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Figure 1. Visualization of generated images, videos, and 3D shapes using our method. The left pair is (horse animal, horse skeleton), the

right pair is (gothic temple, Hindu temple).

Abstract

We suggest a new multi-modal algorithm for joint inference
of paired structurally aligned samples with Rectified Flow
models. While some existing methods propose a codepen-
dent generation process, they do not view the problem of
joint generation from a structural alignment perspective.
Recent work uses Score Distillation Sampling to generate
aligned 3D models, but SDS is known to be time-consuming,
prone to mode collapse, and often provides cartoonish re-

sults. By contrast, our suggested approach relies on the
Jjoint transport of a segment in the sample space, yielding
faster computation at inference time. Our approach can be
built on top of an arbitrary Rectified Flow model operat-
ing on the structured latent space. We show the applica-
bility of our method to the domains of image, video, and
3D shape generation using state-of-the-art baselines and
evaluate it against both editing-based and joint inference-
based competing approaches. We demonstrate a high de-
gree of structural alignment for the sample pairs obtained
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with our method and a high visual quality of the samples.
Our method improves the state-of-the-art for image and
video generation pipelines. For 3D generation, it is able
to show comparable quality while working orders of mag-
nitude faster. voyleg.github.io/atata/

1. Introduction

Images, videos, and 3D models are three important domains
for generative Al. While users often employ Al to generate
one sample at a time, there are many use cases where a user
wants to generate a set of examples that are somehow re-
lated. Examples are personalization [1], where a user wants
to have the same object or person appearing in multiple im-
ages or videos, or style consistent generation [13], where
multiple samples should be generated in the same style.

In this paper, we address the topic of structurally aligned
generation. The goal of structurally aligned generation is
to generate multiple samples (images, videos, 3D models)
that showcase different main objects, scenes, or environ-
ments, but with their semantically (structurally) correspond-
ing parts aligned across spatial/temporal dimensions. This
aligned generation comes in handy in generating virtual
worlds for training and entertainment, where different ob-
jects and scene parts can be easily replaced across domains
and ”sewn up” into a new scene. It can also help in CAD and
CAM applications for creating objects with interchangeable
parts. For image and video editing, these tools can be use-
ful for generating artistic effects, for example, transitions
called matchcuts [38]. Finally, aligned generation methods
can be useful for paired synthetic training data generation
for image, video, and 3D, which can be later used to train
editing models. While existing methods try to use editing
for aligned generation [5, 21, 41], this biases the generation
to construct samples that fit one of the descriptions better
than the others.

Current methods for aligned generation fall into three
categories: 1) Editing-based methods, which use the input
sample defined by the first description and force the second
sample to adopt its structure. 2) Zero-shot generation using
large foundation models. Many large generative models like
Nanobanana [12], QWEN [54], or FLUX [4] can generate
a grid of semi-consistent images or 3D renders. 3) Native
aligned generation. Some works solve the problem of the
joint aligned generation, introducing some kind of interac-
tion between the samples during generation. This includes
joint generation up to some step in MatchDiffusion [38],
attention sharing [13], or embedding into a common latent
space in A3D [19].

We propose a novel, highly generalizable, multi-modal
method for structurally aligned generation. Inspired by
A3D [19], we rethink the necessary properties of transi-
tions between samples with regard to rectified flow field nu-

merical integration and introduce additional constraints to
the process, which are necessary for the algorithm’s conver-
gence. The method is theoretically applicable to any recti-
fied flow model that operates on the structured latent space,
which is demonstrated for images, videos, and 3D objects
with minor implementation differences between them. The
method requires only changing the inference loop of the
flow model, without changing any other components of the
pipeline, and does not depend on the specific domain. The
main idea of the method is to perform joint inference for
pairs of samples by moving them and the linear interpola-
tions between them along the velocity field of the rectified
flow model while preserving the interpolation structure. We
additionally introduce joint co-guidance during the trans-
port process aimed at ensuring the smoothness of the lin-
ear transitions between the samples. Unlike A3D [19], our
method is inference-based and does not use SDS, which
makes it orders of magnitude faster, allows for reaching
state-of-the-art visual quality results without artifacts, and
provides a notable variety of samples avoiding mode col-
lapse. Unlike MatchDiffusion [38], our method optimizes
for the plausibility of the linear transitions between samples,

notably improving structural alignment. It also provides a

flexible way to co-guide samples during the inference pro-

cess.
In summary, we make the following contributions.

* We propose a new algorithm for joint paired inference
with rectified flow models, which is based on velocity-
guided transport of a segment in latent space, and provide
a theoretical justification for it.

* We derive an analytical way to convert the rectified model
velocity field into a velocity transport field for joint seg-
ment transport.

* We demonstrate that the proposed algorithm, combined
with models trained on structured latents, produces highly
structurally aligned samples for three modalities: images,
videos, and 3D models.

* We obtain results on par with state-of-the-art, specifically
trained methods on images and 3D models, and show su-
perior state-of-the-art results on videos.

2. Related work

2.1. Image Generation and Editing

Image generation and editing are the two core problems in
generative modeling and form the foundation for control-
lable video and 3D synthesis. The early approaches relied
on Generative Adversarial Networks (GANs) [11, 17, 23]
and Variational Autoencoders (VAEs) [25, 52], which were
later surpassed by higher-quality diffusion-based methods
such as DDPM [14] and Stable Diffusion [44]. The intro-
duction of these models enabled scalable text-to-image gen-
eration [42, 46, 48].
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More recent progress in text-to-image modeling has been
driven by the emergence of Rectified Flow [35] and Diffu-
sion Transformers (DiT) [39], which underpin several state-
of-the-art systems, including FLUX.1 [4], Stable Diffusion
3 [9], and Qwen-Image [54]. Their stable training and ex-
pressive conditioning have also made them effective when
applied to image editing [26, 41, 45].

2.2. Video Generation and Editing

Video-based models are still far behind image-based models
due to computational requirements and data scarcity [15,
53]. Existing video editing methods fall into two groups:
training-free modifications of video generation models and
methods that train specific editing networks.

Training-free approaches are easy to adapt to existing
models. A representative example is MatchDiffusion [37],
which relies on joint and disjoint diffusion stages, balancing
between visual coherence and semantic divergence.

Methods requiring training allow more versatile and fine-
grained edits. Among these methods, VACE [20] supports
diverse conditions, including inpainting, depth, and mo-
tion preservation. Another work, LucyEdit [8], focuses on
purely textual edits and special “trigger” words, allowing
control of the granularity of edits.

2.3. 3D Generation and Editing

3D object and scene synthesis has also advanced signif-
icantly. Unlike 2D domains, where large-scale datasets
enable highly generalizable models [4, 54], limited 3D
data availability has led researchers to exploit 2D priors
from pretrained models—either through multi-view gener-
ation with subsequent reconstruction [10, 18, 31, 47, 49]
or through score distillation from 2D diffusion models
([34, 36, 40]). More recently, diffusion and flow match-
ing models that operate directly in a 3D latent space have
become competitive [27, 57, 58, 60]. These methods fall
into two main groups: those using structured voxel-based
latents [55, 57, 58, 60] and unstructured latents [27, 28, 63].
While unstructured latents are more computationally effi-
cient, structured ones offer better interpretability—an ad-
vantage we build upon in our work. 3D editing has fol-
lowed a similar trajectory. Early progress relied on the use
of 2D priors: either via score distillation [7, 33, 64, 65] or
via multi-view diffusion [5, 6, 29]. Recently, methods op-
erating directly in 3D latent space have enabled editing di-
rectly in 3D space [32, 57, 61]. However, they still have
limited generalization ability due to data scarcity, so 2D-
based methods remain a strong baseline for this task.

2.4. Joint Generation of Consistent Objects

Recent work has shown that generative models can jointly
produce multiple objects with shared properties. These
properties may vary in nature: [30, 62] exploit synchroniza-

tion mechanisms to produce multiple views of a scene that
can subsequently be merged into a panorama, [1] proposed
a procedure to generate a set of images with consistent iden-
tity. The joint generation of geometrically aligned 3D assets
remains more challenging, and the existing solution relies
on an iterative, time-consuming SDS-based A3D algorithm
[19]. Its core idea is to enforce smooth transitions between
generations. MatchDiffusion [38] proposes a training-free
joint-generation approach that merges two trajectories be-
fore a threshold timestep, but we found this insufficient for
reliable structural alignment, motivating our method.

3. Preliminaries
3.1. Flow Matching

Recently, there emerged a tendency in the community to
switch from the denoising diffusion models to simpler and
more effective Rectified Flow [35] models. Given a distri-
bution X and a sample from it g ~ Xy, the initial dis-
tribution is transformed into the “noised” version via linear
interpolation with ¢ ~ A (0, I'), where ¢ € [0, 1]

xp = (1 = t)xo + te. €))

Then a transformer model is trained to directly regress the
velocity field vg (¢, t) by minimi

L(0) = Et, sy~iXo, o1~ ||H9<xt,t>||2]. )
4. Method

Multiple works [3, 19, 24] imply the importance of two
requirements for learning the transitions between samples,
which lead to the generation of the semantically aligned ob-
jects: 1) Transitions between the aligned objects should pro-
vide plausible and realistic samples. 2) Transitions should
be smooth (or have a bounded Lipschitz constant). In this
section, we analyze these requirements and suggest a princi-
pled algorithm for joint inference with rectified flow mod-
els, which can be combined with an arbitrary pre-trained
model operating on the set of structured latents.

4.1. Joint Inference with Rectified Flow Models

Flow-matching models use time discretization to approxi-
mate trajectories along the velocity vector field v (x4, ¢, ¢),
which is parameterized by a neural network. Given a text
embedding c and starting with a sample = ~ A(0, I') taken
from a Gaussian noise distribution, the sample x;, at time
step ¢; can be used to calculate x4, (where t; > t5) with the
following update rule:

Ty, = x4, + (ta — t1)ve(xy, 1, €). 3)

Let c?, ¢’ be two text embeddings and 2, x° be the sample
variables corresponding to a pair of objects a and b. We ini-
tialize 2 and x® with the same value. Instead of transport-
ing them independently, we want to do it jointly to improve
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Figure 2. Method

the plausibility of the transitions between them. To achieve
this, we consider transporting a distribution of samples on
the line segment [2¢, %] = {(1—a)2%+a 2’ | a € [0,1]}
defined by some density function p(«). Thus, we shift from
transporting individual samples to transporting probability
distributions, while preserving the linear structure of these
distributions.

To define the update rule for joint transport, we rep-
resent the samples distributed on the line segment with
the density p(«) by a set of weighted samples evenly dis-
tributed across the segment { z;; = (1 — ;) 2¢ + o 2% |
i = 1,...,k } with the respective weighting factors p(«;).

Given the segment [z, 2% ] we update it to the segment

[z , 2% ] in two steps. First, we update each point z;, ; to
24,,; individually using the rule in Equation 3 and the in-
terpolated text embedding ¢; = (1 — a;)c® + a;c’. While
the points {z;, ; | ¢ = 1,...,k} by definition always
lie on a single line in high-dimensional space there is, gen-
erally speaking, no such guarantee for the updated points
{&1,s | i=1,...,k}. Thatis why we restore the linear
structure of the distribution by solving a linear regression
problem in Equation 4, minimizing £ w.r.t. zy, and x’t’z.

k

Zp(ai)”a:tzfi - i‘t27i”2a

) = )
Tty = Ty 5 + (t2 — t1) v (T4, i, 11, i),

L(zf,,xy,) =

_ a b
Tpyi = (1 — o) wf, + oy,

This regression problem has an explicit solution. We define:

Then the optimal endpoints are:

o _ C11do — co1ds » _ Cood1 — co1do

%= A 0 T A

The described approach enables a rapid update of the dis-

tribution parameters, thereby avoiding the slow gradient-

based optimization. Finally, we can define the velocities

of the parameters of the probability distribution (boundary

points of the segment x¢ and x%): The scheme of the joint
update is shown in Figure 2a.

®)

a _ .a b _ b
a _ T, — Ty b _ Tty — Tty (6)
h to—t, ~ " ta — 11

In the presented way, we transform the transport velocity
field for samples into the joint transport velocity field for
probability distributions supported by the segments in the
sample space. In practice, we found it important to use the
density p(«) centered around the midpoint during the early
iterations and gradually shifted towards a uniform distribu-
tion.

4.2. Smoothness regularization

The second aspect is the need for smooth transitions be-
tween the two objects. For linear transitions, the ’speed”
of transition does not depend on the point and is always the
same: %t = 4 ((1—qa) 2] +azb) = 2 — 2. Thus, regu-
larizing the “speed” of transition is the same as regularizing
the norm ||x? — z¢|| of the segment [z¢, 2?]. Since we ini-
tialize 2% and x® with the same value, the segment norm is
zero in the beginning, and over time it diverges, resulting in
different, but structurally aligned samples.

The derivative of the L2 norm of the segment can be writ-

ten as

dl|2(t) — z(t)]l2 _ (W) — v (1), 2°(t) — 2°(t))
dt - |20 () — ()]l ’
(N
where (-, -) is the dot product. We observe that in the cases
where we see the severe misalignment between the sam-
ples, it usually correlates with the rapid growth of the seg-
ment norm during the early iterations of the inference. We
can see that this derivative depends on the difference be-
tween the velocities of the endpoints of the segment v? —v?.
Thus, minimizing the derivative can be achieved by mini-
mizing this expression or making the velocities of the distri-
bution parameters closer to each other. One particular way
to achieve this is to correct the velocities by pulling them
closer to some specific anchor velocity v*"°"°" (Equa-
tion 8)

h b h b
0f = wpof™ "+ 0 = wpvg™ 4 (1—wy vy .
(3)

The choice of v is important - the anchor velocity
vector should point at the “denoising” direction for all the

+(1—wi)vf,

anchor
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points on the segment in order not to break the noise sched-
ule of the samples. One possible solution for this task
would be to choose v§"chor = UfTJ”)? Though our ex-
periments show that this solution is suboptimal, probably
because these two endpoint velocities often have conflict-
ing directions. Our suggested solution is to choose v@™¢her
as a predicted velocity (Equation 9) for the midpoint of the

segment

b a b
.’Ea+$ c"+c¢
,Uanchor _ U(—( t t ,t,

; 5 5O

Note that such choice of v"¢"°" is essentially insepara-
ble from the approach presented in Section 4.1 serving as
a “correction” to the formulated velocity field, because for

b
zy+x,

the proper inference should be a plausible sample
from the noised distribution at the timestep ¢ which requires
taking into account the velocities for the intermediate points
of the segment. The scheme for the smoothness correction
mechanism is shown in Figure 2b. We observe that choos-
ing the moderate schedule for the values w; with the em-
phasis on early iterations does not lead to the degradation
of the final samples compared to the “base” rectified flow
method.

5. Experiments

We show the universality of our method for joint aligned
generation by applying it to three major domains for gen-
erative modeling: images, 3D, and video. We select three
state-of-the-art rectified flow pre-trained models, which op-
erate on structured latents: voxels, pixels, and video frames.
We modify the inference loops of these three models in a
self-contained way, which requires only minor differences
between the models. We do not change model weights or
any other parts of the pipeline.

We use two types of methods as competitors i) joint
generation methods, which produce paired output at sin-
gle inference (A3D [19], MatchDiffusion [38]) ii) editing-
based methods which take an independently generated sam-
ple from the first prompt source and complement the pair
by editing it with another prompt from the pair (RF-
Inversion [45], VACE [21], and MVEdit [5]).

Metrics: We use multiple metrics to evaluate the de-
gree of structural alignment between the samples and con-
sistency between the samples and the corresponding textual
descriptions.

Modality agnostic metrics are based on the evaluation
of the sample “projections” to the 2D image space (multi-
view images, video frames). DIFT alignment score was
introduced in A3D [19] as a way to measure structural sim-
ilarity between two salient objects on a pair of images. It
works by building a dense grid of 2D points on the source
image and finding the corresponding point for each point in

Table 1. 2D Metrics.

DIFT distance |~ DepthL1|  MLLM-based 1
cLIP | % of object size distance score

Qwen 24,10 11,33 37,64 89,60 77
RF_Inversion 2336 862 2850 83,07 37
Ours 2323 6,44 26,83 89.60 35

Inference time (s) |

the grid using the DIFT [50] method. The pairwise distance
between the points is averaged. Finally, the metric is calcu-
lated in the reverse direction and averaged one more time.
When calculating the DIFT Score, we use the Grounded
SAM [43] segmentation model to focus on the foreground
object to avoid matching the background. In the recent work
SPIE [2] L, distance (or equivalently, MAE mean absolute
error) between the depth maps extracted from the image
pair was shown to be an effective proxy metric for struc-
tural alignment. We extract depth maps for evaluation us-
ing the Depth Anything V2 model [59]. We also employ the
widely-used CLIP Score to estimate how well each prompt
fits the corresponding 2D image by calculating the simi-
larity between the prompt embedding and image embed-
ding. On par with CLIP, we use specific subcriteria from the
MLLM][16] method to evaluate image-prompt alignment.

Video metrics are specifically designed to evaluate the
qualities of videos. The temporal consistency of the videos
is evaluated by calculating the similarity between the DINO
features of neighboring frames for the edited video. To
assess the overall quality of the videos, we use a VLM
score [22] to evaluate the overall quality, prompt alignment,
and preservation of the details of the source video.

3D metrics. We use GPTEval [56], a VLM-based
method to evaluate the quality of 3D objects, including ge-
ometry, texture, and prompt consistency.

5.1. Images

We build our joint image generation pipeline on top of the
widely used FLUX.1-dev [4], which is known for the ex-
cellent quality of text-to-image generation. For the consis-
tency with 3D experiments, we use the set of object pairs
from A3D [19] with short prompts. We compare with
two editing-based methods, RF-Inversion [45], which is a
flow-inversion training-free method, and instruction-based
Qwen-Image-Edit [41, 54]. To obtain source editing-free
samples, we use FLUX.1-dev model. We rewrite prompts
into instructions for Qwen-Image-Edit, asking it to change
the content of the source image so that the geometry and
background are preserved. For image pair evaluation, we
use DIFT Score, Depth Structural Score, CLIP Score, and
MLLM Score. The quantitative results are presented in the
Table 1. Our method notably improves over RF-Inversion in
terms of structural alignment metrics. While Qwen demon-
strates a superior understanding of user instructions, it lags
far behind in structural alignment score, which makes it un-
suitable for this particular problem.
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(b) gopher, kangaroo

(a) dog, robot

(c) spider, octopus (d) amphitheatre, stadium

Figure 3. Visualization of geometry preservation between two generated images. For each example, two images are blended into one with
a blending coefficient a(column) that depends on the column index, increasing from 0 (left side) to 1 (right side). With such blending, we
show that not only geometry is preserved, but also that smooth transitions between two generations are enabled.

Table 2. GPTEval 3D Metrics, % of comparisons where our
method based on Trellis.2 is preferred over competitors and over
our method based on Trellis.1.

Text-asset Text-geometry

alignment 3D plausibility alignment  Texture details  Geometry details  Overall quality

vs. MVEdit 68,17 66,02 7735 74,77 79,28 7735
vs. LucidDreamer 64,53 76,69 76,21 69,39 71,77 76,81
vs. A3D 50,97 63,81 59,75 49,86 58,50 61,00
vs. Trellis 67,80 62,68 69,67 7291 68,59 67,46

Our method can be used to seamlessly combine parts of
the samples from parallel domains. We demonstrate it by
changing the « blending coefficient across the horizontal
axis for the pairs of images in Figure 3.

5.2. 3D Shapes

For joint 3D object generation, we build on two pipelines:
Trellis [57], a text-to-3D method, and its improved image-
to-3D version, Trellis.2 [58]. The Trellis pipeline con-
sists of two parts: Structure Generation operating on dense
voxels and Structured Latents Generation working with
a sparse latent representation. To generate geometrically
aligned 3D models, we modify the inference loop for the
rectified flow model in the first part of the pipeline, leaving
everything else intact.

Because Trellis was trained primarily on detailed text de-
scriptions, the short prompts used in the A3D [19] evalua-
tion introduce a distribution shift. Therefore, we rewrite the

Table 3. Other 3D Metrics.

DIFT distance |

CLIP t % of object size Time |
MVEdit 27,10 545 40 min
LucidDreamer 26,40 11,29 2h
A3D 27,69 5,82 2h
Ours (Trellis1) 28,29 6,98 1 min
Ours (Trellis2) 27,51 4,44 2 min

short prompts into more detailed descriptions using GPT-5.
With Trellis.2, the difference in our approach is that the in-
terpolated input conditions are image tokens rather than text
embeddings. To generate aligned 3D objects from aligned
images, we use image pairs produced by our image joint
generation method, built on top of the Flux model. Trel-
lis.2 and Flux joint generation methods together result in
text-to-3D pipeline. We compare our approach with editing-
based methods (MVEdit [5], LucidDreamer [34]) and with
the joint generation method A3D. The source 3D models for
the editing-based methods are obtained using the generative
pipelines associated with each method. For evaluation, we
use the DIFT score, GPTEval score, and CLIP score. The
results are shown in Tables 2 and 3. Our method shows
the best CLIP score for text-to-3D semantic alignment. Re-
garding DIFT structural alignment, our alignment correc-
tion combined with the Trellis.1 pipeline yields strong re-
sults, albeit slightly lagging behind the exceptionally strong
A3D and MVEdit scores because of the limited generaliza-
tion ability of the backbone model. When incorporated into
the Trellis.2 pipeline, our method shows strongest align-
ment results with decent generation quality. On GPTEval, it
confidently improves over the competitors’ results. Another
important quality of our method is its speed. It provides an
order-of-magnitude speedup compared with A3D and is sig-
nificantly faster than MVEdit. Qualitative results are shown
in the Figure 4, demonstrating the high degree of geometric
alignment.

5.3. Video

For video experiments, we modify the WAN 2.1 [51] rec-
tified flow model with our method. Due to the dynamic
nature of video samples, unlike the static 3D objects and
images, we compose a novel set of scenes for evaluation.
We aim to cover diverse and complex scenarios, including
animals in motion, cities, and human activities. We use two
editing-based competitors, LucyEdit [8] and VACE [21]
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Figure 4. 3D Alignment Samples

medieval castle <> industrial manufacture

spider <> octopus

(using depth-conditioned ControlNet). For editing-based
models, we use WAN-generated videos as a source video.
We also compare our setup with the joint generation method
MatchDiffusion [38]. Depth-conditioned VACE tends to
preserve the overall layout but substantially alters other as-
pects, including poses, motion, objects, and background.
On the other hand, LucyEdit can produce precise manip-
ulations but is observed to work well only for humans
and some animals, making nonsensical edits for the ma-
jority of the examples. Quantitative results are shown in
Table 4. Our method achieves the highest DINO score,
indicating the best self-consistency. While LucyEdit for-
mally shows lower depth MAE than our method, the rea-
son for this is quite trivial - LucyEdit fails to provide nec-
essary edits, leaving inputs intact. This is reflected in its
very low VLM score, indicating poor alignment with the
text. Despite the depth-conditioned setup, VACE has the
worst depth MAE, likely due to distribution shift induced by
changing the prompt relative to the first frame. On the other
hand, MatchDiffusion shows good results both for VLM
and DINO metrics but lags behind in terms of depth align-
ment, highlighting the need for a more principled approach.
Figure 5 visualizes depth absolute error for MatchDiffu-
sion and our method. Both methods show small depth dif-
ferences in the background, but MatchDiffusion produces
much stronger errors around foreground object boundaries,
indicating pose misalignment. User-study results are re-
ported in Table 5. The user study favors our method over
VACE and LucyEdit across the main criteria. It also sup-
ports our hypothesis of superior structural alignment, where
our method shows a clear lead over MatchDiffusion.

6. Ablation

To validate the design choices of our algorithm, we progres-
sively remove components from our algorithm. After a se-
ries of such simplifications, our method effectively reduces
to MatchDiffusion [38], yielding a sequence of controlled

ww2 soldier <> space marine animal <> lego animal

Table 4. Video Metrics.

VLM 1 DINO 1 Depth MAE |
MatchDiffusion 7.64 0,96 1012
Lucy-edit 4,77 0,97 0,84
VACE 6,26 0.98 2,60
Ours 7,66 0,98 0.89

Table 5. User study.

User study, % of comparisons where our method is preferred

Structural Text-to-video
alignment Video quality consistency
vs. MatchDiffusion 67,50 58,60 47,00
vs. Lucy-edit 69,30 77,70 76,40
vs. VACE 88,00 60,90 58,60

comparisons that isolates the contribution of each compo-
nent. We start from the setup (A), which is our full pipeline
described in Section 4. Setup (B) is obtained by switch-
ing vgnehor — @ from ve ( ISTJ”EJ). Setup (C) fur-
ther removes sampling of intermediate points x; ;. Without
intermediate points, the method no longer enforces plau-
sible transitions between samples, which is central to our
approach. When we move to setup (D), the only restriction
synchronizing the movement of z¢ and z¥ left in place is

a b
the anchor velocity v¢<hor = Y1 Instead of using the

smooth schedule for weight coefficients, we simplify it to a
hard cutoff which makes the algorithm effectively equiva-
lent to the MatchDiffusion [38] baseline. This step deprives
the algorithm of a flexible co-guidance mechanism for the
early stages of inference and removes any form of synchro-
nization for the late stages. We evaluate setups (B) and
(C) with the video pipeline reporting depth MAE structural
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(a) Our method’s source video (b) Our method’s target video
frame frame

(c) Depth difference between our method’s source and target
video frames

(d) MatchDiffusion’s source (¢) MatchDiffusion’s target
video frame video frame

(f) Depth difference between MatchDiffusion’s source and tar-
get video frames

Figure 5. Visualization of geometry preservation between source
and target video frames. Larger white areas mean higher differ-
ence between corresponding pixels.

score in Table 6a. Since the setup (D) is roughly equiva-
lent to MatchDiffusion, for which we have already reported
results in Section 5, we decide to evaluate this setup with
the image modality; the results are shown in Table 6b. Vi-
sual examples for all the setups with the image pipeline are
demonstrated in Figure 6. Quantitative and qualitative com-
parisons demonstrate a gradual degradation of the results
during the component removal.

DIFT distance |
% of object size

Depth MAE |
Setup A (ours) 0,89 Setup A (ours) 6.44
Setup B 1,33 Setup D 8,42
Setup C 1,50 (b) DIFT distance |
(a) Depth MAE | (% of object size)

Table 6. Ablation study results. Lower is better ({).

(a) Setup A (ours)  (b) SetuprB (c) Setup C (d) Setup D

Figure 6. Visualization of the impact of different components of
our method. We can see that each component contributes to the
results and that the results degrade as we gradually remove com-
ponents from our algorithm.

7. Conclusions

We present a new universal method for joint inference with
rectified flow models, which enables the rapid production
of structurally aligned samples across different modalities.
Our method requires only a compact and local modifica-
tion of the inference loop and can be applied on top of any
pre-trained rectified flow model working with structured la-
tent representations. We demonstrate the performance of
our method across three modalities—video, 3D, and im-
ages — comparing it both with editing-based methods and
joint training methods. Across all modalities, our method
either achieves performance on par with the state of the art
or surpasses it. When applied to video modality, our method
shows superior performance, enabling the accurate align-
ment of complex and vibrant environments. Our method
has multiple potential applications, including the creation
of aligned virtual environments and assets, and the gener-
ation of synthetic data. In future work, the method can be
further applied to other modalities, such as 4D video and
keypoint movements.
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