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Dataset Baseline Setting #Samples Year

NeRF-Stereo [24] ¶ �Ñ 27K 2023
SceneSplat [13] ¶ Ñ 5K 2025

TartanAir [28] 25 cm �Ñ 306K 2020
Dynamic Replica [9] ¶ Ñ 145K 2023
IRS [27] 10 cm Ñ 103K 2021
Falling Things [25] 6 cm �Ñ 61K 2018
LayeredFlow [31] ¶ Ñ 31K 2024
VKITTI2 [4] 53.3 cm � 21K 2020
InfinigenSV [6] ¶ � 17K 2024
SimStereo [7] 16 cm Ñ 14K 2022
UnrealStereo4K [23] ¶ �Ñ 8K 2021
Spring [14] ¶ � 5K 2023
PLT-D3 [22] 12 cm � 3K 2024
Sintel [3] 10 cm � 1K 2012

Table 1: Training data. Stereo datasets used for mixed training
of StereoSpace. For each dataset, we report the baseline (fixed
value when available, ¶ indicates a variable baseline), scene type
(indoor Ñ or outdoor �), the number of samples, and the release
year. Datasets above the dotted line . . . . . are multi-baseline.

Section 1 reports additional details concerning the training
of StereoSpace, Section 2 describes the main conditioning
mechanisms used to allow for camera control, Section 3 de-
scribes the evaluation split composition in detail and finally
Section 5 shows further qualitative results.

1. Training Details

Dataset Composition. Our training data is drawn from 14
publicly available data sources. Here, we provide additional
statistics in Tab. 1 for the stereo datasets. We report the
nominal baseline, whether a dataset primarily contains in-
door or outdoor scenes, the number of training stereo pairs
and the release year, respectively. Together, these sources
cover a diverse range of camera baselines, scene scales, and
photorealism levels.
Disparity Supervision. Most datasets provide ground-truth
left-to-right and right-to-left disparity maps. When some
direction is missing, we infer the respective disparity using a
strong off-the-shelf stereo matcher (FoundationStereo [30]),
and treat the resulting pair as pseudo-ground-truth. Having
both directions is required to compute the left–right consis-
tency mask used in the warping loss (Sec. 3.3 in the main pa-
per), which restricts supervision to pixels that are co-visible
in the source and target views. The synthetic LayeredFlow
dataset is a notable exception: its multi-layer depth represen-

Figure 1. Plücker coordinates of line ℓ are given by the 6D
homogeneous vector (d, m).

tation violates the single-surface assumption underlying our
view warping formulation. Therefore, for LayeredFlow sam-
ples, we disable the warping loss and re-weight the training
batches accordingly.

Rendered Multi-Baseline Tuples. For SceneSplat-7K [13],
we derive multi-baseline, rectified stacks from the pre-
optimized Gaussian splats. We restrict to the Hypersim [18],
Replica [20], and ScanNet++ [33] subsets, filtering scenes
using the dataset-provided PSNR, SSIM, LPIPS, and depth
ℓ1 metrics to discard photometrically or geometrically un-
stable reconstructions. Within each retained scene, we form
candidate stacks with moderate baselines and subsamples up
to 20 diverse bundles via k-means over stack centroids per
splat. Each selected stack is rendered to RGB and depth with
a small global focal-length scaling jitter, and stacks with
insufficient geometric support are removed based on simple
depth- and opacity-based heuristics.

Training Schedule. StereoSpace, including all its tested
variations, is trained for 3 epochs, corresponding to approxi-
mately 48.6 K optimizer steps. This schedule matches the
GenStereo [16] setup and ensures a comparable training bud-
get between variants in the ablation study (Sec. 4.4). We also
experimented with the extension of training to 5 epochs, but
observed saturated performance and no consistent improve-
ment relative to added computation, so all reported results
adhere to the 3-epoch schedule. In contrast to prior work,
StereoSpace is trained in both stereo directions (left→right
and right→left). Empirically, this bidirectional supervision
did not degrade performance, while enabling inference-time
stereo generation in either direction, whereas competing
approaches typically support only the left→right direction.



Dataset Metric GenStereo Lyra StereoSpace (ours) StereoDiffusion ZeroStereo

Middlebury
PSNR ↑ 18.54 18.06 17.04 17.06 17.48
SSIM ↑ 0.5989 0.5793 0.5410 0.5246 0.5372
LPIPS ↓ 0.184 0.247 0.234 0.304 0.264

DrivingStereo
PSNR ↑ 24.95 24.25 23.44 22.89 23.64
SSIM ↑ 0.7939 0.7792 0.7424 0.7365 0.7511
LPIPS ↓ 0.136 0.172 0.164 0.193 0.170

Booster
PSNR ↑ 21.74 23.21 21.91 20.42 18.69
SSIM ↑ 0.7348 0.7813 0.7351 0.6986 0.5733
LPIPS ↓ 0.237 0.196 0.202 0.322 0.443

LayeredFlow
PSNR ↑ 17.44 18.67 17.67 17.08 15.83
SSIM ↑ 0.5912 0.6327 0.5940 0.5957 0.4421
LPIPS ↓ 0.370 0.321 0.335 0.433 0.521

Table 2: Evaluation with conventional metrics – PSNR, SSIM, LPIPS. Experiments on Middlebury [19], DrivingStereo [32], Booster
[17] and LayeredFlow [31].

2. Viewpoint Conditioning

In this section, we recall the principles behind the condition-
ing mechanisms used by StereoSpace.
Plücker rays. A 3D line ℓ can be represented by a point
o ∈ R3 and a (unit) direction d ∈ R3 (Fig. 1). Its Plücker
(Grassmann) coordinates are the homogeneous 6D vector

ℓ ≡ (d, m), m = o× d. (1)

By construction d·m = 0 (the Plücker constraint), and for
any other point o′ = o + λd on the same line we have
(o′ × d) = m. Hence, Plücker coordinates are invariant
to sliding o along the line, which makes them a natural
parametrization of camera rays [5].

For a pinhole camera with center c (in world coordinates),
the ray through the pixel (i, j) has Plücker coordinates ℓij =
(dij ,mij) with

mij = c× dij . (2)

We form dense Plücker embeddings Fplucker ∈ R6×H×W by
concatenating (dij ,mij) for each pixel of an image of size
(H,W ). Because (d,m) are homogeneous, s(d,m) with
s ̸=0 represents the same (unoriented) line. For rays, we fix
this gauge by normalizing ∥d∥ = 1 and choosing the sign
so that d points from the camera into the scene.

This representation encodes the camera geometry in a
distributed way: instead of a single global pose vector, each
pixel’s ray is tagged with a 6D vector that implicitly con-
tains the camera intrinsics and extrinsics for that viewline.
Thus, the diffusion model can, in principle, attend to the 3D
configuration of rays when conditioning on the view.

Plücker coordinates also admit simple expressions for
line-line relations. Given two rays ℓk = (dk,mk), the
reciprocal product

⟨ℓ1, ℓ2⟩ = d1 ·m2 + d2 ·m1 (3)

vanishes iff the two rays are coplanar (i.e., they intersect or
are parallel) [5]. For non-parallel rays, their shortest distance
is

d(ℓ1, ℓ2) =

∣∣d1 ·m2 + d2 ·m1

∣∣
∥d1 × d2∥

. (4)

Rays that image the same 3D point are coplanar and intersect,
and rays to nearby points have small reciprocal product and
line-line distance. Importantly, these quantities are bilinear
in (d,m), so they can be implemented by linear projections
and dot products on Fplucker.

Although the computation of such expressions is not en-
forced explicitly in the network, Plücker ray embeddings
provide an inductive bias that makes cross-view geometric
consistency easy to test in the input space. Empirically, such
per-pixel ray conditioning has been shown to improve cam-
era pose accuracy and 3D consistency in generative mod-
els [8, 34], and we observe similar benefits. By contrast,
global pose encodings (e.g., Euler angles) offer no direct
notion of pixel-to-pixel correspondences across views and
often suffer from symmetries such as front-back ambiguity.
PRoPE attention. Besides Plücker-ray conditioning, we
also evaluate an attention-level camera encoding based on
Geometric Transform Attention (GTA) [15], CaPE [10],
RoPE [21], and the recent PRoPE [12]. In this variant, each
token t from camera i(t) is associated with (i) a projective
transform derived from the camera’s projection matrix and
(ii) a rotary position embedding of its 2D image coordinates
(xt, yt). Following the GTA framework, these per-token
transforms Dt are multiplied into Q,K, V so that attention
logits depend on the relative projective transform between
the cameras of the query and key tokens, while RoPE handles
within-image spatial relations.

We apply PRoPE-style attention in all cross-attention lay-
ers where the denoising stream attends to reference views.
The PRoPE mechanism complements Plücker embeddings:
both encode the full camera frustum (intrinsics + extrinsics)
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Figure 2. Qualitative results of multiple inferences with varying baseline. StereoSpace naturally supports rendering images captured with
arbitrary baselines, including viewpoints located to the left (negative baseline) and to the right (positive baseline) of the source image.

but at different stages: Plücker rays provide per-pixel geom-
etry in the input channels and ResNet blocks, while PRoPE
aligns token features via the relative projective transform
inside attention. However, as reported in our ablation study,
the combination of the two does not produce any significant
improvement, but Plücker embeddings alone achieve both
the lowest iSQoE and MEt3R scores.

3. Evaluation Sets Composition

We evaluate on four real-world stereo benchmarks: Mid-
dlebury 2014 [19], DrivingStereo [32], Booster [17], and
LayeredFlow [31], none of these datasets are used during
training. For Middlebury 2014, we follow the official eval-
uation protocol and use the same split as GenStereo and
StereoDiffusion. For DrivingStereo, we uniformly sample 50
stereo pairs from the 500 released pairs for each weather con-
dition, yielding 200 evaluation images in total. For Booster,
we report results on the union of the official train and test
splits. For LayeredFlow, we evaluate on the 300 real-world
stereo pairs from the official validation and evaluation splits
of the benchmark. In our mixed training set, we only include
the separate synthetic stereo split of LayeredFlow rendered
in Blender.

4. Evaluation with Conventional Metrics

For the sake of completeness, we report classical metrics
such as PSNR, SSIM, and LPIPS in Tab. 2. In most cases,
StereoSpaces ranks 2nd, just behind either Lyra or Gen-
Stereo. However, as discussed in the paper, these metrics
fail at faithfully assessing both geometric consistency and
perceptual comfort.

5. Qualitative Results

We conclude by reporting additional qualitative results.
Native Multi-baseline Inference. Thanks to our viewpoint
conditioning mechanism and training schedule, StereoSpace
natively supports the generation images at arbitrary hori-
zontal baselines on either side of the input view (Fig. 2).
Warping-based frameworks can also be extended to this set-
ting, but require either manually rescaling the monocular
disparity used for warping or flipping the image to synthe-
size views on the opposite side of the reference image.
MEt3R Score Map Visualization. To better illustrate the
margin in MEt3R [1] scores across methods, we visualize
the per-pixel score maps produced by MEt3R before av-
eraging, which makes local differences between methods
directly observable. Fig. 3 shows results on five samples



Left Image ZeroStereo [29] StereoDiffusion [26] GenStereo [16] Lyra [2] StereoSpace (ours)
Ad
ir
on
da
ck

MEt3R scores: 0.1670 0.2045 0.1311 0.1016 0.0747

Pi
an
o

MEt3R scores: 0.1241 0.1285 0.0709 0.0755 0.0582

Pi
pe
s

MEt3R scores: 0.2342 0.2486 0.1683 0.1573 0.1137

Sh
op
va
c

MEt3R scores: 0.2318 0.1919 0.1471 0.1135 0.0732

St
ic
ks

MEt3R scores: 0.2394 0.3091 0.1938 0.1568 0.1118
Figure 3. Visualization of MEt3R score [1] maps on Middlebury dataset [19]. We report, from left to right, the original left image for
four samples in the dataset, followed by the MEt3R score maps computed between it and the right images generated by different methods.
The coloring is according to the magma colormap, with green regions representing occlusions (discarded by MEt3R when computing the
average score). Under each score map, we report the global score computed by MEt3R (the lower, the better).

from the Middlebury dataset. Overall, warping-based meth-
ods produce higher MEt3R scores, particularly near depth
discontinuities, whereas both Lyra and StereoSpace exhibit
substantially lower scores. We also observe that the overall
quality of the generated images affects the ability of MEt3R
(through its MASt3R [11] backbone) to accurately estimate
the relative transformation between the original and synthe-

sized images. This is visible in the green regions, which
represent areas of the scene that are not overlapping between
the two images. Warping-based solutions show larger non-
overlapping regions at both the top and bottom of the frame,
although these areas should overlap in a stereo setup. By
contrast, such regions are often much narrower (or absent)
in the Lyra and StereoSpace score maps.



Left Image ZeroStereo [29] StereoDiffusion [26] GenStereo [16] Lyra [2] StereoSpace (ours)
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Figure 4. Visualization of MEt3R score [1] maps on LayeredFlow dataset [31]. We report, from left to right, the original left image for
four samples in the dataset, followed by the MEt3R score maps computed between it and the right images generated by different methods.
The coloring is according to the magma colormap, with green regions representing occlusions (discarded by MEt3R when computing the
average score). Under each score map, we report the global score computed by MEt3R (the lower, the better).



Ground truth ZeroStereo [29] StereoDiffusion [26] GenStereo [16] Lyra [2] StereoSpace (ours)

Figure 5. Qualitative results on Middlebury [19] and DrivingStereo [32] datasets.

Fig. 4 collects six samples from the LayeredFlow dataset
[31]. The multi-layered geometry peculiar to these scenes
leads to a significant increase in the MEt3R scores, in partic-
ular for warping-based solutions. As discussed, this effect is

mostly related to the use of estimated depth, which fails to
account for the multiple layers in the scene. On the contrary,
StereoSpace shines in these cases, as it does not inherit the
limitations inherent to warping-based methods.



Ground truth ZeroStereo [29] StereoDiffusion [26] GenStereo [16] Lyra [2] StereoSpace (ours)

Figure 6. Qualitative results on Booster [17] and LayeredFlow [31] datasets.

Further Qualitative Comparisons. Finally, to highlight
the superior realism of StereoSpace, we present extensive
qualitative comparisons with images generated by all com-
peting methods considered in our evaluation. Fig. 5 reports
two samples from Middlebury [19] and two from the Driv-

ingStereo [32] datasets. In the Middlebury examples, we
highlight the bleeding artifacts introduced by ZeroStereo,
as well as the interpolation effects between foreground and
background objects produced by StereoDiffusion, clearly
visible in the Shopvac scene, and both caused by warping.



We can also appreciate how Lyra itself, despite its high real-
ism, tends to introduce oversmoothing. On DrivingStereo,
we observe fewer artifacts due to simpler scene geometry
and smaller disparities from larger depths. Nevertheless,
StereoSpace still demonstrates superior reconstruction of
thin structures.

Fig. 6 shows two scenes from Booster [17] and two from
LayeredFlow [31]. At the top, we can notice how reflective
and transparent objects in general are a significant challenge
for methods relying on estimated depth, as highlighted by
the artifacts produced in correspondence with the mirror or
the deformations visible in the jars. At the bottom, depth-
based approaches again struggle to deal with transparent
surfaces that induce multiple depth layers, while StereoSpace
maintains more faithful geometry and appearance.
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