an ab-
lation study on no distillation (feature backbone weights
pretrained only on ImageNet [10]) and different distillation
losses. By distilling from hybrid monocular and stereo pri-
ors from the teacher model, the feature backbone generally
enhances zero-shot generalization. The effectiveness is also
demonstrated in Fig. 4, where the translucent glass door
challenges the traditional stereo matching process without
distillation.
Effects of Cost Filtering Blockwise Search. Our block-
wise search strategy significantly reduces training complex-
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Variants
Midd.-H ETH3D KITTI-12 KITTI-15

BP-2 BP-1 D1 D1

No Distillation 2.87 2.11 2.67 4.32
Cosine Similarity 2.29 1.19 2.39 3.31
MSE (Ours) 2.20 1.22 2.35 3.25

Table 3. Ablations on feature backbone distillation strategies.

ity from O(nN ) to O(n). However, it leverages a surrogate
objective, Eq. (1), which accumulates the impacts of per-
turbing each local block. This is a proxy to the actual per-
formance of a candidate model, which would otherwise re-
quire training the full assembled cost filtering module with
the remaining parts of the network end-to-end for evalua-
tion. In order to verify if such proxy is effective, we com-
pare our searched cost filtering candidate, based on Eq. (1),
against randomly assembled candidates under the same la-
tency constraint ∆τ . All cost filtering module candidates
are trained end-to-end (with the remaining parts from the
teacher model), followed by zero-shot evaluation. For each
∆τ , 10 random candidate models are sampled (note that
training each of them end-to-end is expensive). As shown
in Fig. 8: (1) as the latency constraint relaxes (∆τ in-
creases), our architecture search can successfully find bet-
ter performing candidate models; (2) under varying ∆τ , the
searched candidate consistently outperforms randomly as-
sembled candidates; and (3) as ∆τ decreases, some ran-
domly assembled candidates yield substantial performance
degradation, highlighting the importance of network design
under tight latency constraint.

Figure 8. Effects of blockwise architecture search for cost filtering module
under varying latency budget ∆τ , evaluated on Middlebury-Q.

Effects of Pruning Ratio. Fig. 9 demonstrates how
the pruning ratio affects the prediction accuracy on
Middlebury-Q dataset and runtime under one refinement it-
eration. While aggressive pruning dramatically degrades
the prediction accuracy, it can be effectively recovered
through retraining with Eq. (2), implying large redundancy
in the original refinement module.
Effects of Pseudo-Labeling. Table 4 ablates on training
with pseudo-labeled data and their zero-shot generalization
results on public datasets under commonly used metrics.
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Figure 9. Effects of pruning ratio for accuracy and speed.

We also ablate on a few competitive real-time methods with
this data. Pseudo-labeling enhances generalization perfor-
mance consistently for all methods. The elevation is even
more significant for those methods [22, 74] that were previ-
ously trained only on SceneFlow.

Method
Midd.-H ETH3D KITTI-12 KITTI-15

BP-2 BP-1 D1 D1

RT-IGEV [74] 11.52 (8.69) 5.66 (5.12) 4.54 (3.55) 6.00 (4.40)
LightStereo-L [22] 23.76 (18.41) 45.46 (21.12) 13.98 (5.27) 12.08 (7.63)
Ours 2.53 (2.20) 1.31 (1.22) 2.44 (2.35) 3.48 (3.25)

Table 4. Results on in-the-wild data without (and with) pseudo-labeling.

Runtime Analysis. Fig. 10 shows the detailed runtime de-
composition between FoundationStereo [68] and our slow-
est model from Fig. 2. Results are profiled on the same
hardware (NVIDIA 3090 GPU). Each of the three essential
steps are accelerated by a large margin, leading to a total
runtime performance boost of more than 10×.
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Figure 10. Runtime decomposition.

5. Conclusion

Fast-FoundationStereo bridges the gap between zero-shot
generalization and real-time performance. Through a prin-
cipled divide-and-conquer acceleration strategy, we demon-
strate that the computational bottlenecks of foundation
stereo models can be systematically addressed without sac-
rificing robustness. Our extensive evaluations confirm that
Fast-FoundationStereo not only establishes a new state-of-
the-art among real-time methods by a substantial margin,
but it also competes favorably with computationally inten-
sive generalizable models. For future work, exploring quan-
tization techniques offers an orthogonal avenue to further
enhance inference speed, potentially enabling deployment
on even more resource-constrained edge devices.
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