Elastic3D: Controllable Stereo Video Conversion with Guided Latent Decoding
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Figure 1. We introduce a direct, warping-free and feed-forward approach for mono-to-stereo video conversion. Our latent diffusion model
(left) bypasses the need for depth estimation, generating the right views directly from the input left views in a single step. We achieve
control over the 3D strength by conditioning on a scalar disparity factor, and employ a left-view guided VAE decoder to preserve high-
frequency details and eliminate binocular rivalry artifacts. As opposed to M2SVid [50], our approach seamlessly transfers high-frequency
details from the left to the right videos (top-right). Unlike Eye2Eye [13] which lacks the ability to control the 3D strength in generated
content and limits its practical use, we can generate videos for any disparity distribution, as shown in the anaglyph (bottom-right).

Abstract

The growing demand for immersive 3D content calls for au-
tomated monocular-to-stereo video conversion. We present
Elastic3D, a controllable, direct end-to-end method for up-
grading a conventional video to a binocular one. Our ap-
proach, based on (conditional) latent diffusion, avoids ar-
tifacts due to explicit depth estimation and warping. The
key to its high-quality stereo video output is a novel, guided
VAE decoder that ensures sharp and epipolar-consistent
stereo video output. Moreover, our method gives the user
control over the strength of the stereo effect (more precisely,
the disparity range) at inference time, via an intuitive,
scalar tuning knob. Experiments on three different datasets
of real-world stereo videos show that our method outper-
Sforms both traditional warping-based and recent warping-
free baselines and sets a new standard for reliable, control-
lable stereo video conversion. Please check the project page
for the video samples c1astic3d.github. io.

*Work conducted during an internship at Google.

1. Introduction

The proliferation of virtual and augmented reality hardware
has created a surge in demand for immersive 3D content.
With the vast majority of video content being monocular,
computational mono-to-stereo conversion has become an
important capability. The dominant paradigm follows a
two-step warp-and-refine process: first estimate scene depth
from the monocular input; second, reproject the input to
a new viewpoint via the depth map [7, 19, 50, 71]. This
warping process inevitably creates holes and artifacts, par-
ticularly in disoccluded regions (areas newly visible in the
target view), which must then be inpainted or refined to pro-
duce a complete image.

This approach, however, faces challenges. The reliance
on a separate depth estimator makes the pipeline more com-
plex and brittle. Its quality often critically depends on
the accuracy of the intermediate (monocular) depth esti-
mator, which can struggle with certain scenarios, e.g. thin
structures and non-lambertian surfaces. Moreover, most of
these approaches [50, 71] rely on Latent Diffusion Models
(LDMs), operating in a compressed latent space for effi-
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ciency. However, their general-purpose decoders create an
information bottleneck, failing to reconstruct details from
the source view (see the missing and distorted details of
M2SVid in Fig. | right). This loss of detail, or the hallu-
cination of new, inconsistent details, leads to a disorient-
ing visual artifact known as binocular rivalry [5], where the
viewer’s eyes are presented with conflicting information.

To overcome these issues, the recent Eye2Eye [13]
method directly generates the second viewpoint conditioned
on the monocular input, sidestepping explicit depth esti-
mation and warping. While promising, it has left a major
challenge unsolved, namely, the lack of geometric control.
A key advantage of warp-based methods is that users can
easily adjust the 3D effect by simply scaling the intermedi-
ate depth map. In contrast, Eye2Eye is trained for a fixed,
implicit baseline and offers no mechanism to control the
stereo disparity, limiting its artistic and practical flexibility.
Moreover, while its reliance on a two-stage refinement ap-
proach with a pixel-space diffusion model largely improves
the stereoscopic fidelity of the generated video, it is pro-
hibitively slow.

Our primary contribution is a surprisingly straight-
forward, warping-free model (Elastic3D- Epipolar-guided
LAtent STereo video Conversion) for stereo video conver-
sion that elegantly solves both of these challenges. The
model, based on Stable Video Diffusion [3], directly syn-
thesizes the second view in a latent space and features two
innovations: (1) a conditioning mechanism that provides in-
tuitive user control over the strength of the stereo effect by
simply setting a scalar (continuous) “median disparity” at
inference time. And, (2) a new guided VAE decoder, which
receives high-resolution information from the source view,
bypassing the latent bottleneck, to support the reconstruc-
tion of fine details and minimize binocular rivalry.

The field of video conversion lacks a comprehensive
evaluation protocol for the entire mono-to-stereo conversion
pipeline. Previous approaches focus only on some aspects,
such as inpainting quality. Hence, as a necessary side ef-
fect of our approach, we contribute a comprehensive evalu-
ation protocol for the entire stereo conversion pipeline. Our
framework is designed to achieve a holistic quality assess-
ment, by quantifying and comparing stereo videos along
four essential dimensions: overall quality taking into ac-
count 3D-strength controllability, stereoscopic fidelity, geo-
metric correctness, and temporal consistency.

To summarize, the contributions of this paper are: (1)
a direct, warping-free and feed-forward model for stereo
video conversion that does not explicitly depend on any
depth estimation; (2) a novel conditioning method that gives
the user control over the stereoscopic disparity, trained only
on the wild rectified video data without known calibration;
(3) a guided VAE architecture that minimizes binocular ri-
valry in the latent diffusion framework; (4) an improved,

comprehensive evaluation protocol that covers the geomet-
ric, perceptual and temporal dimensions of stereo video
quality. Our approach to stereo video conversion sets a new
state of the art across three in-the-wild datasets.

2. Related Work

We situate our work at the intersection of stereo image syn-
thesis, controllable latent diffusion, and guided decoding.

2.1. Stereo Conversion

Classic conversion approaches typically follow a “depth-
then-warp” paradigm via depth-image-based rendering
(DIBR) [10, 27, 67]. While the depth estimation stage has
been significantly improved by modern estimators [4, 18,
24,25,33,34, 37, 38, 63], subsequent warping steps still in-
troduce artifacts such as disocclusions and artifacts on non-
Lambertian surfaces. Even recent diffusion-based meth-
ods often retain explicit warping, inheriting these limita-
tions [36, 57]. Similar trends are observed in video genera-
tion [7, 19, 50, 67, 70, 71]. Building on pioneering warping-
free works like Deep3D [62] and Eye2Eye [13], our method
avoids warping artifacts by directly synthesizing the target
view in latent space, advancing the state of the art in robust-
ness, controllability, and detail preservation.

2.2. Diffusion Models

Denoising diffusion probabilistic models (DDPMs) [16, 51]
have become the state-of-the-art in generative modeling.
Latent Diffusion Models (LDMs) [40] scale the capabili-
ties of DDPMs [16, 51] by operating in a compressed latent
space, enabling efficient high-resolution image [35, 43] and
video synthesis [3, 17]. LDMs consist of two main com-
ponents: an autoencoder (typically a VAE [26]) and a dif-
fusion model trained in the autoencoder’s latent space. The
VAE’s encoder compresses a high-resolution image z into a
lower-dimensional, usually quantized latent representation
z, and its decoder reconstructs the image & from z. The
diffusion model learns to denoise this latent z. While this
is highly efficient, the compression to z creates an infor-
mation bottleneck, discarding information details that the
decoder must regenerate. Our method leverages the effi-
ciency, temporal pretraining and generative priors of video
LDMs while introducing a guided decoding mechanism to
explicitly bypass this bottleneck and recover lost detail.

2.3. Guided Decoding

Re-injecting high-fidelity source information is standard
practice in guided super-resolution [8, 21, 30] and pan-
sharpening [6, 56]. In diffusion models, this is achieved via
convolutional skip connections for image translation [32,
64] or “Texture Bridges” for view synthesis [70]. Geo-
metric constraints also serve as effective guidance, notably
in Epipolar Transformers [15, 49]. Most relevant to our



approach, [61] utilizes epipolar attention for simultaneous
multi-view generation. We distinguish our work by inte-
grating a lightweight epipolar attention module directly into
the VAE decoder; this creates structured skip connections
that bypass the bottleneck by sampling details along geo-
metrically plausible lines.

2.4. Controllable Generation

Significant progress has been made in controlling genera-
tive models using spatial conditions, such as depth or edge
maps in ControlNet [68] and T2I-Adapters [31]. Alterna-
tively, cross-attention mechanisms allow for conditioning
on learned embeddings to control style and object iden-
tity [11, 42, 65] or geometric parameters like camera trajec-
tories [66]. However, these methods do not address stereo-
scopic layouts. Our work is the first to propose a mechanism
for controlling the stereo effect via a simple and intuitive
scalar disparity proxy.

3. What Makes a Good Stereo Model?

Given an input “left-eye” video V, € RN>*HXWX3 ¢con.

sisting of N frames of resolution H x W, the goal of

monocular-to-stereo video conversion is to synthesize a

“right-eye” video Vi € RN*HXWX3 that shows the same

scene as if viewed from a horizontally shifted camera po-

sition. In this section, we first describe the desired prop-
erties of such a stereo conversion model. For a comfort-
able and immersive 3D experience, the generated video pair

(Vz, Vi) must satisfy the following key properties:

1. Geometric Correctness. The stereo pair must ad-
here to the epipolar constraint and provide plausible
depth perception corresponding to a rectified stereo set-
up [28, 72], with accurate relative depth ordering.

2. 3D-Effect Control. A stereo conversion model must
provide continuous (ideally intuitive) control over the
3D strength. This is crucial for both content creators for
creative control, and end-users to adjust the immersion
level for personal comfort [54].

3. Stereoscopic Fidelity and Detail Preservation. To
avoid distracting binocular rivalry [5], each synthesized
view must losslessly transfer textures from the source
left view [2, 45, 47]. Any inconsistency in shared re-
gions degrades the user experience [72].

4. Plausible Disocclusion Handling. The model must re-
alistically inpaint regions that were occluded in the input
left view by utilizing information from the neighboring
frames whenever possible [29, 46, 48, 59].

5. Temporal Stability. The generated video must be tem-
porally consistent for a comfortable viewing experi-
ence [28, 54].

Achieving all five properties simultaneously is the cen-
tral challenge. Most existing stereo conversion methods uti-
lize pretrained video diffusion models [7, 13, 50, 71] which
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Figure 2. Inference Pipeline. A frozen VAE Encoder £ computes
the latent code z;, of the input video V. The synthesis network fg
then generates the right-view latent Zg, conditioned on zz, and on
a 3D strength control token 7(d) (Sec. 4.2). Finally, our Guided
Decoder D’ (Sec. 4.3) renders the high-fidelity output Ir, using
both the generated latent Zr and the original video V7, as guidance.

inherently provide strong inpainting capability and tempo-
ral stability. The warp-based methods [7, 50, 71] rely on ex-
plicit depth estimation to reproject the input left views, pro-
viding effective ‘3D-Effect Control’. However, this requires
using a separate monocular depth model, increasing system
complexity and latency. Moreover, the geometric correct-
ness of the method is bounded to that of the depth model.
These methods also suffer from binocular rivalry due to
the lossy compression introduced by latent diffusion mod-
els. The recent Eye2Eye [13] approach mitigates the de-
pendency on a separate monodepth model by directly syn-
thesizing the right view. However, it does not provide any
mechanism to control the 3D effect. Furthermore, it is pro-
hibitively slow due to a two-stage refinement process and
the usage of a multi-step pixel-space diffusion model [1].
In this work we aim to address the aforementioned issues.

4. Methodology

We present a novel, warping-free latent diffusion pipeline
that aims to satisfy the key stereo model requirements listed
in Sec. 3. An overview of our inference pipeline is shown
in Fig. 2. Given an input video, our 1-step latent diffusion
model directly generates the right camera views, without re-
lying on any explicit depth input (Sec. 4.1). Crucially, our



diffusion model is conditioned on a scalar disparity factor,
enabling seamless control over the amount of ‘3D Effect’ in
the generated stereo video (Sec. 4.2). Furthermore, we in-
troduce a left-view guided VAE decoder to effectively trans-
fer the high-frequency details from the input left view to the
generated right view, mitigating binocular rivalry (Sec. 4.3).
We describe these key contributions in the next sections.

4.1. Feed-forward Warping-Free Synthesis

We build our stereo conversion model upon a latent diffu-
sion model, Stable Video Diffusion [3]. We utilize the 1-
step denoising process [12], effectively turning the latent
denoiser into a feed-forward model. Unlike warp-based
pipelines [50, 71] which often use the diffusion model to
refine a warped video, our model fy directly synthesizes the
entire right-video latent Zr conditioned on the left-video la-
tent zy, and a disparity-conditioning signal 7(4) (Sec. 4.2).
This yields an output:

Vi ZD/(fg(O,ZL,T((S)),VL), with  zp, ZS(VL) @))
where £ is the VAE encoder and O is a zero vector. 7(d)
refers to our Disparity Conditioning Mechanism (Sec. 4.2)
while D’ is the Guided Decoder, described in Sec. 4.3.
Our feed-forward approach can efficiently generate the right
views without performing numerous denoising iterations. It
also enables training with image-space losses, improving
the quality of the generated views, as shown in [50].

4.2. 3D-Controllable Synthesis

As discussed in Sec. 3, it is important that a stereo conver-
sion model provides an intuitive control over the strength
of the 3D effect in the generated videos. We introduce a
novel disparity conditioning mechanism to enable this in
our warp-free method. Our synthesis model fy is condi-
tioned on a scalar disparity proxy, § € R, which controls
the amount of pixel disparity between the input view and
the generated right view. This provides a simple and intu-
itive ‘3D strength’ knob at inference and, crucially, removes
any dependency on camera parameters, enabling training on
uncalibrated ‘in-the-wild’ rectified video pairs (V7,, Vg).

We project ¢ into a token embedding 7(d) and inject it
into the model’s spatial attention layers:

ﬁR Zfa(O,ZL,T((S)) (2)

Conditioning ¢ during training: We compute J using the
ground-truth disparity maps DY ., , € R¥>*W from the first
frame of the left to the right video.

§ =Ps0(D?_, ) 3)

The median disparity is chosen as it is insensitive to outliers
and provides an interpretable measure of the scene’s overall

Figure 3. The strengthof the stereo effect can be controlled by
varying the parameter § that acts as a conditioning for the median
disparity of the generated video (see Sec. 4.2).

stereo effect. However, we found that both the average and
the max disparity are also adequate choices (see Appendix).

Conditioning ¢ at inference: A user can control the 3D
effect by adjusting the 4 in pixels, as shown in Fig. 3.

Training strategy: To train the model, we use pairs of
left V7, and ground-truth right Vx frames. The model is
trained to minimize a composite loss function for 1-step dif-
fusion models [12, 50] consisting of equally weighted L2-
latent loss, and pixel space L1, SSIM, and LPIPS objectives
(backpropagated through the frozen VAE decoder).

To teach the model to generalize beyond the narrow
range of baselines found in typical datasets, we employ a
data augmentation strategy. For each sample, we randomly
scale its ground-truth disparity map DY _, , by a factor s,
generate a new warped view as the right-view GT using
a simple forward warp, and use the corresponding scaled
disparity map to get the new conditioning token 7(s - J).
We then train on a mixture of original (real) and augmented
(synthetic) samples. For the synthetic pairs, we apply a sim-
ple L1 pixel loss, masked to exclude invalid pixels from the
forward warp, while real pairs use our full composite loss.

4.3. Guided Latent Decoding

We now solve the primary limitation of latent synthesis
models: Detail Preservation (Property 2, see Sec. 3). The
VAE’s information bottleneck is the main cause of binocu-
lar rivalry. As shown in Fig. 4, the Stable Video Diffusion
Decoder struggles to even decode the GT latents, omitting
or even hallucinating micro-details. This is unsurprising
given the SVD bottleneck’s high compression ratio of 1:48.
We introduce a novel guided decoder, D', which bypasses
this bottleneck by drawing details directly from the input
left video, as illustrated in the top part of Fig. 2.

Epipolar-guided decoder: We reformulate decoding as a
guided latent upsampling task. The decoder D’ is condi-
tioned on both the synthesized latent code Zr and the orig-
inal left video V.. An extractor network G, initialized from
the VAE encoder, processes V7, to produce frame-wise pyra-
mids of multi-scale guidance feature maps, {g1,...,gn},
which act as an information reservoir.

Inspired by novel view synthesis literature [15, 20], we
introduce a lightweight epipolar attention mechanism. At
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Figure 4. Decoding the ground truth latent. The compression with
the standard VAE of an LDM is unsuitable for discriminative tasks.

each upsampling block 4, for each feature vector h;(p) in the
decoder (query), its cross-attention is computed only over
the keys and values from the corresponding epipolar line
in the guidance map ¢;. In our rectified case, this simpli-
fies to a one-dimensional key-query correspondence along
the horizontal row. This geometrically constrained attention
Aepipolar allows the decoder to “look up” and re-inject the in-
formation needed to reconstruct the image. More explicitly,
the refined feature is computed residually:

hi(p) = hi(p) + Aecpipotar (hi (p), 9:)

Light-weight epipolar-attention: The epipolar constraint

is not only geometrically motivated but also crucial for effi-
ciency, reducing the complexity of full-cross-attention from
a prohibitive O(H?W?) to a more manageable O(HW?).
For our experiments where the decoder’s highest feature
map is 512x512, this reduces the memory required for the
16-bit attention matrix from an infeasible 128 GB to just
256 MB.

Implementation details: We initialize our decoder D’
with the weights of the standard decoder D. The guidance
network G is initialized with the weights of the encoder £.
The output projection of the attention layers A is initialized
with zero weights, so to preserve the mapping of the origi-
nal decoder at the beginning of the training.

Training strategy: We train the decoder as a separate mod-
ule to disentangle the task of geometric synthesis from low-
level texture reconstruction. This keeps the method modular
and plug-and-play with respect to 3rd party synthesis cores
fo, as shown in Tab. 4. The objective is to reconstruct the
ground-truth right view Vg from its latent zg = £(VR), us-
ing V1, as guidance. We use a standard reconstruction loss
combining L1 and LPIPS as in [70].

5. Evaluation of Stereo Conversion

A model is only as good as the benchmark used to measure
it. However, there is a lack of a common evaluation proto-
col for the full stereo conversion task. Recent warp-based
methods [36, 50] compute standard image quality metrics
between the ground truth and generated right views. How-
ever, they utilize stereo depth from the ground-truth image
pair [36, 50] to warp the source images. This leaks target-

view information, fundamentally changing the task from ro-
bust geometric inference to simple guided inpainting. Other
methods [7, 13, 50] utilize human user studies, which are
very hard to scale. These methods also do not evaluate the
3D controllability of the stereo generation, which is a key
requirement as described in Sec. 3.

To address this, we propose a standardized “black-box”
evaluation protocol for the full stereo conversion pipeline.
We require all methods—whether warp-based or end-to-
end—to operate solely on the monocular input [, at infer-
ence time. For warp-based methods, this means using their
intended monocular depth estimator. In order to account
for the differences in ‘3D strength’ in the test videos (due to
e.g. differences in stereo cameras), the methods are also pro-
vided access to global 3D information. For the warp-based
methods, this entails providing the scale and shift factors
to align the relative monocular depths to the pseudo ground
truth metric depth. For our approach, we provide the me-
dian disparity between left and right views. We evaluate the
methods on diverse videos captured from different stereo
cameras in order to validate that the approaches can provide
effective 3D control.

5.1. Evaluation Metrics

We assess this full pipeline using four complementary met-
ric categories.

Overall Quality: To evaluate the overall quality of the left-
to-right stereo conversion, we use standard full-reference
metrics: Peak Signal-to-Noise Ratio (PSNR), Structural
Similarity (SSIM) [58], and Learned Perceptual Image
Patch Similarity (LPIPS) [69]. Note that these metrics are
highly sensitive to pixel-wise alignment between the gen-
erated and GT views, and hence evaluate the combination
of all properties listed in Sec. 3, i.e. geometric correctness,
3D-strength controllability, perceptual fidelity in shared and
inpainted regions and temporal stability.

In order to better understand the trade-off of the differ-
ent methods, we also propose “component-wise” metrics,
which evaluate only one of the properties listed in Sec. 3,
while being less sensitive to the others.

Stereoscopic Fidelity: Standard image quality metrics
such as PSNR cannot capture specific stereo artifacts such
as binocular rivalry, which is caused by mismatches in the
left and right images. We thus introduce specialized metrics
to evaluate this.

* Matchability Error (Emacn) As a proxy for binocular ri-
valry, we measure the inconsistency of feature keypoints
between views. Using a robust matcher (DeDoDe v2 [9]),
we identify keypoints in I, that have epipolar-consistent
matches in the ground truth (M) and in the prediction
(Mprcq). We define the error as the complement of their
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A lower error indicates that the synthesized view main-
tains consistent, matchable texture details along the cor-
rect epipolar geometry, minimizing rivalry.

* Patch-wise PSNR (P-PSNR) To assess local photometric
consistency between input left and generated right, while
being robust to small local and global disparity shifts,
we measure PSNR between 16 x 16 patches in I, and
their best-matching counterparts found along the horizon-
tal epipolar line in the generated Ig.

Note that as opposed to the earlier perceptual metrics, these

metrics are less sensitive to precise pixel-wise alignment be-

tween the generated and GT right view and are thus partly
decorrelated from the geometric correctness and 3D con-
trollability. Nevertheless, both proposed metrics perform
searches strictly along horizontal epipolar lines, inherently
penalizing any vertical misalignment or rectification errors.

Geometric Correctness: We also validate that the model
generates stereo videos with correct geometry and depth or-
dering. We estimate the dense disparity maps between the
generated (D),.q) stereo pairs using FoundationStereo [60],
and compare it with the (pseudo) ground truth disparity
maps. In order to disentangle the depth ordering errors
from incorrect ‘3D strength’ and account for global scale
differences, we perform a least-squares alignment between
predicted and ground truth disparities and report the Mean
Absolute Error between aligned disparities, as Disp. err.

Temporal Stability: For video, consistency over time is
paramount. We measure this by computing optical flow
fields for both the ground-truth and generated right-view
videos using RAFT [53]. We report the End-Point Error,
measuring the deviation of the generated motion from the
true scene motion, which we denote as Temp. err.

6. Experiments

In this section, we evaluate the quality of the stereoscopic
videos generated by our method, both qualitatively as well
as quantitatively. Further results, analysis, visualizations
and implementation details are provided in the Appendix.

6.1. Implementation Details

Training data: Following [50], we train on the
Stereodd and Egod4d datasets containing stereoscopic
videos. Stereo4d comprises diverse real-world scenes and
dynamic objects captured by internet videos with a fixed
baseline of 63mm, while Ego4d features egocentric footage
characterized by large disparities. For our work, we utilize
the splits and stereo-rectified version of the data provided
by [50], at a resolution of 512 x 512, with N = 16. We use

the FoundationStereo [60] model to estimate the disparity
maps used to compute the 3D strength 4.

Evaluation set-up: For in-domain evaluation, we rely on
the test-split of Stereo4D. Results on Ego4D are provided
in the Supplementary. For out-of-distribution evaluation,
we use the Spatial Video Dataset [22] containing stereo-
scopic videos captured from Apple Vision Pro (AVP) and
iPhone. The AVP portion features data taken with a sim-
ilar baseline (63.8mm, i.e. close to inter-eye distance) as
the training data, while the iPhone data is captured with a
significantly lower baseline of 19.2mm. For the warping-
based approaches [7, 50, 71], we extract relative depths with
DepthCrafter [18] and align it to the GT disparity, as de-
scribed in 5. The aligned mono-depth is then used to gener-
ate the warped right view. For our method, the GT disparity
is used to compute the conditioning factor § with eq. (3).

6.2. Model Ablations and Analysis

We first ablate the key components of our approach. More
analysis is provided in Appendix.

Warping-free conditioning: In Tab. 1, we evaluate the
impact of the proposed disparity conditioning (Sec. 4.2),
which enables controlling the 3D strength in the generated
stereoscopic videos. We train a baseline model without the
disparity conditioning on the Stereo4D and Ego4D datasets,
both of which contain videos predominantly captured with
stereo cameras with baseline close to 63mm. On the test
split of the Stereo4D dataset, which includes videos with
similar 3D strength as those in the train split, the base-
line without conditioning obtains a PSNR of 25.1 (Tab. 1,
top). Adding the conditioning nevertheless allows to get
more fine-grained spatial alignment of the generated and
GT right videos, leading to better overall metrics (-1 dB in
PSNR). On the Spatial Video iPhone set which uses a sub-
stantially different stereo baseline of 19.3mm, the baseline
model without conditioning obtains poor perceptual metrics
since its predictions correspond to ~ 63 mm baseline and
hence are spatially misaligned. Our proposed condition-
ing elegantly solves this issue, allowing to predict stereo-
scopic content of any 3D strength (see Fig. 3). Conse-
quently, our approach obtains +3.8 dB PSNR improvement
over the non-conditioned baseline (Tab. 1, bottom). Note
that our conditioning does not impact the geometric accu-
racy (Disp. err), which only evaluates the relative depth or-
dering.

Warping-based versus direct: In Tab. 2, we compare

Table 1. Impact of our conditioning approach (Sec. 4.2) on
Stereo4D [23] (top) and iPhone Spatial Video [22] (bottom).

Method PSNR T SSIM 1 LPIPS | Eviaten 4 P-PSNR T Disp. err | Temp. err |
Elastic3D w/o Cond 25.1 0.880  0.192 28.6 272 1.27 1.28
Elastic3D (ours) 26.1 0913  0.176 27.8 274 1.24 1.30
Elastic3D w/o Cond 18.7 0.703 0.289 30.3 25.2 0.64 323
Elastic3D (ours) 22,5 0.890 0.193 26.5 26.2 0.77 3.10




Table 2. Impact of warping free paradigm (Sec. 4.1) on the Apple
Vision Pro Spatial Video dataset [22].

Table 5. State-of-the-art comparison on the Apple Vision Pro Spa-
tial Video dataset [22]. The baseline of the dataset is similar to

Method PSNR 1 SSIM+ LPIPS | Evaten | P-PSNR 1 Disp. err | Temp. err | during training while the content is out-of-distribution.
Warp-based 24.5 0.827 0.198 26.8 28.1 2.33 1.32 Method PSNRT SSIM 1T LPIPS |  Envaten J P-PSNRT | Disp. err | | Temp. err |
Elastic3D (ours) 25.9 0.894 0.196 30.9 28.4 1.74 1.31 SVG 193 0.690 0410 563 202 371 .49
StereoCrafter  22.5 0.826 0.323 51.8 22.6 2.30 1.71
A M2SVid 244 0.821 0.221 41.5 27.3 2.30 1.35
Table 3. Reconstruction results on Stereo4D [23], where the VAE Eye2Eye 206 0733 0392 392 239 3.82 218
is apphed on the gI'Olll’ld truth I“ight views. Elastic3D 25.9 0.894 0.196 30.9 284 1.74 1.31

Model PSNRT SSIM1 LPIPS|

Stable Diffusion 30.2 0.963 0.106
Guided Decoder (Ours) 34.3 0.981 0.068

Table 4. Impact of our guided-VAE decoder D’ (Sec. 4.3) for
mono-to-stereo conversion on the Stereo4d dataset [23].

Model PSNR1 SSIM 1 LPIPS | Evateh 4 P-PSNR 1 Disp. err | Temp. err |
Elastic3D w/o D’ 25.2 0.895 0.212 41.9 26.1 1.23 1.37
Elastic3D (ours)  26.1 0.913 0.176 27.8 274 1.24 1.30
M2SVid 24.6 0.819 0.206 39.6 26.3 1.56 1.35
M2SVid + D’ 25.2 0.832 0.175 24.8 275 1.61 1.27

our warp-free approach to a warp-based baseline that uses
DepthCrafter [18] to estimate monocular depth. The geo-
metric accuracy of the warping-based method directly de-
pends on and is bounded by the accuracy of the pre-trained
monocular depth method. In contrast, our approach implic-
itly learns a depth estimator for the direct generation task,
achieving the lowest disparity errors. In Fig. 5, we also
see that our method produces better depth ordering than
warping-based alternatives. This also results in +1.4 dB
PSNR improvement over the warp-based baseline.

Guided Latent Decoding: We analyse the impact of our
guided decoder which addresses the issue of lossy compres-
sion in VAE, as shown in Fig. 4. In Tab. 3, we evaluate our
guided decoder in isolation by decoding the latents of the
ground truth right image. Compared to the vanilla Stable
Diffusion decoder, the guided decoder improves the PSNR
by 4.1 dB, and LPIPS score by 35%, by utilizing the infor-
mation from the input left video. This enables better preser-
vation of the high-frequency details, as shown in Fig. 4.
We also evaluate the impact of the guided decoder on the
end stereo conversion task in Tab. 4. When employed with
our proposed warping-free approach, the guided decoder
generates sharper images with high-frequency details (16%
lower LPIPS, +0.9 dB in PSNR). It also improves stereo-
scopic fidelity, with an increase in +1.3 dB in P-PSNR and
a drastic reduction of 44% in Matchability error, a proxy
for binocular rivalry. Moreover, the proposed guided de-
coder can be used as a plug and play component, replacing
the standard decoder in other frameworks. For example, re-
placing the decoder in M2SVid [50] with ours at inference
(without any specific retraining) leads to improvements in
all metrics, with a particularly impressive relative improve-
ment of 15% and 34% in LPIPS and Matchability error, re-
spectively, showing the generality of the contribution. Fi-
nally, note that the proposed decoder does not impact the

depth accuracy (Disp. err), and leads to a small improve-
ment in temporal stability, which can be attributed to the
recovery of non-flickering high-frequency details.

6.3. State-of-the-Art Comparison

We benchmark our method against recent leading ap-
proaches, i.e. SVG [7], StereoCrafter [71], M2SVid [50],
ReStereo' [19], and Eye2Eye [13].

Qualitative results: As illustrated in Fig. 5, SVG and
StereoCrafter yield blurry results. M2SVid fails to recon-
struct high-frequency details (e.g., leaves and facial tex-
tures) and struggles with text (top row and Fig. 1). Con-
versely, our approach utilizes the guided-decoder to recover
fine texture and texts accurately. Furthermore, Eye2Eye
generates pixelated results and exhibits disparity mismatch
with the ground truth due to its inherently fixed stereoscopic
baseline. In contrast, our method produces aligned disparity
with better depth ordering than warp-based approaches.

Results on AVP data: We evaluate the recent methods on
the AVP dataset in Tab. 5. SVG, based on a pre-trained dif-
fusion model without any task specific finetuning, obtains
the worst metrics in 3/4 categories. The latent diffusion
model based StereoCrafter struggles with detail preserva-
tion due to the lossy VAE encoding, obtaining poor PSNR
score as well as Matchability error. While M2SVid par-
tially mitigates this through image-based losses, it cannot
fully address the VAE compression losses. In contrast, de-
spite sharing the same latent diffusion backbone, Elastic3D
generates sharp images with high-frequency details, thanks
to the proposed guided decoder, as evidenced by the Match-
ability error and P-PSNR results. Furthermore, we observe
that our direct generation approach obtains lower dispar-
ity errors compared to the warping based methods, which
are inherently bounding by the limitations of the off-the-
shelf monocular depth estimator. The warp-free method
Eye2Eye lacks any mechanism to control the 3D strength.
Consequently, it produces spatially mis-aligned right views,
leading to low overall quality metrics. We also noticed that
Eye2Eye struggles to get the correct relative ordering of the
objects in a scene (See Fig. 5), leading to higher disparity
errors. On the other hand, thanks to the proposed disparity
conditioning, our approach produces pixel-aligned outputs,
leading to the best overall quality metrics.

IThe authors of [19] performed the inference for us.
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Figure 5. Qualitative comparison. Our method generates better textures with high-frequency details. The geometry of the generated
stereo sample is also more correct — in line with the ground truth disparity.

Results on Stereo4D: ReStereo, which combines video
generation with restoration, often hallucinates textures, re-
sulting in poor stereoscopic fidelity on the Stereo4D dataset
(Tab. 6). Other methods largely follow a similar trend as on
the AVP set. Our method obtains the best metrics on all cat-
egories, notably achieving a +1.5 dB PSNR improvement
over the second-best method M2SVid.

Results on iPhone data: In Tab. 7, we report results on
the iPhone dataset, which contains videos captured with
substantially different 3D strength compared to our train-
ing datasets due to differences in the employed stereo cam-
eras. Note that compared to the warp-based methods that
solely perform inpainting/refinement, it is more challenging
for the direct methods to synthesize right views for different
stereo setups. Nevertheless, our approach obtains the best
SSIM and LPIPS scores and second best PSNR score, be-

Table 6. State-of-the-art comparison on the Stereo4D [23] test set.

Method PSNR T SSIM T LPIPS | | Evaten 4 P-PSNR 7T | Disp. err | | Temp. err |

SVG 229 0.874 0.258 40.0 232 1.69 1.45
StereoCrafter  23.6 0.874 0.258 439 22.8 1.75 1.42
M2svid 24.6 0.819 0.206 39.6 26.3 1.56 135
Eye2Eye 21.1 0.780 0.313 35.8 23.0 245 2.11
ReStereo 21.2 0.788 0.307 41.3 23.0 1.95 1.52
Elastic3D 26.1 0.913 0.176 27.8 274 1.24 1.30

hind only M2SVid. Conversely, Eye2Eye obtains low over-
all quality metrics due to lack of 3D strength control.

7. Conclusion

We present a 3D-controllable, warping-free framework for
converting monocular videos into high-fidelity binocular
stereo videos. By integrating a novel guided VAE decoder
into a disparity-conditioned latent diffusion architecture,
our method ensures sharp, epipolar-consistent output while
enabling intuitive scalar control over disparity, setting a new
state-of-the-art across diverse datasets.

Table 7. State-of-the-art comparison on the iPhone portion of Spa-
tial Video dataset [22]. Both calibration and video content are
out-of-distribution.

Method PSNRT SSIM T LPIPS | | &raten . P-PSNR 1 | Disp. err | | Temp. err |

SVG 16.3 0.600 0.387 49.0 17.8 1.45 132
StereoCrafter  21.9 0.877 0.257 45.1 21.4 0.63 3.43
M2SVvid 229 0.865 0.205 384 25.1 0.60 3.06
Eye2Eye 20.2 0.818 0.281 32.0 22.8 1.11 3.02

Elastic3D RS 0.890  0.193 26.5 26.2 0.77 3.10
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Elastic3D: Controllable Stereo Video Conversion with Guided Latent Decoding

Supplementary Material

In Sec. A, we provide implementation details for our ap-
proach. Then, in Sec B, we explain in detail our epipolar-
guided decoder cross-attention (see Sec. 4.3 of the main
paper). We follow with a short background on diffusion
models and a derivation of our 1-step feed-forward model
in Sec. C. Next, we provide more details on the evaluation
protocol in Sec. D. In particular, we give intuitive explana-
tions and insights on the proposed metrics (see Sec. 5 of the
main paper). In Sec. E, we provide additional results for our
method. In particular, we conduct a user study on headset
to validate that our superiority according to metrics trans-
lates to a better user experience on device. Notably, we also
provide latency comparisons between our method and state-
of-the-art methods. In Sec. F, we then present more ablation
experiments, on more diverse datasets than in the main pa-
per. Finally, we provide ample visual comparisons in Sec. G
and highlight limitations and future work in Sec. H.

Video Results. We strongly encourage the reader to also
view the accompanying index.html file included in the
supplementary material. This interactive viewer contains
more extensive video comparisons.

A. Implementation Details

Our training pipeline consists of two distinct stages: first,
the training of the warping-free synthesis core (U-Net), and
second, the training of the Guided Decoder. For both stages,
we utilize the Stereo4D and Ego4D datasets.

A.1. Training Data Handling

Following [50], we use a batch size of 1 and apply random
temporal sub-sampling to each sample to achieve a target
frame rate between 5 and 30 FPS. Additionally, we apply
random spatial scaling with factors in [0.3, 1.0] and employ
a resolution and frame length bucketing strategy for data
augmentation, as detailed in Table 8.

Synthetic Baseline Augmentation. To improve the
model’s robustness to varying disparity ranges, we gener-
ate a synthetic subset of data. We pre-compute 2,500 ran-
dom samples from Stereo4D and create synthetic stereo
pairs by forward-warping the left view pixels using the
ground truth depth, scaled by a random factor s. The cor-
responding conditioning scalar is adjusted to s - §. We
employ the following discrete set of scaling factors: s €
{0.05,0.1,0.2,0.4,0.6,0.8,1.25,1.5,2.0,3.0}.
Zero-Disparity Augmentation. For 1% of the training
batches, we employ a zero-disparity augmentation where
the target frame is identical to the input frame, and the dis-
parity conditioning is explicitly set to § = 0.

Table 8. Training Bucketing Strategy. Combinations of resolu-
tion and frame counts used for augmentation.

Resolution [H, W] Frames N Aspect Ratio

[512,512] 4 1:1
[768, 320], [320, 768] 4 24:1
[1024, 256, [256, 1024] 4 4:1
[1280, 256], [256, 1280] 3 5:1
[256, 256] 16 1:1
[192,192] 25 1:1
[128,256], [256, 128] 25 2:1

A.2. U-Net Training

We utilize Stable Video Diffusion (SVD) as our backbone,
freezing the VAE and training the U-Net for the 1-step latent
synthesis task.

Optimization Framework. To manage the memory foot-
print during training, we utilize DeepSpeed Stage 2 [39]
with FP16 mixed precision. Furthermore, we optimize
memory usage by offloading optimizer states to the CPU.

Loss and Hyperparameters. We employ a composite
loss function consisting of an Ly loss in the latent space,
combined with pixel-space losses computed via the frozen
Stable Diffusion VAE Decoder. The pixel-space objectives
include L1, SSIM, and LPIPS. We train with a learning rate
of 2 x 1076,

Training Phases and Data Sampling. The training is
performed in two distinct phases. First, we train a base
unconditional model for 200k iterations. Subsequently, we
fine-tune the model for an additional 170k iterations with
the disparity conditioning mechanism enabled. During this
second phase each batch is sampled with equal probability
(1/3) from three sources: the standard Stereo4D dataset,
the Ego4D dataset, and the Synthetic Stereo4D subset de-
scribed above.

Conditioning Mechanism. The scalar median disparity &
is projected into a high-dimensional token embedding 7(9).
This projection is achieved by broadcasting the scalar value
across the vector until it matches the required token dimen-
sionality. This token is then concatenated with the standard
CLIP embeddings of the input frame and injected into the
U-Net. This strategy requires no additional learnable pa-
rameters. We found that scaling the raw disparities by a
factor of ~ 10~2 is crucial for numerical stability.



A.3. Guided Decoder Training

The Guided Decoder is trained separately to reconstruct the
ground-truth right view Vg from its latent zg, using the left
video V7, as guidance.

Precision and Optimization. To avoid overflow in the in-
troduced attention, we found that training in bfloat16
precision is crucial. Following [70], we optimize the de-
coder using an equally weighted reconstruction loss com-
bining L; and LPIPS objectives, with a learning rate of
1 x 10~*. We train for 50k iterations.

B. Epipolar Guided Decoder Cross-Attention

In this section, we provide the formal definition of the
epipolar cross-attention mechanism [15] within the guided
VAE decoder. In short, the employed attention mecha-
nism is a standard cross attention implementation [55] that
chooses the query, key, and value locations according to
epipolar geometry.

Let h; € RHXWixC be the intermediate feature map
in the decoder at layer 4, and g; € R¥:*WixC pe the cor-
responding guidance feature map extracted from the input
left view V7.

For a specific pixel location p = (u, v), we first compute
the query vector @), € R by projecting the decoder feature
h;(p) using a learnable weight matrix Wg € R4

@p = hi(p)Wq ®)

Similarly, for the guidance features, we restrict our scope

to the corresponding horizontal scanline (epipolar line) v.

We compute the keys Ko, € R"V:*? and values V,,,, €

RW:xd by projecting the entire row of guidance features

gi(v) € RWi*C via learnable matrices Wy, Wy € RE¥4:

Krow = G (U)WK, ‘/row =G (U)WV (6)

We then calculate the intermediate attention result cy, €
R? via scaled dot-product attention over the row:

KT
a, = Softmax (Qp\/cllow) Veow @)

The full epipolar attention module Acpipoiar is obtained by
projecting this result back to the original channel dimension
C using a linear output projection Wey € R4*C:

Aepipolar<hi (p)a gi) = apwout (®)

Finally, the decoder features are updated via a residual
connection:

h; (p) = h; (p) + -Aepipolar(hi(p)a gz') )

Zero-Initialization. To ensure the Guided Decoder pre-
serves the identity mapping of the pre-trained decoder at
the beginning of training, we initialize the weights of the
linear output projection layer Wy (inside Aepipmar) to zero.

C. Background on 1-Step Diffusion Formula-
tion

Our synthesis core utilizes the diffusion backbone fy for 1-
step inference, transforming it into an efficient feed-forward
generator. We here provide background on diffusion and
derive the formulation of our 1-step inference approach.

DDPMs: The core mechanism of DDPMs [16] involves
learning to reverse a stochastic forward chain that gradually
destroys data structure. This forward process maps a data
distribution pg to a Gaussian noise distribution pr across
discrete timesteps ¢ = 1,...,7. By introducing Gaussian
noise with variance (3; at each step, the transition can be ex-
pressed in closed form as x; = /a;xo + /1 — aze. Here,
xg represents the clean data sample, € ~ N(0,I) denotes
the noise term, oy = 1 — B¢, and &y = H:Zl ar. A pa-
rameterized denoising network Vo (x,t) is trained to ap-
proximate the reverse transition, effectively predicting x;_1
given the noisy state x; to iteratively recover the original
signal.

DDIMs: To mitigate the computational cost associated
with the Markovian sampling of DDPMs, Song et al. [51]
proposed Denoising Diffusion Implicit Models (DDIMs).
By reformulating the diffusion as a non-Markovian process,
DDIMs maintain the original training objective but facil-
itate deterministic sampling. This permits the generation
of high-fidelity samples in significantly fewer steps (typi-
cally 25 to 50) compared to the full trajectory required by
DDPMs.

LDMs: Directly applying diffusion models to high-
resolution pixel space is computationally expensive. La-
tent Diffusion Models (LDMs) [40] address this by shifting
the generative process into the compressed latent space of a
Variational Autoencoder (VAE) [26]. The VAE comprises
an encoder E and a decoder D such that D(E(x)) ~ x.
During the training of the diffusion backbone vy, the VAE
weights are frozen, allowing the model to learn the data dis-
tribution within a lower-dimensional space. This approach
preserves the semantic structure of the data while substan-
tially reducing computational complexity.

Conditional diffusion models: Recent advancements [43,
68] have extended the capabilities of diffusion models by
incorporating conditional inputs. The denoising network is
modified to the form vy (x:,t,¢), where c represents aux-
iliary information. This conditioning signal enables con-
trol over the generation process using diverse modalities,
including text prompts [43], reference images, or spatial
guidance such as depth maps and pose estimations [68].



Training and inference with conditional LDMs: In the
training phase, a data sample x (e.g., an image) is processed
by encoding x into a latent representation z = F(x). This
latent vector is then perturbed via the forward diffusion pro-

Cess:
Zi = \/OGZ + / 1-— dte,

where € ~ N(0,I) and &; is determined by the
noise schedule. Modern implementations often utilize v-
parameterization [44] for improved stability. Instead of di-
rectly predicting the noise, the model vy (z;, t, ¢) learns to
regress a target velocity v, defined as:

vV =o€ — 1 — 2.

Consequently, the network—typically a U-Net [41]—is op-
timized by minimizing the following reconstruction objec-
tive:

L=E,cet[||v—"olzet,0)|]. (10)

During inference, the system reconstructs the sample by
iteratively denoising a pure noise tensor zp over T’ steps,
guided by the learned denoiser V¢ and the condition c.

1-step diffusion as feed-forward models: Garcia et
al. [12] propose a method to adapt pre-trained diffusion U-
Nets as deterministic feed-forward models for pixel-to-pixel
tasks. This is achieved by fixing the sampling timestep to
t = T and replacing the stochastic noise component € with
its expectation (zero). Under the assumption thatt = 7', we
have a7 =~ 0, which simplifies the forward process terms

to:
T = \/dTZ+\/1—dT€%0
and

V=o€ —V]1— oz~ —2z.

In this regime, the model learns to predict the clean latent
structure directly from a zero-initialized input zz = 0. The
standard diffusion loss in Equation 10 effectively converges
to an Lo regression between the ground truth —z and the
prediction V4 (0, T, ¢):

Liatent = IEz,c [H(*z) - \7]9(077_'7 C)Hz} . (11D

Rather than optimizing in latent space, Garcia ef al. decode
the predicted latents Z = —vg(0, T, ¢) via the decoder D to
obtain a reconstruction X = D(Z). This enables the opti-
mization of a task-specific loss £ = Lyqx(x, %) directly in
the image domain.

Our own formulation: Our synthesis core utilizes the dif-
fusion backbone fy for 1-step inference, transforming it
into an efficient feed-forward generator. While the origi-
nal diffusion model predicts the noise € iteratively, we train
fo to directly predict the clean latent data Zp from a zero-
noise input 0 and a fixed maximum timestep (or pseudo-
timestep 7"), conditioned on the input z;, and the disparity

token 7(9):
éR = f9(07T7 ZL, T((s)) = _{,9(07T7 C) (12)

where we have simplidied fy = —Vy.

This approach utilizes the rich video and image priors
learned during SVD pre-training but bypasses the compu-
tationally expensive iterative scheduler. By employing a
composite loss (L2 latent + pixel-space L1/SSIM/LPIPS)
to minimize the distance between Zr and the ground truth
zR, we effectively train the U-Net as a powerful image-to-
image translation network for direct stereo synthesis.

D. More Details on Evaluation Protocol

First, in Sec. D.1, we analyse the robustness of our proposed
metrics. Next, we provide an intuitive explanation of the
matchability error and what it measures in Sec. D.2.

D.1. Metric Sensitivity Analysis

In the main paper, we introduced two component-wise met-
rics: Matchability Error (Eypyen) and Patch-wise PSNR (P-
PSNR). These were designed to complement standard full-
reference metrics (SSIM, PSNR) by decoupling the eval-
uation of stereoscopic fidelity (texture preservation) from
geometric correctness and 3D-strength controllability (3D
alignment).

To validate these design choices and demonstrate the ro-
bustness of our proposed metrics, we conducted a sensitiv-
ity analysis using the Stereo4D dataset. We took the pre-
dictions generated by our model and applied two distinct
post-processing degradations before computing the metrics:
1. Horizontal Shifting: We artificially shift the right view

horizontally by N pixels. This simulates geometric rec-

tification errors or incorrect 3D strength (disparity) pre-
dictions.

2. Gaussian Blur: We apply a Gaussian blur with vary-
ing 0. This simulates texture loss and over-smoothing,
which are common artifacts in latent diffusion models.

D.1.1. Sensitivity to Geometric Misalignment

Standard pixel-wise metrics are heavily penalized by slight
spatial misalignments, even if the textural content is per-
fectly preserved. In Fig. 6, we observe that standard
PSNR drops precipitously with even minor pixel shifts. In
contrast, our P-PSNR exhibits high robustness, maintain-
ing a relatively good score for shifts up to ~ 13 pixels.
This shows that P-PSNR disentangles photometric consis-
tency from geometric alignment, effectively finding the best
matching patches along the epipolar line.

Similarly, in Fig. 7, SSIM degrades rapidly as the shift
increases. Conversely, the Matchability Error remains
largely stable regardless of the horizontal shift. This is ex-
pected, as the feature matcher (DeDoDe [9]) is designed to
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Figure 6. Robustness to Misalignment. Sensitivity of Standard
PSNR vs. our PatchPSNR (P-PSNR) to horizontal pixel shifts. P-
PSNR remains robust to small geometric errors, focusing on tex-
ture quality.
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Figure 7. Robustness to Misalignment. Sensitivity of SSIM vs.
our Matchability Error to horizontal pixel shifts. Matchability re-
mains stable, effectively decoupling texture evaluation from ge-
ometry.

be invariant to translation. This stability ensures that we are
measuring the presence of matchable texture details, rather
than their precise pixel location, which is evaluated sepa-
rately by our geometric correctness metric (Disp. err).

D.1.2. Sensitivity to Texture Degradation

While robustness to shift is desirable, the metrics must still
remain sensitive to image degradation (blur). In Fig. 8, we
compare the sensitivity to Gaussian blur. We observe that
P-PSNR follows the same trend as standard PSNR, confirm-
ing that it remains a valid proxy for image quality despite
its spatial relaxation. Interestingly, we observe the com-
mon phenomenon where a slight blur (o = 1.0) results in a
marginal increase in PSNR (4-0.4 dB).

Crucially, Fig. 9 demonstrates the superiority of Match-
ability Error in detecting over-smoothing. While SSIM de-
cays relatively slowly with increased blur, the Matchability
Error rises sharply. This indicates that our metric is signif-
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Figure 8. Sensitivity to Blur. Sensitivity of Standard PSNR vs.
our PatchPSNR (P-PSNR) to Gaussian blur. Both metrics follow
a similar trend, validating P-PSNR as a reliable quality estimator.
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Figure 9. Sensitivity to Blur. Sensitivity of SSIM vs. our Matcha-
bility Error to Gaussian blur. Matchability is more sensitive to blur
than SSIM, effectively penalizing over-smoothed generations.

icantly more sensitive to the loss of high-frequency details
than SSIM. A blurry image might still look “structurally”
similar (high SSIM), but it will fail to produce reliable key-
points, leading to a high Matchability Error. This makes
it an effective metric for detecting the "waxy” or "washed-
out” artifacts often produced by video diffusion models.

D.2. Matchability Interpretation and Visualization

In this section, we provide more intuitive understanding of
the Matchability error, and what it measures.

Recall that the Matchability Error (Eniaecn) is defined as
the complement of the Jaccard index between the set of
epipolarly-consistent matches in the ground truth (Mg;) and
the prediction (Mpreq):

My 0 My

. (13)
[Mge U Mpred|

gMatch =1

To analyze the specific nature of stereoscopic artifacts, we
decompose this metric using True Positives (N7p = | M, gtM
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Figure 10. Visualization of Matchability Error Components. Green: TP (Intersection), Orange: FP (Hallucination), Red: FN (Omis-
sion). Visualizing the error components reveals that M2SVid yields a higher error driven by significant omission of details (Red). We note
that our model produces slightly more hallucinations (Orange) than M2SVid. We are visualizing only every 10th match for readability
purposes. The figure is best viewed zoomed in.



Table 9. Results of Pairwise Human Perception Study. Participants compared Elastic3D against two other methods: M2SVid and Eye2Eye.
The table shows the number of times (% of total for each row) each method was preferred, or if they were rated as equal.

Total Preference in Pairwise Comparisons
Comparison (Elastic3D vs.) (Count) Competitor Preferred Equal / No Preference Elastic3D Ours Preferred
(Count / %) (Count / %) (Count / %)
M2SVid 120 2 (1.7%) 20 (16.7%) 98 (81.7%)
Eye2Eye 120 15 (12.5%) 45 (37.5%) 60 (50.0%)
M,yred)), False Positives (Npp = |Mpyreq\ Myt |), and False E. More Evaluation Results

Negatives (Npy = |Mg¢ \ Mprea|). The error can be ex-
pressed as:

Npp + Npn
Nrp+ Npp + Npn -

EMatch = (14)
This decomposition allows us to categorize the fidelity of
the synthesis into three distinct components:

1. Omission Errors (False Negatives): A high Npy in-
dicates that the model fails to generate sufficient texture
detail to support feature matching, often resulting from
over-smoothing or blurring in complex regions.

2. Hallucination Errors (False Positives): A high Npp
indicates that the model generates high-frequency de-
tails that satisfy epipolar constraints but does not cor-
respond to the ground truth scene structure (e.g., texture
artifacts).

3. Feature Density (True Positives): Crucially, the er-
ror rate must be contextualized by the absolute number
of correct matches (Nrp). A method could artificially
lower its error score by generating featureless (blurry)
content, thereby minimizing both TP and FP.

A higher feature density (N7 p) combined with a low over-
all error indicates the successful preservation of sharp,
matchable, and geometrically correct details.

Qualitative Analysis. We illustrate the functioning of this
metric with a qualitative example in Figure 10. We visualize
the ground truth left/right, as well as the right views gener-
ated by M2SVid or our approach for a particular example.
From the zoomed-in example, it is evident that M2SVid
loses a lot of the high-frequency details, making the text
unreadable. For the generated views, we also show the true
positive, false positive and false negative matches. We ob-
serve that M2SVid yields a higher error (Eyyen = 52.0)
driven primarily by a high rate of False Negatives (Red).
This confirms a loss of high-frequency detail required for
robust feature matching. In contrast, our method achieves a
lower error (Entach = 40.9) with a substantially higher den-
sity of True Positives (Green). While our method exhibits
a slightly higher False Positive rate—indicating the genera-
tion of plausible but non-ground-truth textures—it success-
fully recovers significantly more valid structural details, re-
sulting in superior overall stereoscopic fidelity.

To verify that the quantitative superiority of our approach
translates to better user experience on headsets, we per-
formed a user study in Sec. E.1. We also provide results
according to the iISQoE metric in Sec. E.3. In Sec. E.2, we
present state-of-the-art results on the Ego4D dataset [14].
Finally, in Sec. E.4, we compare the latency of our approach
to alternative state-of-the-art methods.

E.1. User Study on Headset

To evaluate the perceptual quality and geometric consis-
tency of our generated videos, we conducted an anonymized
blind pairwise comparison study on a headset. We recruited
9 participants to evaluate a diverse set of 26 scenes, selected
from both the iPhone and Apple Vision Pro (AVP) datasets
to ensure coverage of varying scene complexities.

Methodology. In each trial, participants were first pre-
sented with the Ground Truth (GT) video to establish a
reference for correct geometry and visual details. Subse-
quently, they were shown two generated videos (3D vizual-
ization of the side-by-side): one produced by our method
and one by a baseline method (either M2SVid or Eye2Eye).
The position of the generated videos (Sample A vs. Sample
B) was randomized to prevent bias. Participants were asked
to select the video that exhibited better visual quality and
3D consistency compared to the GT reference, or to select
“Equal / No Preference” if the results were indistinguish-
able. In total, we collected 120 pairwise judgments for each
baseline comparison.

Results. The results, summarized in Table 9, demonstrate
a clear preference for our approach over both baselines.

When compared against M2SVid, our method achieved
a dominant preference rate of 81.7% (98 votes), while the
baseline was preferred in only 1.7% of cases.

Against Eye2Eye, the comparison was more compet-
itive, reflecting Eye2Eye’s high per-frame visual quality.
However, our method was still preferred 50.0% of the time
— four times more frequently than Eye2Eye (12.5%). A sig-
nificant portion of trials (37.5%) resulted in a tie, suggesting
that while Eye2Eye produces high-quality pixel-space out-
puts, our method achieves comparable or superior quality.



Table 10. Quantitative results on the Ego4D dataset.

Method PSNR 1 SSIM 1 LPIPS | | &Evaten (%) P-PSNRT  MAE |  Flow EPE |

SVG 12.7 0.294 0.595 71.7 14.6 11.9 49.8
StereoCrafter 16.1 0.539 0.450 50.5 17.4 8.10 8.10
M2SVid 18.0 0.681 0.334 43.6 24.6 5.28 6.59
ReStereo 15.2 0.477 0.479 449 17.3 11.2 8.53
Elastic3D 19.8 0.760 0.276 27.0 25.9 3.30 5.67
E.2. Results on Ego4D

We present results on Ego4D [14] in Tab. 10. Our approach
obtains the best performance on all metrics for all cate-
gories. SVG, which relies on a pre-trained diffusion model
without task-specific fine-tuning, demonstrates the poorest
performance, ranking lowest in all categories. ReStereo,
which combines video generation with restoration, often
hallucinates textures, resulting in poor stereoscopic fidelity.
Similarly, the latent diffusion-based StereoCrafter struggles
with detail preservation due to lossy VAE encoding and
often produces blurry outputs, resulting in poor P-PSNR
scores and high Matchability errors.

Although M2SVid attempts to mitigate this via image-
based losses, obtaining largely better P-PSNR and Match-
ability error, it fails to fully overcome the VAE compres-
sion artifacts. In contrast, despite utilizing the same latent
diffusion backbone, our approach generates sharp images
with high-frequency details—evidenced by superior Match-
ability error and P-PSNR results—thanks to our proposed
guided decoder.

Furthermore, our direct generation approach achieves
lower disparity errors compared to warping-based methods,
which are inherently constrained by the limitations of off-
the-shelf monocular depth estimators.

Finally, by leveraging the proposed disparity condition-
ing, our approach ensures pixel-aligned outputs, leading to
the best overall quality metrics.

E.3. Results of the iSQoE Metric

To further validate the perceptual quality of our generated
stereo pairs, we utilize the iSQoE (Immersive Stereoscopic
Quality of Experience) metric [52]. Unlike traditional met-
rics that rely on pixel-wise differences, iSQoE is a no-
reference, learning-based model explicitly trained to pre-
dict human preferences in Virtual Reality environments. It
outputs a single scalar value where a lower score indicates
higher quality. In Tab. 11, we report the iSQoE scores
across the AVP, Stereo4D, and iPhone test sets.

Metric Saturation Analysis. The quantitative results re-
veal a critical insight regarding the metric’s sensitivity in
high-fidelity regimes. As shown in the table, the scores
for all state-of-the-art methods are tightly clustered between
0.505 and 0.521. Most notably, the Ground Truth (GT)
scores are numerically nearly indistinguishable from the
generated outputs. For the iPhone dataset, M2SVid (0.505)

Table 11. iISQoE Evaluation. Comparison of stereoscopic quality
on AVP, Stereo4D [23], and iPhone datasets. Lower is better (J.).
The metric exhibits significant saturation near the optimal score.

iSQoE |
Method AVP  Stereo4dD iPhone
SVG 0.519 0.521 0.508
StereoCrafter  0.509 0.519 0.508
M2SVid 0.507 0.515 0.505
Eye2Eye 0.507 0.517 0.507
ReStereo - 0.517 -

Elastic3D 0.509 0.515 0.506
Ground Truth ~ 0.505 0.513 0.510

and our model (0.506) both achieve lower (better) scores
than the Ground Truth (0.510), which should pose a theo-
retical lower bound. On Stereo4D, our model and M2SVid
tie for the best score (0.515).

This suggests that iSQoE heavily saturates when evalu-
ating high-quality imagery. The metric was trained on the
SCOPE dataset, which includes both traditional signal cor-
ruptions (noise, blur) and generative artifacts from methods
like SDEdit and MotionCtrl. However, the metric appears
to be highly tuned to the specific artifacts present in its train-
ing set and are presumably insensitive to inconsistencies of
other latent video diffusion models. Effectively, once the
image quality passes a certain threshold of “cleanliness” —a
threshold met by all modern methods—the metric bottoms
out around 0.50, treating high-quality synthesis and real im-
ages as perceptually equivalent.

E.4. Latency Comparison

In this section, we analyze the inference latency of our pro-
posed method compared to state-of-the-art baselines. All
evaluations were performed on a single NVIDIA H100
GPU, generating video sequences of 16 frames at a resolu-
tion of 512 x 512. Table 12 summarizes the computational
cost breakdown.

Depth-Dependent Baselines (SVG, StereoCrafter,
M2SVid). Existing multi-stage pipelines rely on explicit
depth estimation and geometric warping as necessary pre-
processing steps. Using DepthCrafter [18] with 8 denoising
steps, this introduces a fixed computational overhead of ap-
proximately 3.3s for depth estimation and 0.9s for warping.
SVG incurs a significantly higher warping cost (7.2s) as it
necessitates warping inputs 8 times. While M2SVid boasts
a very fast base inference time (0.8s), its total runtime is
dominated by these preprocessing bottlenecks, resulting in
a total latency of 5.0s.

Pixel-Space Diffusion (Eye2Eye). Comparison with
Eye2Eye is challenging due to the non-public availability of
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Figure 11. Eye2Eye exhibits color shifts.

Table 12. Model Latency Comparison. Runtimes are measured for
generating a video of 16 frames with a resolution of 512 x 512.
All evaluations were performed on an NVIDIA H100 GPU. “Mon-
odepth” and “Warp” denote the time taken for depth estimation
and geometric warping, respectively.

Method Inference Monodepth Warp Total
SVG 45s 3.3s 7.2s  55.5s
StereoCrafter 2.6s 3.3s 0.9s 6.8s
M2SVid 0.8s 3.3s 0.9s 5.0s
Elastic3D 1.7s - - 1.7s

the code; however, a theoretical analysis of computational
complexity highlights significant efficiency gaps. First, the
compute-intense Stage 2 of Eye2Eye operates in pixel space
(512x512) rather than the compressed latent space (64 x 64)
used by our method, resulting in a 64 x increase in spatial
dimensionality. Second, it requires 50 denoising steps com-
pared to our single-step generation. A back-of-the-envelope
calculation suggests a massive difference in computational
load assuming similar model sizes:

64x x 50X ~ 3200x theoretical FLOPs increase.
~—~ ~—~
Spatial Res. ~ Temporal Steps
(15)
Ours. It is observed that our model’s pure inference time

(1.7s) is higher than the M2SVid baseline (0.8s). The over-
head comes from the added epipolar cross-attention and its
associated feature extractor module. In other words, we
trade internal model complexity for pipeline simplicity, re-
sulting in a net reduction in total latency.

E.S. Analysis of Eye2Eye

In this section, we provide additional analysis on competitor
method Eye2Eye [13].

Inference scheme: Comparison with Eye2Eye required
adaptations to match their fixed inference constraints. First,

the pre-trained Eye2Eye model accepts a fixed input length
of 80 frames, whereas our evaluation benchmark consists
of 16-frame clips. To accommodate this, we temporally
padded the input by concatenating the clip and its re-
verse in a loop pattern [V, V,ey, V, Vier, V] to reach the
required length. After inference, we extract the first 16
frames for evaluation. Second, the trained Eye2Eye model
is trained to generate a Left view conditioned on a Right
view condition, which opposes our benchmark task (Left —
Right). To bridge this gap, we horizontally flipped our input
Left views before inference—effectively treating them as
Right views—and subsequently flipped the generated out-
puts back to obtain the final Right view. We qualitatively
verified that this mirroring process did not introduce spe-
cific artifacts, such as inverted text or texture distortions.

Visual quality: We noticed that Eye2Eye generates views
with widely different visual quality, depending on the in-
puts. On many samples, it generates high quality outputs,
with preserved texture and details. However, we also no-
ticed that on a non-neglectable amount of samples, it ex-
hibits color shifts, as shown in Fig. 11, presumably result-
ing from bleeding artifacts from neighboring frames. More-
over, on other examples, it produced blurry outputs, such as
on the face of the man in the second row of Fig. 5 of the
main paper, the swan of Fig. 17, the leaves of Fig. 24 or the
text on the bus in Fig. 23. These type of artifacts explain the
relatively poor stereoscopic metrics that Eye2Eye obtains
on average, in particular in terms of P-PSNR.

Geometric correctness and 3D effect control: Eye2Eye
does not have any mechanism to control the amount of 3D
effect that it can generate. As a result, as evidenced by
the different samples in Fig. 13, 14, 16 and 22, it gen-
erates disparity maps in a different distribution than that of
the ground-truth. Since the generated right views are not
aligned to the ground truth, Eye2Eye obtains poor overall
quality metrics (PSNR, SSIM, LPIPS), since those require
pixel-wise alignment.



Table 13. Impact of our conditioning approach (Sec. 4.2 of the
main paper) on AVP Spatial Video (top), Stereo4D (middle) and
iPhone Spatial Video (bottom).

Method PSNR T SSIM 1 LPIPS | Evaten J P-PSNR 1 Disp. err | Temp. err |
Elastic3D w/o Cond 21.1 0.710 0.301 234 27.6 3.11 1.70
Elastic3D (ours) 25.9 0.894 0.196 30.9 284 1.74 1.31
Elastic3D w/o Cond 25.1 0.880 0.192 28.6 272 1.27 1.28
Elastic3D (ours) 26.1 0.913 0.176 27.8 274 1.24 1.30
Elastic3D w/o Cond 18.7 0.703 0.289 30.3 252 0.64 3.23
Elastic3D (ours) 225 0.890  0.193 26.5 26.2 0.77 3.10

F. More Ablation Studies

In this section, we provide ablation studies similar to those
in the main paper on different datasets. We also ablate the
signal used for conditioning.

F.1. Warping-free conditioning

In Tab. 13, we evaluate the impact of the proposed disparity
conditioning (Sec. 4.2 of the main paper), which enables
controlling the 3D strength in the generated stereoscopic
videos, on the AVP, Stereo4D and iPhone datasets. Note
that the results on Stereo4D and the iphone datasets are al-
ready provided in Tab. 1 of the main paper and reported here
for completeness. We train a baseline model without the
disparity conditioning on the Stereo4D and Ego4D datasets,
both of which contain videos predominantly captured with
stereo cameras with baseline close to 63mm. The results
confirm that adding the conditioning results in better overall
metrics for all datasets — the gain is especially pronounced
for the out-of-domain cameras setups.

In Fig. 12, we qualitatively show the impact of the pro-
posed disparity conditioning. We show the anaglyphs gen-
erated from the ground truth left and right view, our ap-
proach without or with conditioning. The baseline approach
without conditioning has overfitted to the training baseline,
close to 63mm. It is thus incapable of generating content
of the correct 3D strength on the iPhone dataset, which fea-
tures a smaller baseline. Conversely, the proposed dispar-
ity conditioning allows the model to generate pixel-aligned
right views for any disparity distributions.

F.2. Conditioning types eq. (3) of the main paper

We compute the conditioning § as the median of the dis-
parity map relating the first frame of the left to the right
video. In Tab. 14, we compare using the Median, Maxi-
mum or Average disparity as the conditioning signal, on the
AVP, Stereo4D, iphone and Ego4D datasets. All three types
of conditioning obtain similar results on the four datasets.
As aresult, the median disparity was chosen as it is insensi-
tive to outliers and provides an interpretable measure of the
scene’s overall stereo effect. However, both the average and
the max disparity are also adequate choices.

With Conditioning
1 EEE LA

Figure 12. Input frames, and anaglyphs generated using our
model trained without or with our proposed conditioning on the
iPhone dataset. The iPhone’s baseline of 19.2mm is significantly
smaller than the one from the training datasets which is presum-
ably 63mm. It is evident that our conditioning approach is crucial
for rescaling to desired baselines.

Table 14. Impact of the disparity conditioning types (Sec. 4.2 of
the main paper) on the AVP Spatial Video, Stereo4D, iPhone Spa-
tial Video and Ego4D datasets.

Dataset Model PSNR1 SSIM{ LPIPS |

Average 26.2 0.903 0.194
AVP Max 252 0.860 0.217
Median 259 0.894 0.196

Average 26.4 0.913 0.176
Stereo4D  Max 25.6 0.897 0.185
Median 26.1 0.913 0.176

Average 234 0.916 0.180
iPhone Max 229 0.902 0.184
Median 22.5 0.890 0.193

Average 19.6 0.751 0.290
Ego4d Max 19.6 0.754 0.293
Median 19.8 0.760 0.276

F.3. Guided Latent Decoding

In this section, we evaluate the impact of the proposed
guided decoder (Sec. 4.3 of the main paper) on the end
stereo conversion task in Tab. 15. We present results on
the AVP, Stereo4D and iPhone datasets. Note that results
on Stereo4D were already provided in Tab. 4 of the main



Table 15. TImpact of our guided-VAE decoder D’ (Sec. 4.3 of
the main paper) for mono-to-stereo conversion on the AVP Spa-
tial Video (top), Stereco4d (middle) and iPhone Spatial Video
(bottom) datasets.

Model PSNR 1 SSIM 1 LPIPS | Eviaten 4 P-PSNR T Disp. err | Temp. err |
Elastic3D w/o D’ 25.5 0.884 0.229 44.9 273 1.71 1.38
Elastic3D (ours) 259  0.894  0.196 | 30.9 284 | 174 | L3
M2SVid 244 0.821 0.221 41.5 273 2.30 1.35
M2SVid + D’ 24.5 0.827 0.198 26.8 28.1 2.33 1.32
Elastic3D w/o D’ 25.2 0.895 0.212 41.9 26.1 1.23 1.37
Elastic3D (ours) 26.1 0913  0.176 | 278 274 | 124 | 130
M2SVid 24.6 0.819 0.206 39.6 263 1.56 1.35
M2SVid + D’ 25.2 0.832 0.175 24.8 275 1.61 1.27
Elastic3D w/o D’ 21.9 0.868 0.239 62.5 24.7 0.74 3.34
Elastic3D (ours) 225 0.890  0.193 | 265 262 | 077 | 310
M2SVid 229 0.865 0.205 38.4 25.1 0.60 3.06
M2SVid + D’ 23.9 0.892 0.158 21.0 26.8 0.60 2.58

paper and are added here for completeness.

On all datasets, when integrated into our warping-free
framework, the guided decoder significantly enhances im-
age sharpness and high-frequency detail, resulting in a dras-
tic reductions in LPIPS and increases of at least +0.9dB
PSNR. It also creates substantial gains in stereoscopic fi-
delity: we observe improvements of at least +1.2dB in P-
PSNR and massive reductions in Matchability error, with
a particularly impressive relative improvement of 58% on
the iPhone dataset. This shows that our proposed guided
decoder effectively minimizes binocular rivalry.

Furthermore, the proposed decoder serves as a gener-
alized plug-and-play component. For instance, replacing
the standard decoder in M2SVid [50] with ours at infer-
ence time—without any retraining—improves performance
across all metrics and datasets, yielding notably strong rel-
ative improvements in LPIPS and in Matchability error.

Finally, we note that the decoder maintains depth accu-
racy (Disp. err) while slightly enhancing temporal stabil-
ity, a benefit attributed to the consistent recovery of high-
frequency details.

G. Qualitative results

Video Results (HTML). As stereoscopic video genera-
tion involves temporal dynamics that are difficult to convey
through static frames, the attached HTML video viewer pro-
vides a more comprehensive comparison.

Static Results. In Fig. 13, 14, 15, 16, 17 and 18,
we compare the generated right view by our approach to
state-of-the-art SVG, StereoCrafter, Eye2Eye and M2SVid
on multiple samples from the AVP datasets. We also show
the ground truth right view for reference. Fig. 19, 20, 21,
22, 23 and 24 show similar comparisons on the iPhone
dataset instead.

By skimming through the examples, it is evident that
Eye2Eye struggles to generate a view that is pixel-aligned
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to the ground truth. The disparity in all cases is very dif-
ferent from the ground truth, and the distribution varies
a lot depending on the input. In contrast, thanks to our
proposed disparity conditioning, our approach can generate
right view for any desired disparity distribution. The geo-
metric accuracy of warping-based approaches SVG, Stereo-
Crafter and MS2Vid entirely depends on the quality of the
underlying monocular depth model that they use to warp
the left video. As a result, the disparity maps, while mostly
accurate, can show variable quality depending on the input
samples.

In terms of visual quality, our approach recovers better
texture, and high-frequency details than counterparts. This
is particularly evident on texts such as in Fig. 13, or on veg-
etation/leaves as seen in Fig. 21, 22 and 24.

In Fig. 25, 26 and 27, we show the anaglyphs gener-
ated by our approach on in-the-wild images with varying
disparity conditioning. As the pixel-disparity conditioning
increases, the strength of the 3D effect also increases, as
evidenced by the anaglyphs.

H. Limitations and Future Work

While our method establishes a new baseline for warping-
free stereoscopic video generation, several limitations re-
main which outline promising directions for future research.

Inference on long and high-resolution videos: Currently,
our generation is constrained by GPU memory. On a single
H100 (80GB) GPU, we can generate a maximum of approx-
imately 45 frames at 512 x 512 resolution. However, our
methodology is theoretically extendable to arbitrary video
lengths. Future work could adopt temporal autoregressive
strategies similar to those employed by StereoCrafter [71]
and M2SVid [50], where the video is generated in chunks,
conditioning the synthesis of the current chunk on the last
k frames of the previous one. Similarly, higher-resolution
inference could be achieved through spatial tiling and stitch-
ing strategies [50, 71], though we leave the implementation
of these scaling techniques to future work.

Extreme Disparities: While our direct synthesis approach
excels at standard stereoscopic baselines, it struggles to
generalize to extreme disparities (baselines >> 63mm). In
these regimes, warp-based methods still hold an advantage,
as they rely on explicit geometric reprojection rather than
learned synthesis. Improving the data diversity to include
wider baselines could mitigate this.

Ambiguity of Median Conditioning: Our use of a single
scalar § (median disparity) to control 3D strength is effi-
cient but can be ambiguous. For example, a scene dom-
inated by a flat background may have a median dispar-
ity near zero, even if foreground objects are present. As
seen in Fig. 27, this ambiguity is pronounced in zoom-in
shots: the sequence begins with a background-dominated



view (d ~ 0), providing a weak conditioning signal. As the
camera zooms into the subject and non-zero disparities ap-
pear, the model occasionally struggles to recover the correct
stereo effect because the global conditioning token fails to
capture the dynamic change in scene geometry.

Geometric Inconsistencies: While our warping-free ap-
proach eliminates the artifacts associated with occlusion
filling and warping, it occasionally sacrifices strict geo-
metric rigidity. Warp-based methods rely on explicit, pre-
trained depth estimators which enforce strong geometric
priors — potentially ensuring, for instance, that flat walls
remain perfectly planar. In contrast, our model learns ge-
ometry implicitly from the training data. As observed in
our qualitative samples, this can sometimes lead to minor
geometric hallucinations, such as “wobbly” depth on flat
surfaces or inconsistent relative depths in complex scenes.
Since the mapping from a single image to a stereo pair is
ill-posed, our model effectively predicts the most probable
depth configuration, which may not always align perfectly
with the physical ground truth.

End-to-End Joint Training: Currently, we train the U-Net
and the Guided Decoder separately. While it is technically
possible to train them jointly—allowing the U-Net to be op-
timized directly via the decoder’s pixel-space reconstruc-
tion loss—we found this to be computationally prohibitive.
Joint training significantly increases the memory footprint,
making the training-time versus memory trade-off imprac-
tical on standard hardware. Furthermore, our factorized ap-
proach maintains modularity, allowing the Guided Decoder
to be used as a plug-and-play enhancement for other latent
diffusion pipelines.

Computational Optimization: As noted in our latency
analysis, the current implementation of the epipolar cross-
attention mechanism relies on a row-wise Python loop. This
introduces interpreter overhead and prevents full GPU sat-
uration (O(H) sequential iterations). A significant speedup
could be achieved by implementing this operation as a cus-
tom CUDA kernel, enabling fully parallelized execution.
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Figure 13. Comparison on Scene 158 of the AVP dataset. Note the more readable text on the bag and the texture of the ground.
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Figure 14. Comparison on Scene 29 of the AVP dataset. Our method preserves the branch structures in the trees.
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Figure 15. Comparison on Scene 42 of the AVP dataset. Our method better preserves the tree and background.
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Figure 16. Comparison on Scene 47 of the AVP dataset. Our method recovers the details on the sign.
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Figure 17. Comparison on Scene 121 of the AVP dataset. Our method generates a sharp output, as evidenced by the swan head.
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Figure 18. Comparison on Scene 22 of the AVP dataset. Our method recovers the high-frequency details on the signs and better geometry.
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Figure 19. Comparison on Scene 14 of the iPhone dataset. Our method produces readable text.
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Figure 20. Comparison on Scene 30 of the iPhone dataset. Our method recovers high-frequency details on the chain.
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SVG StereoCrafter Eye2Eye M2svid Ours Ground Truth
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Figure 21. Comparison on Scene 49 of the iPhone dataset. Our method recovers the texture on the leaves.
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Figure 22. Comparison on Scene 52 of the iPhone dataset. Our method recovers the texture on the leaves.
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Figure 23. Comparison on Scene 55 of the iPhone dataset. Our method preserves better the high-frequency details on text.

SVG StereoCrafter Eye2Eye M2svid Ours Ground Truth

Figure 24. Comparison on Scene 56 of the iPhone dataset. Our method produces sharper details and texture.
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Frame 1

Frame 9

Frame 18

Frame 27

Frame 36

Frame 45

Figure 25. Anaglyphs generated by our approach on an in-the-wild image with varying disparity conditioning (in pixels). The results
demonstrate the model’s ability to control stereoscopic depth on real-world data. The frame number is indicated on the left while the
disparity conditioning in pixel is written on the top row.
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Frame 36

Frame 45

Figure 26. Anaglyphs generated by our approach on an in-the-wild image with varying disparity conditioning (in pixels). The results
demonstrate the model’s ability to control stereoscopic depth on real-world data. The frame number is indicated on the left while the
disparity conditioning in pixel is written on the top row.
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Frame 18

Frame 27
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Figure 27. Anaglyphs generated by our approach on an in-the-wild image with varying disparity conditioning (in pixels). The results
demonstrate the model’s ability to control stereoscopic depth on real-world data. The frame number is indicated on the left while the
disparity conditioning in pixel is written on the top row.
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