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ABSTRACT

We study the recent progress on stereo geometry estimation in the wild. Al-
though recent stereo methods have achieved impressive benchmark results, the
standard stereo benchmarks invest tremendous efforts into obtaining high-quality
and perfectly calibrated stereo pairs, which is difficult to obtain in practice from
in-the-wild settings. To address this in-the-wild evaluation gap, we introduce
StereoBench, a benchmark for stereo, monocular, and multi-view geometry es-
timation methods comprising 26 method variants and 10 datasets within a unified
depth-based evaluation protocol. Our findings reveal that although stereo methods
perform well on high-quality benchmarks and out-of-domain synthetic data, they
perform quite poorly on real-world data: even monocular methods with access to
strictly less information often do better. We find that classic approaches for online
stereo rectification cannot address this gap: instead, a far more effective strategy
is to repurpose feed-forward multi-view geometry networks (such as VGGT) for
calibration-robust stereo prediction, significantly outperforming dedicated stereo
networks in the real world. We hope that our benchmark reveals crucial insights
on robust stereo depth estimation in the wild that generalizes outside the domain
of high-quality synthetic and benchmark inputs.

1 INTRODUCTION

Robust sensing is a crucial component required to scale robots to truly widespread deployments. A
classic approach to depth sensing is stereopsis, motivated largely by stereo vision for human percep-
tion. Indeed, stereo may be the most benchmarked of all vision tasks, driven by iconic efforts such
as Middlebury (Scharstein & Szeliski, 2002), KITTI (Geiger et al., 2012; Menze & Geiger, 2015),
and ETH3D (Schops et al., 2017), all of which are now close to saturation. However, reported stereo
performance on benchmarks does not seem to apply to the real world. Indeed, most autonomous
vehicle efforts have disregarded stereo sensing after initial explorations (Chang et al., 2019). Why?
We argue that classic benchmarks invested tremendous efforts into acquiring high-quality and per-
fectly calibrated stereo pairs, but these are difficult to acquire in practice. This begs the question of
how one should benchmark stereo?

One reason for the disconnect is that stereo is often evaluated as a pixel-level disparity estimation
task. While this elegantly factors out calibration parameters, such as extrinsics (the camera base-
line) and intrinsics (the focal length), this also makes such evaluations unaware of sensitivities to
calibration errors. Furthermore, it is not clear how to even define ground-truth disparity for input
stereo pairs that are not perfectly rectified. Consider a stereo pair with imperfect undistortion or rec-
tification, perhaps obtained from the Internet (Jin et al., 2025) or a real-world stereo setup. Should
ground-truth disparity follow the ground-truth geometry, or pixel correspondences across scanlines
in both images? Due to the overwhelming popularity of high-quality stereo benchmarks such as
Middlebury and KITTI, we argue that these questions have been under-explored.

In this work, we propose to evaluate stereo geometry estimation on diverse synthetic and real-world
datasets. We develop a unified evaluation protocol that measures errors in scene depth rather than
pixel disparity. Though a straightforward benchmark design choice, this enables for the first time
(to our knowledge) a fair comparison between stereo, monocular, and multi-view geometry esti-
mation methods. We run our benchmark on 18 methods and 10 synthetic+real datasets spanning
multiple diverse domains. One of our surprising conclusions is that monocular methods can out-
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perform stereo on real data, even though they have access to strictly less information (one image
versus two). One explanation is that calibration-free monocular methods implicitly predict camera
intrinsics, while stereo methods explicitly factor out such parameters, which can hurt performance
for real-world deployments with unreliable calibration parameters. Interestingly, classic approaches
for online stereo rectification cannot address this gap. Instead, we find a far more effective strategy
is to repurpose feedforward multi-view geometry networks (such as VGGT (Wang et al., 2025a)
or Pi3 (Wang et al., 2025e)) for calibration-robust stereo prediction, which dramatically outper-
forms dedicated stereo engines in the real-world. Overall, our findings suggest the importance of
developing robust in-the-wild stereo geometry estimators that generalize well outside the domain of
perfectly-calibrated synthetic and benchmark inputs.

2 RELATED WORK

2.1 DEEP STEREO MATCHING

Modern advances in deep stereo matching are largely driven by three complementary factors: deep
neural architectures, foundation model priors, and large-scale synthetic training data. Deep neural
architectures, such as cost volumes (Yang et al., 2019; Xu & Zhang, 2020; Shen et al., 2021; 2022)
and iterative refinement (Teed & Deng, 2020; Lipson et al., 2021; Li et al., 2022) have significantly
enhanced the accuracy and generalization of stereo matching. Cost volume methods construct cost
volumes from per-image features and use a 3D CNN for volume filtering, although the cost volume
can be expensive. Iterative refinement methods perform recurrent disparity updates, avoiding ex-
pensive cost volumes but lacking global reasoning. Recent works therefore combine the strengths
of both paradigms (Xu et al., 2023a). Another line of work introduces vision transformers to stereo
matching, replacing domain-specific cost volumes with attention (Li et al., 2021; Weinzaepfel et al.,
2023). Finally, with the rapid innovations in foundation models (Oquab et al., 2023) and monocular
depth estimation (Yang et al., 2024b; Wang et al., 2025c; Piccinelli et al., 2025) several concurrent
works introduce monocular priors to stereo matching (Bartolomei et al., 2025; Wen et al., 2025;
Cheng et al., 2025) to provide informative geometry features as well as an initial disparity guess in
ambiguous regions.

2.2 STEREO DATASETS AND BENCHMARKS

Training data and benchmarking is essential for deep learning models. Due to the perfect and dense
ground-truth and the ease of data scaling, the dominant approach is to train deep stereo networks on
synthetic data, such as TartanAir (Wang et al., 2020), Dynamic Replica (Karaev et al., 2023), and
FSD (Wen et al., 2025). For evaluation, the standard benchmarks such as KITTI (Geiger et al., 2012;
Menze & Geiger, 2015), Middlebury (Scharstein et al., 2014), and ETH3D (Schops et al., 2017)
provide a small number of extremely high-quality real-world stereo pairs depicting typical indoor,
outdoor, and driving scenarios with perfect calibration. (Guo et al., 2023) perform a comprehensive
stereo matching benchmarking using the standard evaluation metrics. Recently, many larger real-
world stereo datasets have recently been released, such as BotanicGarden (Liu et al., 2024), MS2
(Shin et al., 2023), SYNS (Adams et al., 2016), UASOL (Bauer et al., 2019), and VB-Rome (Brizi
et al., 2024). These datasets typically capture highly accurate ground-truth via LiDAR or a laser
scanner, making them suitable for benchmarking.

2.3 MONOCULAR AND VIDEO DEPTH ESTIMATION

Monocular depth estimation is a long-standing and fundamental task in computer vision. Many
methods (Bhat et al., 2021; 2023; Eigen et al., 2014; Piccinelli et al., 2024; Hu et al., 2024; Yin
et al., 2023) estimate depth with metric scale, supervised using data from RGB-D cameras, LiDAR
sensors, and calibrated stereo cameras. Other methods predict depth up to a shift and scale (Li &
Snavely, 2018; Ranftl et al., 2020; Yang et al., 2024a;b), allowing them to leverage a much wider va-
riety of data, such as reconstructions from structure-from-motion algorithms (Li & Snavely, 2018).
MiDaS (Ranftl et al., 2020), in particular, was the first work to popularize mixing large datasets
from various domains for training. Recently, Marigold (Ke et al., 2024) shows the importance of
using high-quality synthetic data for fine-grained predictions. DepthAnything (Yang et al., 2024a;b)
fine-tunes foundational priors from DINOv2 while scaling up both real and synthetic data. MoGe
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Table 1: Datasets used in StereoBench. StereoBench contains ˜20k frames taken from hundreds of
real and synthetic videos, all with high-quality ground-truth. We report both the total each of images
in the dataset, and the number of sampled frames for StereoBench evaluation. (1): Synthetic data.
(2): Real data.

Dataset Total Sampled Sampled Avg Sampled Domain# Images # Sequences # Images Video Length

(1)

Eden 46455 369 4793 13 Nature Scenes
IRS 26599 8 2533 345 Indoor Homes

MidAir 26369 20 2700 138 Landscapes
TartanAirV2 13961 8 1686 211 Indoor+Outdoor

UnrealStereo4k 8200 9 820 91 Urban

(2)

BotanicGarden 1397 32 1397 44 Nature Scenes
KITTI 1605 45 1605 36 Driving

MS2 1631 20 1631 82 Driving (Night+Rain)
SYNS 1244 74 1244 17 Outdoor+Nature

VB-Rome 1181 8 1181 148 Urban

(Wang et al., 2025c) achieves high-quality geometry prediction via careful data curation, optimal
alignment, and loss design. Simultaneously, several works explore video depth estimation, either by
scaling up DINOv2-based monocular architectures (Chen et al., 2025), fine-tuning video diffusion
backbones (Zhu et al., 2025), or combining video diffusion with monocular priors (Xu et al., 2025).

2.4 MULTI-VIEW GEOMETRY ESTIMATION

Rather than designing specific methods for distinct reconstruction tasks, such as monocular and
stereo depth estimation, recent works have shown great promise in solving all reconstruction tasks
jointly with a single feed-forward architecture. Enabled by recent advances in deep learning, recent
methods like DUSt3R (Wang et al., 2024b), VGGSfM (Wang et al., 2024a), and VGGT (Wang
et al., 2025a) can accept multiple unposed input images, performing feed-forward reconstruction by
scaling up transformers on large datasets. In particular, DUSt3R (Wang et al., 2024b) and its metric-
scale followup MASt3R (Leroy et al., 2024) take two unposed images as input and predict intrinsics,
extrinsics, and scene geometry as a coupled pointmap representation. Recent works extend this
paradigm with a memory mechanism (Wang & Agapito, 2025; Wang et al., 2025b; Cabon et al.,
2025). Building on top of VGGT (Wang et al., 2025a), which modifies the DUSt3R architecture to
support multi-view input and output, Pi3 (Wang et al., 2025e) removes the need for a fixed reference
view, and MapAnything (Keetha et al., 2025) allows conditioning on optional input modalities.

3 STEREOBENCH

Geometry estimation methods have historically fallen into different categories, such as monocular,
stereo, multi-view, and video depth estimation, each with their own standard baselines, datasets, and
evaluation metrics. As a result, previous literature lacks a comprehensive and fair comparison be-
tween stereo depth estimation and other categories of feed-forward geometry prediction, particularly
on messy real-world data. To address this, we introduce a detailed benchmark called StereoBench:
given an input stereo RGB video from one of 10 diverse datasets, we predict the per-frame depth
map of the video up to scale. We describe the datasets, method, and evaluation metrics below.

3.1 DATASETS

As shown in Fig. 1, StereoBench includes 10 diverse real and synthetic datasets spanning diverse
domains, each with high-quality ground-truth. For real datasets, we include BotanicGarden (Liu
et al., 2024), KITTI 2012 (Geiger et al., 2012), MS2 (Shin et al., 2023), SYNS (Adams et al.,
2016), and VB-Rome (Brizi et al., 2024). Collectively, these span diverse environments such as
natural foliage, autonomous driving, driving in unique weather conditions, as well as both urban
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BotanicGarden KITTI MS2 SYNS VB-Rome

Eden IRS MidAir TartanAirV2 UnrealStereo4k

Figure 1: Sample images from datasets used in StereoBench. StereoBench contains diverse
scenery representative of common stereo use cases, including nature scenes, driving, urban areas,
landscapes, and indoor homes.

and rural scenes across multiple countries. To ensure accurate ground-truth, all real-world datasets
are captured with stereo RGB alongside high-quality LiDAR or laser scanners (e.g. Ouster OS0-
128, Velodyne HDL-64E, Velodyne VLP16). For synthetic datasets, we include Eden (Le et al.,
2021), IRS (Wang et al., 2021), MidAir (Fonder & Droogenbroeck, 2019), TartanAirV2 (Wang et al.,
2020), and UnrealStereo4k (Tosi et al., 2021). These datasets span indoor homes, gardens, natural
landscapes, and synthetic structures such as supermarkets, factories, and caves. Due to the large
size of synthetic datasets, we randomly select about 10% of the videos as the test split, with several
thousand images per dataset (see Tab. 1 for more details). Compared to standard benchmarks such
as Middlebury (Scharstein et al., 2014) and ETH3D (Schops et al., 2017), our evaluation is much
larger and contains more diverse real and synthetic environments.

3.2 METHODS

We evaluate 18 methods across three categories of feed-forward geometry prediction methods:
monocular depth, stereo depth, and video or multi-view.

1. We include six state-of-the-art monocular depth models spanning major design choices:
Depth Anything V2 (Yang et al., 2024b), Depth Pro (Bochkovskii et al., 2025), Lotus
(He et al., 2025), Metric3Dv2 (Hu et al., 2024), MoGeV2 (Wang et al., 2025d), and
UniDepthV2 (Piccinelli et al., 2025). These include both diffusion and DINOv2-based
models, affine-invariant and metric-scale predictions, as well as models that focus mainly
on sharp geometry prediction vs. accurate relative or metric-scale depth.

2. We include six SOTA stereo depth models: CREStereo (Li et al., 2022), FoundationStereo
(Wen et al., 2025), DUSt3R (Wang et al., 2024b), MASt3R (Leroy et al., 2024), UFM
(Zhang et al., 2025), and UniMatch (Xu et al., 2023b). Of these, the former two are de-
signed for pure stereo depth estimation given perfect stereo pairs. DUSt3R and MASt3R
are designed for unconstrained stereo depth estimation given unposed images. The latter
two are designed for optical flow: we use the horizontal flow for stereo evaluation.

3. Finally, we include six multi-view geometry models: VGGT (Wang et al., 2025a), Pi3
(Wang et al., 2025e), MapAnything (Keetha et al., 2025), Metric Video Depth Anything
(Chen et al., 2025), Aether (Zhu et al., 2025), and GeometryCrafter (Xu et al., 2025).
Of these, the former three perform unconstrained multi-view geometry estimation given
unposed images, while the latter three perform video depth estimation.

3.3 EVALUATION METRICS

Monocular, stereo, video and multi-view geometry estimation methods typically use different eval-
uation metrics, making it hard to compare results across domains. Monocular methods typically re-
port relative depth error (AbsRel), RMSE, and inlier rates (typically at a 25% threshold), often after
performing a scale or scale+shift alignment between predictions and ground-truth. Stereo methods
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typically report disparity metrics, such as endpoint error and inlier rates at various pixel or relative
thresholds. Multi-view methods often report chamfer distance metrics (Wang et al., 2025a).

To accommodate all three method categories, our benchmark will report standard depth met-
rics for all three method categories following (Eigen et al., 2014), including AbsRel error
( 1
|T |

∑
y∈|T |

|y−y∗|
y∗ ) and inlier rate at a 1.25 threshold (% of yi s.t.max( yi

y∗
i
,
y∗
i

yi
) < 1.25). We con-

sider two main tasks: monocular depth estimation and video depth estimation. For both tasks, we
perform scale alignment between the predictions and ground-truth, following the optimal alignment
procedure in (Wang et al., 2025c). All metrics are computed over videos, then averaged across the
videos in a dataset. To assess the quality of metric scale prediction, we also report the average
Scale Ratio produced by alignment of predictions to ground-truth, in a similar manner as AbsRel:
max(s, 1

s ) where s minimizes 1
|T |

∑
y∈T

|sy−y∗|
y∗ . Note that the minimum value of Scale Ratio is 1,

if no scale alignment is needed. Finally, we report the average rank of each method according to the
δ1 metric. Our code and results will be publicly released.

To obtain additional insights on how the same model performs on different tasks, we also evaluate
multi-view and video methods on monocular and stereo depth estimation where appropriate. For
multi-view models such as VGGT, we run N separate monocular or stereo inferences on individual
frames, rather than passing the entire N -frame video at once. For video models, we simply replicate
individual frames to generate a static video.

4 EXPERIMENTS

We conduct empirical experiments on StereoBench to assess the quality of stereo, monocular, and
multi-view geometry prediction. Our experiments aim to address the following research questions:

Q1: How do stereo depth methods and other method categories perform when given real vs. syn-
thetic data, and when computing per-frame depth vs. video depth?

Q2: How do geometric foundation models perform on tasks they were not designed for, compared
to domain-specific models? For example, can VGGT and Pi3 effectively serve as monocular and
stereo depth estimators, even though they were not specifically trained for this task?

Q3: How does stereo rectification impact in-the-wild performance of stereo depth estimation?

4.1 RELATIVE SINGLE-FRAME GEOMETRY ESTIMATION

Task Formulation

We first aim to assess the relative single-frame geometry estimation capabilities for various methods
and datasets. Given a single stereo pair, we input each left frame separately to monocular methods,
input both frames to stereo methods, and provide the entire left video as input to multi-view and
video methods (using a sliding window approach for Aether (Zhu et al., 2025) and GeometryCrafter
(Xu et al., 2025)). We follow (Wang et al., 2025c) (Sec. A.2) and find an optimal per-frame scale
factor between depth predictions and ground-truth: this scale factor is also reported. However,
for methods which require affine-invariant disparity alignment (such as DAv2 (Yang et al., 2024b)
and Lotus (He et al., 2025)), we use the least-squares solver for disparity scale and shift following
VGGSfM (Wang et al., 2024a).

Results

Tab. 2 shows our results on synthetic data, and Tab. 3 shows our results on real data. We share
several key takeaways below:

(1) Stereo depth estimators perform well on synthetic data, but very poorly on real data.
In Tab. 2 and 3, stereo methods (FoundationStereo and CREStereo) rank on top for almost every
synthetic dataset, but are ranked on the bottom for every real dataset (except KITTI, which is a
standard stereo benchmark known for its high quality). There is a significant synthetic-to-real gap
in stereo geometry estimation (over 4x larger error for FoundationStereo: 6.56% → 28.76% AbsRel
and 95.08% → 60.25% δ1 error). Although other method categories also suffer from a synthetic-to-

5



270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

Under review as a conference paper at ICLR 2026

Table 2: Relative single-frame geometry estimation on synthetic data. We report Relp (↓), δp1 (↑),
and Scale Ratio (↓), where Relp and δp1 are percentages.

Average Eden IRS MidAir TartanAirV2 UnrealStereo4k
Method Rank↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓

DepthAnythingV2 11.40 13.28 88.27 N/A 18.91 82.29 N/A 10.65 92.67 N/A 10.37 90.83 N/A 17.80 82.80 N/A 8.65 92.78 N/A
Depth Pro 18.00 21.33 73.78 5.33 13.84 80.15 1.86 11.15 89.95 1.56 12.02 83.71 3.25 20.02 74.81 2.06 49.63 40.27 17.93
Lotus 19.40 17.16 82.04 N/A 20.57 79.69 N/A 12.60 88.29 N/A 14.38 83.08 N/A 27.15 70.27 N/A 11.11 88.88 N/A
Metric3Dv2 19.00 13.25 82.36 1.72 16.19 76.11 1.97 9.98 89.69 1.74 13.89 80.54 2.17 16.68 76.63 1.33 9.51 88.83 1.39
MoGeV2 6.20 7.67 92.49 1.48 9.92 90.65 2.83 6.37 94.41 1.12 4.92 96.96 1.06 13.23 83.31 1.34 3.90 97.13 1.05
UniDepthV2 14.40 13.63 86.34 2.04 8.70 92.57 4.10 9.92 90.84 1.34 20.13 79.89 1.88 22.57 74.06 1.75 6.82 94.35 1.13
DUST3R-Mono 24.20 19.61 70.36 13.07 23.04 63.56 3.47 15.05 78.32 4.25 20.99 66.12 37.55 25.58 62.21 10.24 13.41 81.58 9.83
MASt3R-Mono 21.20 15.42 78.36 1.79 19.59 70.27 1.23 13.21 83.03 1.13 16.93 74.55 4.21 21.19 69.12 1.35 6.21 94.82 1.05
MapAnything-Mono 16.00 11.50 85.47 1.64 15.26 78.18 3.18 11.04 87.20 1.38 11.53 85.00 1.44 13.81 82.13 1.13 5.86 94.83 1.09
Pi3-Mono 14.00 10.09 87.89 8.69 13.54 81.28 2.05 9.37 88.98 2.01 6.52 94.98 29.49 14.31 80.77 5.20 6.73 93.43 4.71
VGGT-Mono 9.60 8.27 90.90 9.65 8.53 92.03 2.15 9.72 88.39 2.42 4.27 97.32 30.10 15.08 79.58 7.29 3.73 97.19 6.28

CREStereo 5.60 6.74 93.59 1.03 9.06 93.92 1.02 8.11 91.29 1.05 4.03 96.36 1.00 9.27 89.76 1.04 3.25 96.64 1.02
FoundationStereo 2.00 6.56 95.08 1.04 12.56 95.52 1.01 8.18 92.00 1.14 2.96 97.51 1.01 6.71 92.86 1.03 2.39 97.50 1.02
DUSt3R 20.60 13.90 81.52 15.38 16.27 76.84 4.02 11.09 87.57 4.49 12.30 83.66 46.56 20.37 70.74 11.51 9.50 88.81 10.30
MASt3R 9.80 9.37 90.52 1.92 9.82 90.89 1.19 9.95 89.35 1.13 8.75 91.89 4.78 13.89 83.91 1.45 4.47 96.55 1.04
UFM 16.00 14.68 86.33 1.06 13.06 89.67 1.02 15.57 84.54 1.17 14.07 87.17 1.01 19.31 81.14 1.05 11.40 89.15 1.03
UniMatch 10.20 11.25 88.47 1.35 8.41 94.09 1.01 26.88 71.14 2.64 6.29 93.44 1.01 10.58 87.86 1.06 4.07 95.80 1.04
MapAnything-Stereo 13.40 10.81 86.72 1.65 14.39 79.59 3.21 10.47 88.38 1.39 10.45 87.01 1.44 13.19 83.43 1.13 5.53 95.19 1.10
Pi3-Stereo 5.60 6.94 93.32 8.76 7.63 93.26 2.11 7.34 92.56 2.00 4.73 96.64 29.71 10.16 88.32 5.33 4.82 95.85 4.64
VGGT-Stereo 4.00 6.77 93.39 9.71 7.05 94.42 2.17 8.02 91.65 2.45 3.86 97.48 30.14 11.46 86.04 7.52 3.45 97.35 6.25

Aether 25.60 46.44 40.30 61.17 77.67 14.42 192.73 26.66 54.89 18.14 33.44 49.80 2.50 43.05 36.16 13.80 51.39 46.21 78.66
GeometryCrafter 16.60 21.29 76.90 4.45 15.50 78.65 2.45 8.86 91.99 nan 60.72 39.31 nan 14.10 81.24 5.54 7.27 93.33 5.34
MapAnything-Video 13.40 11.04 86.49 1.64 14.70 79.48 3.18 9.65 90.38 1.31 11.32 85.47 1.48 13.65 82.28 1.14 5.86 94.83 1.09
Pi3-Video 8.60 8.24 91.41 26.91 10.22 88.42 4.46 6.86 93.17 3.74 6.05 95.61 101.92 11.33 86.42 19.72 6.73 93.43 4.71
VGGT-Video 5.20 7.07 93.00 49.38 7.15 93.83 4.53 6.11 94.76 3.70 4.62 97.09 206.09 13.75 82.12 26.29 3.73 97.19 6.28
VideoDA-Metric 20.40 22.09 73.66 2.33 49.46 45.20 5.52 10.39 90.38 1.43 17.30 75.70 1.49 20.93 71.21 1.58 12.40 85.84 1.63

Table 3: Relative single-frame geometry estimation on real data. We report Relp (↓), δp1 (↑), and
Scale Ratio (↓), where Relp and δp1 are percentages.

Average BotanicGarden KITTI MS2 SYNS VB-Rome
Method Rank↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓

DepthAnythingV2 12.20 18.13 81.05 N/A 29.17 70.84 N/A 10.71 89.73 N/A 20.33 74.52 N/A 14.94 84.71 N/A 15.52 85.45 N/A
Depth Pro 16.40 15.93 79.22 1.45 22.50 67.65 1.81 8.45 91.40 1.10 18.74 74.23 1.20 14.67 80.73 1.88 15.32 82.11 1.26
Lotus 17.80 17.57 78.76 N/A 23.78 67.93 N/A 11.87 86.42 N/A 20.73 73.18 N/A 15.42 82.98 N/A 16.07 83.31 N/A
Metric3Dv2 4.80 13.19 84.49 1.33 18.64 75.94 1.58 6.81 93.71 1.09 14.93 82.91 1.11 13.09 82.63 1.68 12.49 87.24 1.19
MoGeV2 4.80 13.46 83.84 1.29 18.83 73.61 1.13 7.14 93.60 1.29 16.65 79.73 1.14 12.64 85.09 1.67 12.05 87.18 1.20
UniDepthV2 3.20 14.33 84.58 1.23 22.28 73.96 1.59 7.33 94.00 1.05 15.75 82.49 1.11 12.67 85.86 1.20 13.64 86.60 1.23
DUST3R-Mono 22.40 18.89 73.40 26.01 26.24 61.28 12.85 11.96 83.54 27.04 20.86 70.13 29.24 17.87 74.62 33.77 17.52 77.43 27.16
MASt3R-Mono 16.60 16.28 78.79 2.89 22.25 69.54 1.88 10.42 87.56 2.41 17.96 75.02 2.29 15.86 78.91 5.16 14.93 82.90 2.71
MapAnything-Mono 11.00 16.26 81.40 1.32 24.59 69.83 1.49 9.05 91.11 1.08 19.45 77.41 1.08 13.31 83.65 1.57 14.90 85.01 1.37
Pi3-Mono 10.00 14.66 82.05 12.10 19.25 73.62 5.12 8.89 90.90 14.11 19.45 76.30 15.42 12.92 83.48 13.03 12.80 85.96 12.82
VGGT-Mono 18.60 15.38 77.69 14.51 19.88 68.22 6.44 9.17 88.97 18.89 17.93 73.56 16.97 14.93 77.54 16.46 14.99 80.15 13.77

CREStereo 16.40 26.60 62.95 1.39 32.52 57.86 1.32 6.58 94.20 1.02 19.82 76.90 1.06 28.64 53.21 1.83 45.45 32.58 1.74
FoundationStereo 17.00 28.76 60.25 1.58 35.11 55.23 1.59 5.92 94.93 1.01 21.03 75.77 1.10 38.38 39.42 2.65 43.36 35.90 1.55
DUSt3R 19.20 17.12 77.42 27.01 22.83 68.98 13.52 10.19 87.23 27.71 19.59 73.13 30.23 16.41 77.03 35.06 16.56 80.72 28.52
MASt3R 5.80 13.71 84.63 2.91 18.75 78.92 1.96 7.39 92.45 2.61 15.38 81.33 2.33 13.15 85.01 5.27 13.86 85.44 2.38
UFM 24.20 38.91 52.86 16.42 47.97 49.16 1.17 14.44 86.71 1.01 24.37 71.97 1.15 38.59 38.19 2.63 69.20 18.29 76.15
UniMatch 14.80 29.90 60.14 16.79 21.74 69.67 1.16 5.48 94.55 1.01 19.12 77.55 1.08 37.63 38.95 2.56 65.52 19.97 78.12
MapAnything-Stereo 8.20 15.64 82.52 1.30 23.13 72.77 1.48 8.54 91.88 1.07 19.00 78.15 1.07 13.18 83.86 1.55 14.34 85.93 1.34
Pi3-Stereo 3.00 12.73 85.81 12.12 15.96 80.09 5.07 7.26 93.37 14.01 17.36 80.41 15.52 11.80 85.71 13.09 11.29 89.46 12.91
VGGT-Stereo 13.60 14.30 80.26 14.66 17.78 72.88 6.57 8.36 90.55 18.92 16.89 76.03 17.05 14.38 78.56 16.68 14.10 83.28 14.06

Aether 25.20 42.24 41.95 70.10 53.72 27.48 3.24 21.02 63.23 2.97 36.84 40.83 1.87 69.76 25.73 340.48 29.89 52.45 1.93
GeometryCrafter 8.40 14.98 82.36 16.44 22.40 70.99 6.46 7.66 93.12 19.73 17.82 78.20 18.74 14.11 83.20 20.36 12.91 86.30 16.89
MapAnything-Video 12.40 16.30 81.07 1.34 24.35 69.54 1.41 8.67 91.65 1.11 20.22 75.65 1.15 13.31 83.65 1.57 14.98 84.84 1.46
Pi3-Video 6.80 13.86 83.26 41.27 18.51 75.02 25.23 7.07 93.27 40.05 17.94 78.14 70.79 12.92 83.48 13.03 12.86 86.40 57.25
VGGT-Video 15.20 14.36 79.00 86.37 18.91 70.22 37.85 8.44 90.48 63.31 16.47 76.60 201.27 14.93 77.54 16.46 13.05 80.15 112.94
VideoDA-Metric 22.40 23.02 69.64 1.54 38.76 45.74 2.25 12.32 86.81 1.19 20.86 71.43 1.40 24.81 66.73 1.69 18.36 77.50 1.17

real drop in performance, it is much less severe (e.g. for MoGeV2: 7.67% → 13.46% AbsRel and
92.49% → 83.84% δ1 error).
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Table 4: Metric-scale video geometry estimation on synthetic data. Relp and δp1 are percentages.
Average Eden IRS MidAir TartanAirV2 UnrealStereo4k

Method Rank↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓

DepthAnythingV2 19.20 54.41 48.32 N/A 79.41 39.15 N/A 72.92 36.24 N/A 41.44 38.82 N/A 69.57 34.67 N/A 8.70 92.71 N/A
Depth Pro 19.40 47.57 44.88 6.25 79.12 31.05 1.77 30.08 72.29 5.91 45.50 27.76 2.10 33.18 53.31 3.46 49.98 40.00 18.00
Lotus 19.80 55.10 47.33 N/A 71.74 42.23 N/A 76.69 33.82 N/A 38.94 40.38 N/A 77.06 31.36 N/A 11.09 88.85 N/A
Metric3Dv2 14.60 23.53 62.47 1.70 35.24 44.90 2.03 14.45 83.16 1.72 31.30 39.73 1.96 27.16 55.74 1.42 9.51 88.84 1.39
MoGeV2 5.80 12.87 82.83 1.48 21.72 63.09 2.85 9.88 92.21 1.10 6.43 96.68 1.06 22.41 65.05 1.32 3.90 97.12 1.05
UniDepthV2 9.60 18.99 79.93 2.15 11.00 89.98 4.10 17.57 80.18 1.29 22.48 80.81 2.19 37.01 54.36 2.06 6.90 94.32 1.13
DUST3R-Mono 24.20 42.69 38.43 11.26 66.19 29.50 3.43 41.63 27.98 3.28 40.79 30.46 32.57 51.46 22.66 7.16 13.41 81.58 9.83
MASt3R-Mono 17.80 31.33 52.20 1.71 46.52 39.41 1.40 29.47 51.63 1.21 37.67 33.23 3.54 36.77 41.89 1.34 6.21 94.82 1.05
MapAnything-Mono 12.60 22.65 64.27 1.67 36.58 42.34 3.37 22.88 65.16 1.36 27.34 46.94 1.36 20.61 72.06 1.15 5.86 94.83 1.09
Pi3-Mono 17.00 30.09 50.65 7.51 39.19 45.21 2.05 34.98 36.32 1.68 29.97 44.11 25.15 39.60 34.19 3.95 6.73 93.42 4.71
VGGT-Mono 14.80 30.40 50.95 8.36 38.10 46.72 2.09 39.54 31.21 1.92 28.16 47.61 26.12 42.46 32.00 5.41 3.73 97.19 6.28

CREStereo 4.00 7.32 93.77 1.02 10.24 93.32 1.03 9.25 91.85 1.02 4.03 96.55 1.00 9.82 90.52 1.00 3.25 96.64 1.02
FoundationStereo 1.00 7.07 95.54 1.01 12.65 95.81 1.00 10.79 93.06 1.03 2.83 97.79 1.00 6.69 93.55 1.00 2.39 97.50 1.02
DUSt3R 22.40 37.89 43.48 13.35 57.78 34.67 3.80 39.26 30.72 3.60 35.53 37.17 40.75 47.38 26.03 8.30 9.50 88.81 10.30
MASt3R 13.80 27.09 57.70 1.74 37.09 47.87 1.34 27.62 57.97 1.18 34.40 38.34 3.80 31.89 47.75 1.32 4.47 96.55 1.04
UFM 9.20 16.39 85.49 1.08 13.86 89.92 1.01 22.26 79.53 1.37 14.09 87.19 1.01 20.35 81.65 1.01 11.40 89.15 1.03
UniMatch 7.00 13.72 86.51 1.61 9.52 93.43 1.05 37.02 60.64 3.97 6.47 93.60 1.00 11.55 89.07 1.00 4.07 95.81 1.04
MapAnything-Stereo 11.20 22.00 65.36 1.67 35.55 43.43 3.40 22.37 66.60 1.37 26.46 48.49 1.36 20.08 73.10 1.15 5.53 95.19 1.10
Pi3-Stereo 13.40 28.22 53.15 7.55 34.92 50.13 2.04 34.50 37.99 1.70 29.40 45.26 25.23 37.45 36.53 4.12 4.82 95.85 4.64
VGGT-Stereo 13.60 29.49 51.99 8.40 37.09 47.01 2.09 38.58 33.29 2.00 27.91 47.63 26.06 40.42 34.67 5.60 3.45 97.34 6.25

Aether 25.80 71.89 17.62 904.83 100.59 2.78 4202.80 61.56 18.51 89.10 62.83 14.99 5.98 81.84 6.74 126.91 52.62 45.08 99.34
GeometryCrafter 16.20 33.58 55.92 4.31 33.14 48.79 2.42 27.30 61.40 nan 71.61 25.05 nan 28.60 51.04 5.15 7.27 93.32 5.34
MapAnything-Video 8.60 18.74 72.24 1.65 32.02 49.53 3.32 14.34 84.31 1.27 22.60 57.79 1.43 18.89 74.74 1.14 5.86 94.83 1.09
Pi3-Video 6.80 10.83 87.59 26.87 15.30 77.73 4.42 8.09 92.54 3.74 7.98 94.68 101.54 16.06 79.58 19.96 6.73 93.42 4.71
VGGT-Video 4.40 9.58 89.20 49.28 8.62 92.52 4.55 8.70 91.96 3.75 5.64 97.07 205.58 21.23 67.25 26.24 3.73 97.19 6.28
VideoDA-Metric 18.20 32.55 56.44 2.36 69.37 29.19 5.72 13.64 86.32 1.42 35.04 33.38 1.37 32.33 47.48 1.67 12.40 85.82 1.63

(2) Geometric foundation models do not suffer from a large synthetic-to-real quality gap.
Indeed, Pi3-Stereo is the best-performing model on average in Tab. 3, outperforming even dedi-
cated approaches such as MASt3R. Pi3-Stereo improves from among the top 3 methods to the best-
performing method on average after switching from synthetic to real data (Rank 5.40 → Rank 2.80).
Among other geometric foundation models, although VGGT-Stereo has a significant synthetic-to-
real domain gap (going from Rank 4.00 with synthetic data to Rank 13.60 with real data), the gap
is still smaller than stereo methods. MapAnything-Stereo actually improves in the rankings from
synthetic to real (Rank 13.40 to Rank 8.20).

(3) Domain-specific models outperform multi-view models repurposed for specific tasks.
With the exception of multi-view models repurposed for stereo, where stereo depth estimators suf-
fer from a substantial synthetic-to-real gap, the monocular versions of multi-view models such as
Pi3 and VGGT perform slightly worse than domain-specific depth models (in Tab. 3: Rank 10.00
for Pi3-Mono compared to Rank 3.20 for UniDepthV2). Similarly, for synthetic data in Tab. 2,
Pi3Stereo (Rakn 5.60) and VGGTStereo (Rank 4.00) are on par with CREStereo (Rank 5.60), but
have not yet reached the quality of FoundationStereo (Rank 2.00). However, the gap seems to be
closing as models improve.

4.2 METRIC-SCALE VIDEO GEOMETRY ESTIMATION

Task Formulation

Beyond per-image relative depth estimation, we also aim to evaluate metric-scale video geometry
estimation, which is more often the desired task in reconstruction pipelines. Given a stereo video,
we input each left frame separately to monocular methods, input both frames to stereo methods, and
provide the entire left video as input to multi-view and video methods. As before, we follow (Wang
et al., 2025c) to find an optimal per-video scale factor between depth predictions and ground-truth,
and use alternative affine disparity alignments for DAv2 and Lotus.

Results

Tab. 4 shows our results on synthetic data, and Tab. 5 shows our results on real data. We share
several key takeaways below:
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Table 5: Metric-scale video geometry estimation on real data. Relp and δp1 are percentages.
Average BotanicGarden KITTI MS2 SYNS VB-Rome

Method Rank↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓

DepthAnythingV2 15.40 29.70 61.85 N/A 51.85 40.71 N/A 17.84 75.79 N/A 28.51 55.05 N/A 15.42 84.53 N/A 34.88 53.19 N/A
Depth Pro 16.00 22.92 64.98 1.42 38.43 37.66 1.74 12.41 85.78 1.11 21.11 68.67 1.18 14.67 80.80 1.90 27.99 52.01 1.18
Lotus 14.20 25.95 65.78 N/A 30.53 57.48 N/A 19.07 71.94 N/A 31.42 58.69 N/A 15.51 82.96 N/A 33.24 57.85 N/A
Metric3Dv2 4.00 14.19 82.98 1.31 19.19 75.35 1.50 7.34 93.50 1.09 15.11 82.79 1.11 13.08 82.62 1.68 16.24 80.65 1.16
MoGeV2 4.20 16.02 80.10 1.29 22.62 66.12 1.14 8.65 92.99 1.29 18.48 76.92 1.15 12.64 85.09 1.66 17.68 79.35 1.21
UniDepthV2 4.20 18.04 77.59 1.25 27.74 60.15 1.63 8.48 93.42 1.05 16.10 82.12 1.10 12.68 85.79 1.20 25.18 66.49 1.28
DUST3R-Mono 19.40 26.30 58.43 24.91 38.11 39.15 12.74 15.69 77.12 26.82 26.91 53.67 28.02 17.87 74.61 33.77 32.93 47.62 23.18
MASt3R-Mono 20.80 31.32 48.44 2.63 33.99 46.06 1.82 30.34 47.51 2.15 37.98 34.08 1.88 15.86 78.92 5.16 38.45 35.64 2.16
MapAnything-Mono 10.00 21.05 72.55 1.33 30.76 57.38 1.49 11.76 87.15 1.09 21.32 72.78 1.07 13.31 83.65 1.57 28.11 61.78 1.42
Pi3-Mono 17.00 24.75 60.58 11.13 32.35 43.36 4.75 14.18 81.03 13.88 27.92 51.76 14.34 12.92 83.47 13.03 36.38 43.26 9.65
VGGT-Mono 20.60 26.04 56.90 13.85 38.07 35.26 6.21 15.02 77.87 18.87 26.96 52.22 16.55 14.93 77.54 16.46 35.20 41.60 11.15

CREStereo 12.40 28.45 61.12 1.40 30.34 57.06 1.19 6.42 94.38 1.01 19.32 78.39 1.04 28.62 53.22 1.83 57.54 22.53 1.94
FoundationStereo 13.80 35.20 54.33 1.64 38.35 49.49 1.73 5.87 95.00 1.01 20.14 77.17 1.04 38.37 39.40 2.65 73.29 10.58 1.79
DUSt3R 17.20 24.73 61.48 25.88 35.13 43.95 13.24 14.17 80.94 27.46 25.64 55.96 28.82 16.41 77.02 35.05 32.30 49.52 24.85
MASt3R 17.20 29.32 53.96 2.69 30.91 53.93 1.91 28.59 52.31 2.36 37.88 37.60 1.97 13.15 85.03 5.27 36.08 40.95 1.95
UFM 18.40 40.16 51.17 22.60 48.13 48.78 1.18 14.47 86.68 1.01 26.65 69.06 1.21 38.60 38.22 2.63 72.97 13.11 106.97
UniMatch 11.20 30.82 59.23 23.16 22.07 69.62 1.19 5.50 94.54 1.01 18.52 78.76 1.04 37.59 39.17 2.55 70.44 14.05 110.02
MapAnything-Stereo 8.60 20.48 73.88 1.32 29.52 59.78 1.49 11.29 88.37 1.08 20.66 74.35 1.06 13.18 83.85 1.55 27.77 63.03 1.41
Pi3-Stereo 14.00 23.52 62.80 11.20 30.30 46.99 4.70 13.44 82.59 13.81 26.72 53.19 14.44 11.79 85.70 13.09 35.32 45.52 9.97
VGGT-Stereo 19.60 25.61 57.82 13.92 37.53 36.10 6.21 14.66 78.74 18.89 26.53 52.98 16.57 14.38 78.57 16.68 34.98 42.73 11.24

Aether 25.00 59.29 25.23 483.01 91.47 2.87 1974.70 23.33 57.86 3.13 55.79 21.48 10.19 71.98 23.94 421.87 53.89 20.02 5.14
GeometryCrafter 9.20 19.52 73.80 16.22 29.89 55.02 6.44 9.38 91.27 19.73 19.75 75.24 18.82 14.11 83.18 20.36 24.48 64.28 15.75
MapAnything-Video 8.00 20.01 74.48 1.34 28.80 61.26 1.40 10.45 89.63 1.10 21.92 71.12 1.13 13.31 83.65 1.57 25.58 66.75 1.48
Pi3-Video 5.80 15.95 79.49 41.28 21.63 69.68 25.39 7.99 92.85 40.02 18.83 76.58 71.11 12.92 83.47 13.03 18.40 74.86 56.83
VGGT-Video 8.80 16.08 76.86 87.20 22.11 65.25 38.94 9.86 89.87 63.83 18.00 73.85 201.67 14.93 77.54 16.46 15.51 77.80 115.09
VideoDA-Metric 15.40 25.15 65.22 1.51 41.13 39.43 2.05 12.93 85.94 1.19 21.27 70.20 1.36 24.82 66.69 1.69 25.59 63.83 1.26

(1) On real data, per-frame metric monocular depth outperforms other method categories.
In Tab. 5, monocular methods such as Metric3Dv2, MoGeV2, and UniDepthV2 surprisingly outper-
form methods specifically designed for multi-view or video depth, even when the monocular meth-
ods are inferred separately per-frame. Metric3Dv2 and MoGeV2 achieve Rank 4.00 and 4.20, while
Pi3-Video, VGGT-Video, and VideoDA-Metric achieve Rank 5.80, 8.80, and 15.40 respectively.
This suggests that even when the goal is video depth estimation, monocular geometry estimation
is a strong baseline. High-quality metric-scale video depth estimation remains a hard task, as even
temporally-inconsistent per-frame monocular depth can outperform existing arts.

(2) A key advantage of stereo is perfect metric scale estimation given accurate calibration.
Assuming high-quality stereo pairs with accurate intrinsics and stereo baseline, no other methods
can come close to stereo at metric scale estimation: this can be seen for synthetic data in Tab.
4 and for high-quality real benchmarks such as KITTI in Tab. 5. The best data-driven method for
monocular scale estimation on KITTI is UniDepthV2, and it still has a 5% scale error, compared to a
1% scale error for all stereo methods. However, the poor performance of stereo on many in-the-wild
datasets suggests that this finding may not be useful in practice.

(3) Metric scale errors dominate over relative depth errors when evaluating video depth.
For every method category (except stereo depth estimation on synthetic or high-quality benchmark
data), the magnitude of metric scale errors is larger than the magnitude of relative errors, even when
scale alignment is performed over the entire video. For example, in Tab. 5, UniDepthV2 has a 25%
scale error on average, but a 18% relative depth error on average. This suggests that data-driven
models lack an extremely precise understanding of metric scale.

4.3 IMPACT OF ONLINE STEREO RECTIFICATION

As stereo depth estimation requires rig-rectified and undistorted stereo pairs, there are an abundance
of classical methods for offline stereo calibration (Loop & Zhang, 1999) as well as online stereo
rectification given correspondences (Hansen et al., 2012; Hartley, 1999). To validate whether errors
in stereo calibration (e.g. rig rectification and undistortion) are responsible for poor stereo geometry
estimation in the real world, we preprocess all real-world stereo datasets with a rectifying homogra-
phy algorithm to obtain rectified stereo pairs with horizontal scanlines. We then evaluate all stereo
methods on these online-rectified stereo pairs.

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

Table 6: Metric-scale video geometry estimation on real and synthetic data for stereo methods, when
online stereo rectification is applied. Relp and δp1 are percentages. Although online rectification
can improve the performance of stereo algorithms such as CREStereo and FoundationStereo, the
improved versions still lag behind per-frame monocular depth results in Tab. 5.

Average BotanicGarden KITTI MS2 SYNS VB-Rome
Method Rank↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓ Relp ↓ δp1 ↑ Scale↓

CREStereo 5.40 19.50 75.46 1.15 28.01 61.55 1.18 5.81 94.98 1.03 19.39 78.43 1.05 18.92 75.22 1.31 25.38 67.12 1.15
FoundationStereo 6.20 21.07 73.55 1.25 33.74 54.70 1.55 5.37 95.45 1.03 20.60 76.59 1.05 21.50 71.06 1.39 24.12 69.97 1.23
DUSt3R 16.20 26.27 57.65 23.74 35.75 41.68 12.56 14.90 78.77 28.36 25.67 55.67 27.95 21.16 67.73 26.10 33.88 44.41 23.71
MASt3R 13.20 28.53 54.41 2.32 30.09 54.64 1.94 33.21 44.03 2.06 35.31 41.04 1.85 13.06 83.15 3.75 31.00 49.19 1.99
UFM 10.60 28.89 68.35 1.73 45.87 50.58 1.18 13.07 88.00 1.03 25.67 71.41 1.24 21.28 70.00 1.35 38.56 61.78 3.86
UniMatch 5.60 19.95 75.94 1.70 22.19 69.73 1.18 5.54 94.45 1.04 18.61 78.63 1.06 19.43 72.79 1.34 34.00 64.10 3.86
MapAnything-Stereo 9.20 21.54 71.04 1.29 31.64 53.13 1.60 11.53 88.74 1.09 21.21 74.13 1.04 15.52 78.73 1.42 27.79 60.46 1.30
Pi3-Stereo 12.20 23.58 61.91 10.38 29.83 47.29 4.62 13.33 82.37 13.34 26.72 53.30 13.42 12.88 83.42 10.93 35.14 43.18 9.56
VGGT-Stereo 15.60 25.84 56.80 13.65 35.25 38.78 6.26 14.14 80.78 19.97 28.66 48.86 16.33 18.99 70.41 13.52 32.15 45.17 12.15

Implementation Details

We follow the approach in (Hansen et al., 2012) (Eq. 1-8), which computes an online rectifying
homography RL,RR given pairs of image correspondences. Here, RL and RR are rotation matrices
which separately rotate the left and right camera coordinate systems, to ensure correct stereo rig
calibration (i.e. zero relative rotation and only horizontal translation). Specifically, for each input
video, we compute image correspondences using a state-of-the-art flow model (Zhang et al., 2025).
As we assume that the stereo rig rectification is fixed across an input video, we concatenate optical
flow correspondences across the entire video, and estimate a single RL and RR per video via non-
linear least squares minimization of epipolar errors.

Results

Our results are available in Tab. 6. Compared to Tab. 5, performing performing online stereo
rectification significantly increases the performance of CREStereo (average δ1 from 61.12 → 75.46)
and FoundationStereo (average δ1 from 54.33 → 73.55). However, alternative methods such as Pi3-
Video (average δ1 = 79.49) and Metric3Dv2 (average δ1 = 82.98) remain more competitive.

5 CONCLUSION

We introduce StereoBench, a benchmark for stereo, monocular, and multi-view geometry estimation
comparing 18 methods across 10 diverse datasets within a unified evaluation protocol. We discover
several key findings: (1) Stereo methods perform surprisingly poorly on real-world datasets, despite
ranking above all other models on both high-quality benchmarks and out-of-domain synthetic data.
(2) In contrast, data-driven methods such as monocular depth and multi-view geometric foundation
models do not suffer from large synthetic-to-real gaps. On real data, per-frame monocular depth
outperforms most other model categories at video depth prediction. (3) Although online stereo rec-
tification can partially improve stereo performance on real-world data, it also worsens performance
on well-calibrated datasets, and cannot fully account for stereo depth’s synthetic-to-real gap. We
will continue updating our benchmark to support all datasets, methods, and evaluation metrics that
are of interest to the community. We hope that our benchmark inspires future research in robust
real-world stereo depth estimation on practical in-the-wild data.

Reproducibility statement. All data, evaluation code, and benchmarks will be publicly released.
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