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ABSTRACT

This paper introduces a novel methodology for fast and memory-efficient video
prediction. Our method, dubbed FlowFrames, fine-tunes a pre-trained text-to-
video flow model to learn a vector field between the observed and future frame
distributions. Two design choices are key. First, we introduce inherent optimal
couplings, utilizing consecutive video chunks during training as a practical proxy
for optimal couplings, which results in straighter flows. Second, we incorporate
target inversion, injecting the inverted latent of the target chunk into the input rep-
resentation to strengthen correspondences and improve visual fidelity. By flowing
directly from observed to future frames, instead of the common combination of in-
put frames with noise to generate future frames, we reduce the dimensionality of
the model input by a factor of two. The proposed method, fine-tuned from LTXV
and Wan, surpasses the state-of-the-art scores across quantitative evaluations with
FID and FVD, with as few as five neural function evaluations. We will release the
code and models of our method to the public.

1 INTRODUCTION

Recent advances in image and video generation have dramatically improved the quality of synthetic
media, largely due to diffusion and flow-based models. Building on this progress, researchers have
turned to video prediction: synthesizing a plausible sequence of future frames given a preceding
segment of video, which may consist of real or previously generated frames. In essence, the goal
of video prediction is to generate a temporally coherent and semantically consistent continuation of
the input video segment. Success in video prediction would enable key applications in autonomous
driving, human motion forecasting, and immersive AR/VR environments.

Yet video prediction remains difficult. As the future is inherently uncertain, models must satisfy two
sometimes-competing needs: temporal coherence, to ensure realistic motion and smooth dynamics,
and visual fidelity, to preserve sharp details and semantic consistency across frames. To tackle
this, state-of-the-art approaches condition on past frames and use Gaussian noise to generate future
ones (Gao et al., 2024; Hassan et al., 2024; HaCohen et al., 2024; Yin et al., 2025). While effective,
this design has key drawbacks: high memory cost since the model must process both the conditioning
frames and noise of output dimensionality, and slow inference as multiple neural function evaluations
are required. This is even more of a problem considering that video prediction applications such as
autonomous driving and AR/VR require the methods to work on embedded machines, in almost-
real-time. In this work, we introduce FlowFrames, a simple but powerful alternative on the video
prediction task. Our model receives a chunk of video frames as input and generates the future video
chunk as a plausible continuation of the given input chunk, keeps sematic coherence with the latter,
and propagates global contextual information.

FlowFrames fine-tunes a pre-trained text-to-video model (e.g. LTXV (HaCohen et al., 2024) or Wan
(Wan et al., 2025)) by modifying the initial distribution from multivariate normal distribution to the
distribution of input video frames. Then it learns a mapping between the input and future frame
distributions by flow matching (Lipman et al., 2023; Liu et al., 2022; Albergo & Vanden-Eijnden,
2023). By flowing directly from observed to future frames, FlowFrames bypasses the conventional
paradigm of conditioning the model on input frames and using Gaussian noise for the generation
of future frames. This results in a twofold reduction of model input dimensionality. Additionally,
our model is trained using inherent optimal couplings, where input and future video chunks from
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Figure 1: (a) In conventional approaches, both the observed frames and additional Gaussian noise of
the same size as the future chunk are provided to the model at inference. Zero timesteps are used for
the conditioning frames. (b) FlowFrames removes the noise; the model directly learns a vector field
from observed to future frames and thus enables sampling from solely an observed video chunk.
This simple design halves the input size. Also, by leveraging inherent optimal couplings and target
inversion at training, our approach exceeds the baselines quantitatively with as few as five neural
function evaluations. Although visualized in pixel space, the methods operate in latent space.

the same sequence serve as the source and target, respectively. This approach leads to straighter
flow trajectories and consequently reduces the number of neural function evaluations required at
inference to outperform prior methods quantitatively. FlowFrames also uses inverted latents of the
target video chunk, achieving improved visual quality. Our approach is capable of generating co-
herent video continuations without explicit temporal conditioning on the given input video chunk.
Fig. 1 illustrates the key difference between the input design adopted by conventional methods and
FlowFrames.

We summarize the primary contributions of this paper as follows:

• We propose a simple yet novel approach to video prediction by directly flowing from ob-
served to future frames, leveraging 2× more memory-efficient input design, which yields
- on the LTXV backbone as an example - approximately 50% lower peak GPU memory
relative to LTXVCondition (HaCohen et al., 2024).

• Our method leverages inherent optimal couplings of input and future frames as a proxy
for the true optimal couplings, reducing the required number of neural function evalua-
tions (NFEs) for state-of-the-art quantitative results (e.g., 4× fewer NFEs on the LTXV
backbone). In addition, our method leverages target inversion for enhanced visual fidelity.

• We conduct comprehensive experiments and ablations on OpenVid (Nan et al., 2024) and
NuScenes (Caesar et al., 2020) datasets, demonstrating that our method outperforms state-
of-the-art world and flow-based auto-regressive text-to-video models in quantitative scores
with significant reduction in GPU memory usage and NFEs.

2 RELATED WORK

Text-to-Video Models. Text-to-video (T2V) diffusion (Wang et al., 2023a;b; Chen et al., 2023; Wu
et al., 2023; Blattmann et al., 2023; Khachatryan et al., 2023; Ma et al., 2025b; Chen et al., 2024;
Yang et al., 2025) and flow models (HaCohen et al., 2024; Wan et al., 2025; Zheng et al., 2024;
Kong et al., 2025; Peng et al., 2025; Ma et al., 2025a; Polyak et al., 2025; Chen et al., 2025a; Jin
et al., 2025) are a class of conditional generative models that synthesize videos from text prompts.
Stable Video Diffusion (SVD) (Blattmann et al., 2023) focuses on data curation and extends Stable
Diffusion (SD) (Rombach et al., 2022) by temporal layers to capture inter-frame dynamics. SVD
faces challenges with scalability, long-term temporal modeling and T2V alignment. To overcome
these, CogVideoX (Yang et al., 2025) employs a 3D variational autoencoder (VAE) (Kingma &
Welling, 2022) for spatio-temporal compression and a diffusion transformer (DiT) (Peebles & Xie,
2023) with full 3D attention, where text and visual tokens are jointly processed via self-attention
(Vaswani et al., 2023) to enhance semantic alignment. CogVideoX is computationally expensive
due to the compression rate of its VAE. In contrast, HaCohen et al. (2024) apply a four times higher
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VAE compression rate than CogVideoX and pretrain a 2B DiT via flow matching (Esser et al., 2024;
Lipman et al., 2023; Albergo & Vanden-Eijnden, 2023). Wan (Wan et al., 2025) adopts similar
architectural and training principles – DiT, 3D VAE, flow matching – offering scalable models
(1.3B and 14B DiTs) for T2V synthesis.

World and Flow-Based Autoregressive T2V Models for Video Prediction. Recent video predic-
tion methods are part of world (Gao et al., 2024; Hassan et al., 2024) and flow-based auto-regressive
T2V models (HaCohen et al., 2024; Yin et al., 2025). On the one hand, Vista (Gao et al., 2024)
augments SVD with a latent-replacement scheme that injects up to three historical frames, and in-
troduces dynamics-enhancement and structure-preservation losses to improve realism. However,
Vista struggles with computational efficiency and controlability. To address the latter, GEM pre-
dicts future frames from a reference frame with control over DINOv2 (Oquab et al., 2023) features,
human poses, and ego-trajectories. GEM adopts progressive noise levels on frames in training for
future frame generation. On the other hand, CausVid (Yin et al., 2025) distills a bi-directional T2V
model into a uni-directional autoregressive student model using asymmetric distribution matching
distillation. It employs a block-wise causal attention along with per-block noise levels, preserving
bi-directional attention within local blocks while enforcing causality across them. Finally, LTXV-
Condition (HaCohen et al., 2024) is pre-trained using different amounts of noise levels per-token
allowing generation of a video sequence from a conditioning chunk which is given to the model as
input with zero timestep. While all of the above-mentioned methods support prediction of future
frames given an input chunk, we provide a fundamentally different viewpoint on video prediction
by directly flowing from observed to future frames.

3 METHODOLOGY

This section begins with an overview of flow matching and flow matching (Lipman et al., 2023; Liu
et al., 2022; Albergo & Vanden-Eijnden, 2023) with optimal couplings (Pooladian et al., 2023; Tong
et al., 2024). It then outlines FlowFrames, which directly trains a vector field between observed and
future frames with inherent optimal couplings and integrates target inversion into the pipeline.

3.1 PRELIMINARIES

Flow Matching: Flow matching (Lipman et al., 2023; Liu et al., 2022; Albergo & Vanden-Eijnden,
2023) is a training paradigm in generative modeling. It learns to transform a sample from an initial
distribution pinit(x0) – typically the standard multivariate normal distribution x0 ∼ N (0, Id))) –
into x1 where x1 comes from the data distribution pdata and d refers to the dimensionality of the
data. This is accomplished by first perturbing the target data sample during the training at a given
time step t via a convex combination with noise:

x = tz + (1− t)x0, (1)

where t ∼ U[0,1] is sampled uniformly from the unit interval. The perturbed input x is then passed
to a time-conditioned neural network uθ

t (x). The model is trained to predict the velocity vector
(z − x0), using the conditional flow matching loss:

LCFM(θ) = ||uθ
t (x)− (x1 − x0)||2. (2)

Once uθ
t (x) has been trained, a new sample from pdata can be generated by first sampling x0 from

the standard multivariate normal distribution and then following the velocity field predicted by the
model using Euler discretization. In the case of linear probability paths, the initial distribution
is not restricted to being Gaussian; a flow matching model can be trained between two arbitrary
distributions. This motivates us to consider training a flow matching model between distributions of
observed and future frames with the goal to generate future frames given an input video chunk.

Flow Matching With Optimal Couplings: Multiple strategies exist for sampling x0 and x1 at
training (e.g. independent sampling (Lipman et al., 2023; Tong et al., 2024) or the use of optimal
couplings (OC) (Pooladian et al., 2023; Kornilov et al., 2024)). Formally, given the joint distribu-
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Algorithm 1 Flowing From Observed To Future Frames

1: Require: pretrained uθ*

t , Π(pinput frames, pfuture frames), ρ
2: uθ

t ← uθ∗

t
3: for x0, x1 ∼ Π with (x0, x1) inherent optimal couplings do
4: µ1, σ1 = VAE(x1), x1 ← µ1

5: µ0, σ0 = VAE(x0)
6: x̂1 = RF-Solver-Inversion(uθ∗

t , x1) (Wang et al., 2025) ▷ Compute inverted latent
7: if p < ρ then x0 ← µ0 + σ0x̂1 else x0 ← µ0 ▷ Apply Target Inversion
8: t ∼ U [0, 1]
9: x← (1− t)x0 + tx1

10: LCFM(θ) =
∥∥uθ

t (x)− (x1 − x0)
∥∥2

11: Update θ using GD on LCFM(θ)
12: end for

tion Π(pinit, pdata), the optimal coupling is given by the minimizer of the following optimization
problem:

min
π∈Π(pinit, pdata)

(
Eπ(x0,x1)

[
∥x0 − x1∥2

])
(3)

This formulation corresponds to minimizing the squared 2-Wasserstein distance. Employing optimal
couplings for sampling pairs of noise and data during training facilitates the learning of straighter
flows for uθ

t (x), thereby reducing the number of sampling steps required at inference time to achieve
high-quality results in comparison to sampling independently during the training. However, comput-
ing optimal couplings in high-dimensional spaces such as images or videos remains computationally
intractable in practice. To address this, Pooladian et al. (2023); Tong et al. (2024) propose approx-
imating optimal couplings within a batch at training, demonstrating that such an approach leads to
straighter trajectories and a reduced number of inference steps in contrast to non-optimal couplings.

3.2 FLOWING FROM OBSERVED TO FUTURE FRAMES

Given observed frames, the goal of video prediction is to generate the next video chunk that is
semantically coherent with the given ones (Ming et al., 2025). We propose to directly flow from input
to the future frames using flow matching. Our motivation is twofold. (1) By flowing directly from
observed to future frames, FlowFrames avoids the conventional approach – such as LTXVCondition
(HaCohen et al., 2024) and CausVid (Yin et al., 2025) – of providing both observed frames and
additional noise at inference, thereby halving the input dimensionality. (2) We hypothesize that
learning a vector field between observed and future frames may facilitate faster convergence and
enable more efficient inference-time sampling compared with mapping from noise to future frames.
Formally, given x0 from the distribution of input frames pinput frames and x1 from the distribution of
future frames pfuture frames our goal is to learn a parametric vector field uθ

t (x) to predict the velocity
between input and future frames. In practice, flow matching is performed in the latent space of a
pre-trained 3D VAE (Kingma & Welling, 2022). Algorithm 1 presents our training algorithm.

Inherent Optimal Couplings as Input and Future Frames. As discussed in Section 3.1, learning a
vector field with optimal couplings leads to improved convergence and straighter sample trajectories.
However, in high-dimensional settings such as videos, computing exact optimal couplings under
a cost function is computationally intractable. Thus, we propose a practical and structure-aware
approximation: treating temporally adjacent video chunks of the same video as inherently optimal
or near-optimal couplings. Specifically, we partition a given video into consecutive segments: the
first segment serves as the input chunk x0, and the second as the future chunk x1. This pairing
leverages the natural temporal continuity and semantic coherence within a single video, which makes
it significantly more consistent than random pairings of chunks across different videos. Crucially,
such intra-video couplings incur no additional computational overhead, yet act as a strong proxy for
true optimal transport couplings. Empirically, we observe that using these temporally ordered pairs
at training result in decreased loss values (Fig. 4 (left)) and reduce the number of neural function
evaluations required for high-quality inference in comparison to independent pairs (Fig. 6a).
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(a) Disallowing a video chunk from matching with
itself.
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(b) Matching only with future chunks from the
same video.

Figure 2: Optimal Transport (OT) plan heatmaps between video chunks. We compute pairwise OT
plans between a batch of video chunks, solving the Monge–Kantorovich OT problem with uniform
marginals. Red dashed lines mark individual video boundaries. The structure of the transport plans
reveals strong alignment between temporally adjacent chunks from the same video, even without
explicit temporal constraints in (b).

To empirically validate our hypothesis that consecutive chunks from the same video approximate
optimal couplings, we compute pairwise Optimal Transport (OT) plans between a batch of video
chunks. Specifically, we randomly sample ten videos from our training set, OpenVid (Nan et al.,
2024), and divide each into chunks of 41 frames. We then solve the Monge–Kantorovich OT prob-
lem (Kantorovich, 1948) subject to uniform marginals:

min
π∈Rn×n

n∑
i=1

n∑
j=1

Mij πij s.t.
n∑

j=1

πij =
1
n , ∀i,

n∑
i=1

πij =
1
n , ∀j, (4)

where πij indicates the probability of matching source i with target j, n refers to the number of
video chunks and Mij denotes the pairwise squared Euclidean cost between the i-th and j-th video
chunks. Fig. 2 presents heatmaps of the resulting optimal transport plans under two different mask-
ing strategies: in Fig. 2a, self-matching is disallowed (i.e. a video chunk can not match with it-
self), whereas in Fig. 2b, each chunk is permitted to match only with future chunks from the same
video. Red dashed lines in Fig. 2 demarcate the boundaries between individual videos. The spurious
matches observed for the final chunk of each video in Fig. 2b are natural artifacts arising from the
absence of valid future chunks. The overall coupling patterns exhibit a strong preference for tempo-
rally adjacent segments within the same video; even in the absence of explicit temporal constraints;
suggesting that such chunk pairs can serve as structure-aware, computation-free approximations of
optimal couplings.

Target Inversion. Replacing the multivariate normal distribution with the empirical distribution
of observed frames when fine-tuning the given pre-trained T2V model, also changes the generative
objective faced by the pre-trained vector field, since the target vector field becomes the difference
between future and observed frames. To bridge this mismatch, we introduce Target Inversion (TI):
given a chunk of future frames x1, we recover an inverted latent x̂1 using RF-Solver inversion
(Wang et al., 2025) and the given pre-trained model such that the Euler solver reconstructs x1 from
x̂1. Then, during training we, with probability ρ, leverage x̂1 when sampling a latent representation
for the input frames. We hypothesize that this strategy biases the model toward learning the resid-
ual shift-and-scale transformation applied to the inverted target latent. While we do not observe
measurable gains in convergence speed or standard quantitative metrics (Fig. 4), we consistently see
improved perceptual fidelity in predicted videos (Fig. 5).
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Table 1: GPU memory usage scales linearly with effective volume V : Mem(V )≈k · (V/106) + b.
Here k and b are the OLS slope and intercept; smaller k means lower GPU memory usage. We
achieve a twofold reduction in k. Best k values in each backbone group are shaded in gray (i.e.
among methods with the same backbone that we fine-tuned on).

Method Backbone k (MB / 106) b (MB)

Vista SVD(1.5B) 20244.37 18430.21
GEM 6934.35 4194.67

LTXVCondition LTXV(2B) 7103.22 -660.92
Ours 3552.32 -308.35

CausVid Wan(1.3B) 93.35 4003.58
Ours 48.64 3998.74

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS

Datasets: We train our models on a random subset of 400K videos from OpenVid (Nan et al., 2024).
To mitigate abrupt scene transitions in individual videos, we apply a histogram-based scene change
detector to segment videos into coherent clips. For evaluation, we use randomly sampled set of 2000
videos from OpenVid and another random sample of 2000 videos from the NuScenes (Caesar et al.,
2020) validation set used by Vista (Gao et al., 2024).

Baselines and Evaluation Metrics: FlowFrames is compared against recent world models, includ-
ing Vista (Gao et al., 2024) and GEM (Hassan et al., 2024), as well as autoregressive T2V models,
LTXVCondition (HaCohen et al., 2024) and CausVid (Yin et al., 2025). We analyze GPU memory
overhead during generation. The video prediction quality is evaluated using the Fréchet Inception
Distance (FID)(Heusel et al., 2018) and the Fréchet Video Distance (FVD)(Unterthiner et al., 2019)
against the ground truth future chunk. For evaluation, we generate video predictions given an ob-
served video chunk. Owing to input-frame constraints in baselines such as Vista and the NuScenes
validation set, we use 17 input frames and predict the subsequent 17 frames. For ablation studies on
the method and NFE, we set the number of input and future frames to 41 and use 256× 384. More
details on the evaluation protocol are provided in the Appendix A.

Implementation Details. We fine-tune our models initialized from LTXV (2B) and Wan (1.3B) on
H100 GPUs with a total batch size of 14,336 for 1450 steps, using AdamW (Loshchilov & Hutter,
2019) with a learning rate of 2× 10−4. We use 17 and 41 frame video chunks at training, spatially
resized to 256 × 384 when using LTXV as a backbone, and to 240 × 416 when using Wan as a
backbone. All training hyperparameters are provided in Appendix A.

4.2 MAIN RESULTS

Analysis of GPU Memory Overhead. Table 1 presents an analysis of GPU memory overhead dur-
ing generation in comparison to the baseline. We define the effective volume V as the product of
the latent input tensor dimensions, c× f × h× w where c is the number of channels, f the number
of frames, and h and w the spatial resolution. For each method, we evaluate the average end-to-end
GPU overhead (including VAE encoding and decoding) over 100 runs at multiple effective volumes.
Because different methods employ different VAE compression ratios, we ensure that the effective
volumes are matched across models for a fair comparison, see Appendix A for details. To character-
ize scaling behavior, we assume a linear relationship of the form Mem(V )≈k · (V/106) + b where
k denotes the slope (memory increase per million effective volume units) and b the intercept (con-
stant overhead). k and b are estimated using ordinary least squares (OLS) regression and reported
in Table 1. We compare our LTXV-based model to LTXVCondition and our Wan-based model to
CausVid. In both cases, FlowFrames achieves almost a twofold reduction in k, consistent with our
design motivation of reducing input dimensionality.
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Table 2: Quantitative comparison on OpenVid and NuScenes validation sets. Our LTXV-based
model outperforms LTXVCondition with four times fewer total NFEs, while our Wan-based model
surpasses CausVid with similar NFEs and roughly half the input dimensionality. ↓ indicates lower
is better. The best and second-best scores are shaded dark and light gray, respectively, within each
backbone family (i.e. among methods sharing the same backbone from which we fine-tuned).

Method Backbone Total NFE OpenVid NuScenes

FID ↓ FVD ↓ FID ↓ FVD ↓
Vista SVD(1.5B) 50 0.377 184.327 3.497 368.082
GEM 117 1.470 413.600 1.885 251.133

LTXVCondition
LTXV(2B)

40 0.459 134.125 1.749 228.721

Ours 5 0.482 129.199 1.132 185.479
10 0.439 124.967 1.079 172.861

CausVid
Wan(1.3B)

5 0.299 379.157 1.277 812.457

Ours 5 0.100 105.512 0.452 158.970
10 0.063 98.455 0.331 125.632

GT Future Frames 

Predicted Frames  

GT Future Frames 

Predicted Frames  

Observed Frames

Observed Frames

Figure 3: Qualitative results on the OpenVid validation set. Our LTXV-based FlowFrames produces
temporally coherent and physically plausible video continuations. Frames are visualized with a
stride of 13. GT = ground truth. For example, notice how the boat moves from right to left, a motion
that continues in the ground-truth future frames and is also generated by our method. Similarly, ob-
serve the gradual camera zoom-out in the sand-and-rock scene, which our method also successfully
predicts. More examples are provided in Appendix C with videos in the supplementary material.

Sampling Efficiency and Quantitative Results. Table 2 provides a quantitative comparison be-
tween baseline methods and FlowFrames (fine-tuned from LTXV and Wan) on the OpenVid and
NuScenes validation sets and the total number of neural function evaluations (NFE) per method.
The total NFE reflects the number of network passes through the diffusion (or flow) backbone.
For CausVid, NFE depends on the size of the KV cache, which we set equal to the number of in-
put frames (i.e. 17). Our LTXV-based model achieves superior FID and FVD scores compared
to LTXVCondition, while requiring four times fewer NFEs. Likewise, our Wan-based model out-
performs CausVid at similar NFEs and having half the input model dimensionality. Moreover, our
Wan-based model attains these results using a straightforward flow matching loss, without additional
distillation procedures as required by CausVid.

Qualitative Results. Fig. 3 presents visualizations of video prediction results on the OpenVid val-
idation set, generated by our LTXV-based model with total NFE of 10 at a resolution of 256 × 384
with 41 observed and future frames. The predicted videos exhibit detailed motion, maintain temporal
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Figure 4: Training loss (left), validation FID (middle), and FVD (right) across four experimental
set-ups. Training from scratch with inherent Optimal Couplings (OC) and Target Inversion (TI) is
ineffective in terms of training loss. Fine-tuning without inherent OC+TI yields worse FID and FVD
than all other settings. Fine-tuning with inherent OC+TI attains the lowest loss and best validation
FID and FVD across configurations; relative to inherent OC-only fine-tuning, quantitative scores are
comparable, but inherent OC+TI yields better visual quality.

Observed 
Frames

GT Future 
Frames 

w/ Inherent 
OC, w/ TI 

(From 
Scratch) 

w/o 
Inherent 

OC, w/o TI 

w/ Inherent 
OC, w/o TI 

w/ Inherent 
OC,   w/ TI 

Figure 5: Visual comparison across four settings. Frames are shown with a stride of 13. GT refers to
ground truth. Training from scratch w/ OC+TI shows visual artifacts, indicating poor convergence.
Fine-tuning w/o OC+TI yields temporal incoherence and color shifts. Fine-tuning w/ OC+TI pro-
duces sharper, more consistent details than OC-only fine-tuning (see red rectangles). Overall, w/
OC+TI setting achieves the best visual quality. More results are in Appendix C.

coherence without explicit conditioning on the input frames, and yield logically and physically plau-
sible continuations of the given input video. Additional visual results are provided in Appendix C.

4.3 ABLATION STUDIES

Effect of Fine-tuning, Inherent OC and TI. Fig. 4 ablates the principal design choices of
FlowFrames: fine-tuning from a pre-trained T2V flow model (LTXV) rather than training from
scratch; using inherent optimal couplings (OC) as a proxy for the true optimal couplings at train-
ing; and employing target inversion (TI). We compare training losses and validation metrics (FID,
FVD) across four configurations: (1) training from scratch with inherent OC+TI, (2) fine-tuning
without inherent OC and without TI, (3) fine-tuning with inherent OC but without TI, and (4) fine-
tuning with inherent OC+TI (Algorithm 1). In training from scratch we initialize the DiT of LTXV
with random weights. The implementation details of (2) and (3) are provided in Appendix B. Two
main observations emerge. First, training from scratch with inherent OC+TI yields higher losses
than fine-tuning from LTXV with inherent OC+TI, underscoring the importance of leveraging pre-
trained model’s prior knowledge about video generation for video prediction. Second, omitting
inherent OC and TI at fine-tuning increases losses and degrades FID and FVD relative to fine-tuning
with inherent OC+TI. Although fine-tuning without OC+TI shows losses similar to training from
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(a) Ablation on the number of function evaluations (NFE).
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(b) Ablation on number of frames.

Figure 6: Ablations on NFE and number of frames: (a) With inherent OC+TI, 5–10 NFEs equate
or surpass 40 NFEs on FID/FVD and outperform fine-tuning without inherent OC/TI, indicating
FlowFrames preserves high visual and temporal quality with fewer NFEs; (b) FlowFrames keeps
FID/FVD stable as number of future frames grows, generalizing beyond its 17/41-frame training.

scratch with inherent OC+TI, qualitative inspection reveals future frames that are inconsistent with
the conditioning frames (Fig. 5); moreover, continuing fine-tuning with inherent OC+TI beyond
step 38 further improves validation FID. Finally, fine-tuning with inherent OC+TI and with inher-
ent OC-only attains comparable losses and FID and FVD, yet inherent OC+TI yields visibly higher
perceptual quality in the predicted videos (Fig. 5).

Ablation on NFE. Fig. 6a reports a quantitative ablation over NFEs for FlowFrames fine-tuned from
LTXV across the four experimental settings indicated above (see Appendix C for visual results).
Using 5–10 NFEs match or outperform the 40-NFE setting on both FID and FVD when fine-tuning
with inherent OC and TI, demonstrating that high perceptual quality and temporal coherence can be
achieved with notably fewer sampling steps. Excluding inherent OC and TI results in substantially
worse FID and FVD at NFE = 40 than fine-tuning with inherent OC and TI at NFE = 10. This
supports our design choice that leveraging inherent optimal couplings at training enables efficient
inference without sacrificing fidelity.

Ablation on Long Video Prediction. Fig. 6b presents a quantitative analysis of performance as a
function of the number of predicted frames with visual results in Appendix C. FlowFrames, fine-
tuned from LTXV, maintains consistent FID and FVD as the number of future frames grows – despite
being trained only on 17- and 41-frame video chunks – indicating stable per-frame fidelity, temporal
coherence, and effective generalization to long video prediction across the evaluated ranges.

5 CONCLUSION

This paper introduced FlowFrames, a next video chunk prediction approach that directly flows from
input to future frames. Our method fine-tunes text-to-video priors (e.g., LTXV/Wan) from the dis-
tribution of observed to future frames, adopting inherent optimal couplings via consecutive chunks,
and integrating target inversion into the training pipeline. Empirically, FlowFrames achieves state-
of-the-art FID and FVD scores with as few as five neural function evaluations, while delivering 2×
reduction in model input dimensionality relative to baseline methods.

Limitation and Future Work. Our training experiments use fixed-length chunks (17 and 41
frames). The method empirically generalizes to longer video prediction but does not yet model
variable-length inputs. Future work includes training with heterogeneous chunk lengths to better
match future-duration distributions and adding controllability via explicit conditioning (e.g., render-
ing maps, camera trajectories) for user-directed dynamics. Further limitations and directions are in
Appendix D.

Reproducibility Statement. Training, experimental, and ablation details are in Appendices A and
B. Training and inference codes are in the supplementary material and will be released publicly.

Large Language Model Use. Large language models (e.g., ChatGPT-5 (OpenAI, 2025)) were used
solely for grammar and proofreading and had no role in this work’s conception, analysis, or results.
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Brüggemann, Isinsu Katircioglu, Lin Zhang, Xiaoran Chen, Suman Saha, Marco Cannici, Elie
Aljalbout, Botao Ye, Xi Wang, Aram Davtyan, Mathieu Salzmann, Davide Scaramuzza, Marc
Pollefeys, Paolo Favaro, and Alexandre Alahi. Gem: A generalizable ego-vision multimodal
world model for fine-grained ego-motion, object dynamics, and scene composition control, 2024.
URL https://arxiv.org/abs/2412.11198.

Hao He, Yinghao Xu, Yuwei Guo, Gordon Wetzstein, Bo Dai, Hongsheng Li, and Ceyuan
Yang. Cameractrl: Enabling camera control for text-to-video generation, 2025. URL https:
//arxiv.org/abs/2404.02101.

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, and Sepp Hochreiter.
Gans trained by a two time-scale update rule converge to a local nash equilibrium, 2018. URL
https://arxiv.org/abs/1706.08500.

Jonathan Ho and Tim Salimans. Classifier-free diffusion guidance, 2022. URL https://arxiv.
org/abs/2207.12598.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. In
H. Larochelle, M. Ranzato, R. Hadsell, M.F. Balcan, and H. Lin (eds.), Advances in Neu-
ral Information Processing Systems, volume 33, pp. 6840–6851. Curran Associates, Inc.,
2020. URL https://proceedings.neurips.cc/paper_files/paper/2020/
file/4c5bcfec8584af0d967f1ab10179ca4b-Paper.pdf.

Chen Hou and Zhibo Chen. Training-free camera control for video generation, 2025. URL https:
//arxiv.org/abs/2406.10126.

Zeyinzi Jiang, Zhen Han, Chaojie Mao, Jingfeng Zhang, Yulin Pan, and Yu Liu. Vace: All-in-one
video creation and editing, 2025. URL https://arxiv.org/abs/2503.07598.

Yang Jin, Zhicheng Sun, Ningyuan Li, Kun Xu, Kun Xu, Hao Jiang, Nan Zhuang, Quzhe Huang,
Yang Song, Yadong Mu, and Zhouchen Lin. Pyramidal flow matching for efficient video genera-
tive modeling, 2025. URL https://arxiv.org/abs/2410.05954.

L. V. Kantorovich. On a problem of monge. Uspekhi Matematicheskikh Nauk, 3(2):225–226, 1948.
In Russian.

Levon Khachatryan, Andranik Movsisyan, Vahram Tadevosyan, Roberto Henschel, Zhangyang
Wang, Shant Navasardyan, and Humphrey Shi. Text2video-zero: Text-to-image diffusion models
are zero-shot video generators, 2023. URL https://arxiv.org/abs/2303.13439.

Diederik P Kingma and Max Welling. Auto-encoding variational bayes, 2022. URL https:
//arxiv.org/abs/1312.6114.

Weijie Kong, Qi Tian, Zijian Zhang, Rox Min, Zuozhuo Dai, Jin Zhou, Jiangfeng Xiong, Xin Li,
Bo Wu, Jianwei Zhang, Kathrina Wu, Qin Lin, Junkun Yuan, Yanxin Long, Aladdin Wang, An-
dong Wang, Changlin Li, Duojun Huang, Fang Yang, Hao Tan, Hongmei Wang, Jacob Song,
Jiawang Bai, Jianbing Wu, Jinbao Xue, Joey Wang, Kai Wang, Mengyang Liu, Pengyu Li, Shuai
Li, Weiyan Wang, Wenqing Yu, Xinchi Deng, Yang Li, Yi Chen, Yutao Cui, Yuanbo Peng, Zhen-
tao Yu, Zhiyu He, Zhiyong Xu, Zixiang Zhou, Zunnan Xu, Yangyu Tao, Qinglin Lu, Song-
tao Liu, Dax Zhou, Hongfa Wang, Yong Yang, Di Wang, Yuhong Liu, Jie Jiang, and Caesar
Zhong. Hunyuanvideo: A systematic framework for large video generative models, 2025. URL
https://arxiv.org/abs/2412.03603.

Nikita Kornilov, Petr Mokrov, Alexander Gasnikov, and Alexander Korotin. Optimal flow match-
ing: Learning straight trajectories in just one step, 2024. URL https://arxiv.org/abs/
2403.13117.

Guojun Lei, Chi Wang, Rong Zhang, Yikai Wang, Hong Li, and Weiwei Xu. Animateanything:
Consistent and controllable animation for video generation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), pp. 27946–27956, June 2025.

11

https://arxiv.org/abs/2412.11198
https://arxiv.org/abs/2404.02101
https://arxiv.org/abs/2404.02101
https://arxiv.org/abs/1706.08500
https://arxiv.org/abs/2207.12598
https://arxiv.org/abs/2207.12598
https://proceedings.neurips.cc/paper_files/paper/2020/file/4c5bcfec8584af0d967f1ab10179ca4b-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/4c5bcfec8584af0d967f1ab10179ca4b-Paper.pdf
https://arxiv.org/abs/2406.10126
https://arxiv.org/abs/2406.10126
https://arxiv.org/abs/2503.07598
https://arxiv.org/abs/2410.05954
https://arxiv.org/abs/2303.13439
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/2412.03603
https://arxiv.org/abs/2403.13117
https://arxiv.org/abs/2403.13117


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Jingyun Liang, Yuchen Fan, Kai Zhang, Radu Timofte, Luc Van Gool, and Rakesh Ranjan. Movideo:
Motion-aware video generation with diffusion models, 2024. URL https://arxiv.org/
abs/2311.11325.

Yaron Lipman, Ricky T. Q. Chen, Heli Ben-Hamu, Maximilian Nickel, and Matt Le. Flow matching
for generative modeling, 2023. URL https://arxiv.org/abs/2210.02747.

Xingchao Liu, Chengyue Gong, and Qiang Liu. Flow straight and fast: Learning to generate and
transfer data with rectified flow, 2022. URL https://arxiv.org/abs/2209.03003.

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization, 2019. URL https:
//arxiv.org/abs/1711.05101.

Guoqing Ma, Haoyang Huang, Kun Yan, Liangyu Chen, Nan Duan, Shengming Yin, Changyi Wan,
Ranchen Ming, Xiaoniu Song, Xing Chen, Yu Zhou, Deshan Sun, Deyu Zhou, Jian Zhou, Kai-
jun Tan, Kang An, Mei Chen, Wei Ji, Qiling Wu, Wen Sun, Xin Han, Yanan Wei, Zheng Ge,
Aojie Li, Bin Wang, Bizhu Huang, Bo Wang, Brian Li, Changxing Miao, Chen Xu, Chenfei
Wu, Chenguang Yu, Dapeng Shi, Dingyuan Hu, Enle Liu, Gang Yu, Ge Yang, Guanzhe Huang,
Gulin Yan, Haiyang Feng, Hao Nie, Haonan Jia, Hanpeng Hu, Hanqi Chen, Haolong Yan, Heng
Wang, Hongcheng Guo, Huilin Xiong, Huixin Xiong, Jiahao Gong, Jianchang Wu, Jiaoren Wu,
Jie Wu, Jie Yang, Jiashuai Liu, Jiashuo Li, Jingyang Zhang, Junjing Guo, Junzhe Lin, Kaixiang
Li, Lei Liu, Lei Xia, Liang Zhao, Liguo Tan, Liwen Huang, Liying Shi, Ming Li, Mingliang
Li, Muhua Cheng, Na Wang, Qiaohui Chen, Qinglin He, Qiuyan Liang, Quan Sun, Ran Sun,
Rui Wang, Shaoliang Pang, Shiliang Yang, Sitong Liu, Siqi Liu, Shuli Gao, Tiancheng Cao,
Tianyu Wang, Weipeng Ming, Wenqing He, Xu Zhao, Xuelin Zhang, Xianfang Zeng, Xiaojia
Liu, Xuan Yang, Yaqi Dai, Yanbo Yu, Yang Li, Yineng Deng, Yingming Wang, Yilei Wang,
Yuanwei Lu, Yu Chen, Yu Luo, Yuchu Luo, Yuhe Yin, Yuheng Feng, Yuxiang Yang, Zecheng
Tang, Zekai Zhang, Zidong Yang, Binxing Jiao, Jiansheng Chen, Jing Li, Shuchang Zhou, Xi-
angyu Zhang, Xinhao Zhang, Yibo Zhu, Heung-Yeung Shum, and Daxin Jiang. Step-video-t2v
technical report: The practice, challenges, and future of video foundation model, 2025a. URL
https://arxiv.org/abs/2502.10248.

Xin Ma, Yaohui Wang, Xinyuan Chen, Gengyun Jia, Ziwei Liu, Yuan-Fang Li, Cunjian Chen, and
Yu Qiao. Latte: Latent diffusion transformer for video generation, 2025b. URL https://
arxiv.org/abs/2401.03048.

Yue Ma, Kunyu Feng, Zhongyuan Hu, Xinyu Wang, Yucheng Wang, Mingzhe Zheng, Xuanhua
He, Chenyang Zhu, Hongyu Liu, Yingqing He, Zeyu Wang, Zhifeng Li, Xiu Li, Wei Liu, Dan
Xu, Linfeng Zhang, and Qifeng Chen. Controllable video generation: A survey, 2025c. URL
https://arxiv.org/abs/2507.16869.

Ruibo Ming, Zhewei Huang, Jingwei Wu, Zhuoxuan Ju, Daxin Jiang, Jianming Hu, Lihui Peng,
and Shuchang Zhou. A survey on future frame synthesis: Bridging deterministic and generative
approaches, 2025. URL https://arxiv.org/abs/2401.14718.

Kepan Nan, Rui Xie, Penghao Zhou, Tiehan Fan, Zhenheng Yang, Zhijie Chen, Xiang Li, Jian Yang,
and Ying Tai. Openvid-1m: A large-scale high-quality dataset for text-to-video generation. arXiv
preprint arXiv:2407.02371, 2024.

OpenAI. Introducing gpt-5. https://openai.com/index/introducing-gpt-5/, Au-
gust 2025. Accessed: 2025-09-17.

Maxime Oquab, Timothée Darcet, Theo Moutakanni, Huy V. Vo, Marc Szafraniec, Vasil Khalidov,
Pierre Fernandez, Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, Russell Howes, Po-Yao
Huang, Hu Xu, Vasu Sharma, Shang-Wen Li, Wojciech Galuba, Mike Rabbat, Mido Assran,
Nicolas Ballas, Gabriel Synnaeve, Ishan Misra, Herve Jegou, Julien Mairal, Patrick Labatut, Ar-
mand Joulin, and Piotr Bojanowski. Dinov2: Learning robust visual features without supervision,
2023.

William Peebles and Saining Xie. Scalable diffusion models with transformers, 2023. URL https:
//arxiv.org/abs/2212.09748.

12

https://arxiv.org/abs/2311.11325
https://arxiv.org/abs/2311.11325
https://arxiv.org/abs/2210.02747
https://arxiv.org/abs/2209.03003
https://arxiv.org/abs/1711.05101
https://arxiv.org/abs/1711.05101
https://arxiv.org/abs/2502.10248
https://arxiv.org/abs/2401.03048
https://arxiv.org/abs/2401.03048
https://arxiv.org/abs/2507.16869
https://arxiv.org/abs/2401.14718
https://openai.com/index/introducing-gpt-5/
https://arxiv.org/abs/2212.09748
https://arxiv.org/abs/2212.09748


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Xiangyu Peng, Zangwei Zheng, Chenhui Shen, Tom Young, Xinying Guo, Binluo Wang, Hang Xu,
Hongxin Liu, Mingyan Jiang, Wenjun Li, Yuhui Wang, Anbang Ye, Gang Ren, Qianran Ma, Wany-
ing Liang, Xiang Lian, Xiwen Wu, Yuting Zhong, Zhuangyan Li, Chaoyu Gong, Guojun Lei, Leijun
Cheng, Limin Zhang, Minghao Li, Ruijie Zhang, Silan Hu, Shijie Huang, Xiaokang Wang, Yuan-
heng Zhao, Yuqi Wang, Ziang Wei, and Yang You. Open-sora 2.0: Training a commercial-level
video generation model in 200k, 2025.URL.

Dustin Podell, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas Müller, Joe
Penna, and Robin Rombach. Sdxl: Improving latent diffusion models for high-resolution image
synthesis, 2023. URL https://arxiv.org/abs/2307.01952.

Adam Polyak, Amit Zohar, Andrew Brown, Andros Tjandra, Animesh Sinha, Ann Lee, Apoorv
Vyas, Bowen Shi, Chih-Yao Ma, Ching-Yao Chuang, David Yan, Dhruv Choudhary, Dingkang
Wang, Geet Sethi, Guan Pang, Haoyu Ma, Ishan Misra, Ji Hou, Jialiang Wang, Kiran Jagadeesh,
Kunpeng Li, Luxin Zhang, Mannat Singh, Mary Williamson, Matt Le, Matthew Yu, Mitesh Kumar
Singh, Peizhao Zhang, Peter Vajda, Quentin Duval, Rohit Girdhar, Roshan Sumbaly, Sai Saketh
Rambhatla, Sam Tsai, Samaneh Azadi, Samyak Datta, Sanyuan Chen, Sean Bell, Sharadh Ra-
maswamy, Shelly Sheynin, Siddharth Bhattacharya, Simran Motwani, Tao Xu, Tianhe Li, Tingbo
Hou, Wei-Ning Hsu, Xi Yin, Xiaoliang Dai, Yaniv Taigman, Yaqiao Luo, Yen-Cheng Liu, Yi-Chiao
Wu, Yue Zhao, Yuval Kirstain, Zecheng He, Zijian He, Albert Pumarola, Ali Thabet, Artsiom
Sanakoyeu, Arun Mallya, Baishan Guo, Boris Araya, Breena Kerr, Carleigh Wood, Ce Liu, Cen
Peng, Dimitry Vengertsev, Edgar Schonfeld, Elliot Blanchard, Felix Juefei-Xu, Fraylie Nord, Jeff
Liang, John Hoffman, Jonas Kohler, Kaolin Fire, Karthik Sivakumar, Lawrence Chen, Licheng Yu,
Luya Gao, Markos Georgopoulos, Rashel Moritz, Sara K. Sampson, Shikai Li, Simone Parmeggiani,
Steve Fine, Tara Fowler, Vladan Petrovic, and Yuming Du. Movie gen: A cast of media foundation
models, 2025. URL https://arxiv.org/abs/2410.13720.

Aram-Alexandre Pooladian, Heli Ben-Hamu, Carles Domingo-Enrich, Brandon Amos, Yaron Lip-
man, and Ricky T. Q. Chen. Multisample flow matching: Straightening flows with minibatch
couplings, 2023. URL https://arxiv.org/abs/2304.14772.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-
resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR), pp. 10684–10695, June 2022.

Team Seawead, Ceyuan Yang, Zhijie Lin, Yang Zhao, Shanchuan Lin, Zhibei Ma, Haoyuan Guo,
Hao Chen, Lu Qi, Sen Wang, Feng Cheng, Feilong Zuo, Xuejiao Zeng, Ziyan Yang, Fangyuan Kong,
Meng Wei, Zhiwu Qing, Fei Xiao, Tuyen Hoang, Siyu Zhang, Peihao Zhu, Qi Zhao, Jiangqiao
Yan, Liangke Gui, Sheng Bi, Jiashi Li, Yuxi Ren, Rui Wang, Huixia Li, Xuefeng Xiao, Shu Liu,
Feng Ling, Heng Zhang, Houmin Wei, Huafeng Kuang, Jerry Duncan, Junda Zhang, Junru Zheng,
Li Sun, Manlin Zhang, Renfei Sun, Xiaobin Zhuang, Xiaojie Li, Xin Xia, Xuyan Chi, Yanghua
Peng, Yuping Wang, Yuxuan Wang, Zhongkai Zhao, Zhuo Chen, Zuquan Song, Zhenheng Yang,
Jiashi Feng, Jianchao Yang, and Lu Jiang. Seaweed-7b: Cost-effective training of video generation
foundation model, 2025. URL https://arxiv.org/abs/2504.08685.

Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan, and Surya Ganguli. Deep unsuper-
vised learning using nonequilibrium thermodynamics. In Francis Bach and David Blei (eds.),
Proceedings of the 32nd International Conference on Machine Learning, volume 37 of Proceed-
ings of Machine Learning Research, pp. 2256–2265, Lille, France, 07–09 Jul 2015. PMLR. URL
https://proceedings.mlr.press/v37/sohl-dickstein15.html.

Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit models. In Inter-
national Conference on Learning Representations, 2021a. URL https://openreview.net/
forum?id=St1giarCHLP.

Yang Song, Jascha Sohl-Dickstein, Diederik P. Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equations, 2021b.

Alexander Tong, Kilian Fatras, Nikolay Malkin, Guillaume Huguet, Yanlei Zhang, Jarrid Rector-
Brooks, Guy Wolf, and Yoshua Bengio. Improving and generalizing flow-based generative models
with minibatch optimal transport, 2024. URL https://arxiv.org/abs/2302.00482.

13

https://arxiv.org/abs/2503.09642
https://arxiv.org/abs/2307.01952
https://arxiv.org/abs/2410.13720
https://arxiv.org/abs/2304.14772
https://arxiv.org/abs/2504.08685
https://proceedings.mlr.press/v37/sohl-dickstein15.html
https://openreview.net/forum?id=St1giarCHLP
https://openreview.net/forum?id=St1giarCHLP
https://arxiv.org/abs/2302.00482


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Thomas Unterthiner, Sjoerd van Steenkiste, Karol Kurach, Raphael Marinier, Marcin Michalski,
and Sylvain Gelly. Towards accurate generative models of video: A new metric challenges, 2019.
URL https://arxiv.org/abs/1812.01717.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you need, 2023. URL https://arxiv.
org/abs/1706.03762.

Team Wan, Ang Wang, Baole Ai, Bin Wen, Chaojie Mao, Chen-Wei Xie, Di Chen, Feiwu Yu,
Haiming Zhao, Jianxiao Yang, Jianyuan Zeng, Jiayu Wang, Jingfeng Zhang, Jingren Zhou, Jinkai
Wang, Jixuan Chen, Kai Zhu, Kang Zhao, Keyu Yan, Lianghua Huang, Mengyang Feng, Ningyi
Zhang, Pandeng Li, Pingyu Wu, Ruihang Chu, Ruili Feng, Shiwei Zhang, Siyang Sun, Tao Fang,
Tianxing Wang, Tianyi Gui, Tingyu Weng, Tong Shen, Wei Lin, Wei Wang, Wei Wang, Wenmeng
Zhou, Wente Wang, Wenting Shen, Wenyuan Yu, Xianzhong Shi, Xiaoming Huang, Xin Xu, Yan
Kou, Yangyu Lv, Yifei Li, Yijing Liu, Yiming Wang, Yingya Zhang, Yitong Huang, Yong Li, You
Wu, Yu Liu, Yulin Pan, Yun Zheng, Yuntao Hong, Yupeng Shi, Yutong Feng, Zeyinzi Jiang, Zhen
Han, Zhi-Fan Wu, and Ziyu Liu. Wan: Open and advanced large-scale video generative models,
2025. URL https://arxiv.org/abs/2503.20314.

Jiangshan Wang, Junfu Pu, Zhongang Qi, Jiayi Guo, Yue Ma, Nisha Huang, Yuxin Chen, Xiu Li,
and Ying Shan. Taming rectified flow for inversion and editing, 2025. URL https://arxiv.
org/abs/2411.04746.

Jiuniu Wang, Hangjie Yuan, Dayou Chen, Yingya Zhang, Xiang Wang, and Shiwei Zhang.
Modelscope text-to-video technical report, 2023a. URL https://arxiv.org/abs/2308.
06571.

Yaohui Wang, Xinyuan Chen, Xin Ma, Shangchen Zhou, Ziqi Huang, Yi Wang, Ceyuan Yang, Yinan
He, Jiashuo Yu, Peiqing Yang, Yuwei Guo, Tianxing Wu, Chenyang Si, Yuming Jiang, Cunjian
Chen, Chen Change Loy, Bo Dai, Dahua Lin, Yu Qiao, and Ziwei Liu. Lavie: High-quality video
generation with cascaded latent diffusion models, 2023b. URL https://arxiv.org/abs/
2309.15103.

Jay Zhangjie Wu, Yixiao Ge, Xintao Wang, Weixian Lei, Yuchao Gu, Yufei Shi, Wynne Hsu, Ying
Shan, Xiaohu Qie, and Mike Zheng Shou. Tune-a-video: One-shot tuning of image diffusion models
for text-to-video generation, 2023. URL https://arxiv.org/abs/2212.11565.

Shitao Xiao, Yueze Wang, Junjie Zhou, Huaying Yuan, Xingrun Xing, Ruiran Yan, Chaofan Li,
Shuting Wang, Tiejun Huang, and Zheng Liu. Omnigen: Unified image generation, 2024. URL
https://arxiv.org/abs/2409.11340.

Enze Xie, Junsong Chen, Junyu Chen, Han Cai, Haotian Tang, Yujun Lin, Zhekai Zhang, Muyang
Li, Ligeng Zhu, Yao Lu, and Song Han. Sana: Efficient high-resolution image synthesis with linear
diffusion transformers, 2024. URL https://arxiv.org/abs/2410.10629.

Dejia Xu, Weili Nie, Chao Liu, Sifei Liu, Jan Kautz, Zhangyang Wang, and Arash Vahdat. Camco:
Camera-controllable 3d-consistent image-to-video generation, 2024. URL https://arxiv.
org/abs/2406.02509.

Zhuoyi Yang, Jiayan Teng, Wendi Zheng, Ming Ding, Shiyu Huang, Jiazheng Xu, Yuanming Yang,
Wenyi Hong, Xiaohan Zhang, Guanyu Feng, Da Yin, Yuxuan Zhang, Weihan Wang, Yean Cheng,
Bin Xu, Xiaotao Gu, Yuxiao Dong, and Jie Tang. Cogvideox: Text-to-video diffusion models with
an expert transformer, 2025. URL https://arxiv.org/abs/2408.06072.

Tianwei Yin, Qiang Zhang, Richard Zhang, William T Freeman, Fredo Durand, Eli Shechtman, and
Xun Huang. From slow bidirectional to fast autoregressive video diffusion models. 2025.

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala. Adding conditional control to text-to-image
diffusion models, 2023a. URL https://arxiv.org/abs/2302.05543.

Yabo Zhang, Yuxiang Wei, Dongsheng Jiang, Xiaopeng Zhang, Wangmeng Zuo, and Qi Tian. Con-
trolvideo: Training-free controllable text-to-video generation, 2023b. URL https://arxiv.
org/abs/2305.13077.

14

https://arxiv.org/abs/1812.01717
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/2503.20314
https://arxiv.org/abs/2411.04746
https://arxiv.org/abs/2411.04746
https://arxiv.org/abs/2308.06571
https://arxiv.org/abs/2308.06571
https://arxiv.org/abs/2309.15103
https://arxiv.org/abs/2309.15103
https://arxiv.org/abs/2212.11565
https://arxiv.org/abs/2409.11340
https://arxiv.org/abs/2410.10629
https://arxiv.org/abs/2406.02509
https://arxiv.org/abs/2406.02509
https://arxiv.org/abs/2408.06072
https://arxiv.org/abs/2302.05543
https://arxiv.org/abs/2305.13077
https://arxiv.org/abs/2305.13077


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Wenliang Zhao, Lujia Bai, Yongming Rao, Jie Zhou, and Jiwen Lu. Unipc: A unified predictor-
corrector framework for fast sampling of diffusion models, 2023. URL https://arxiv.org/
abs/2302.04867.

Sixiao Zheng, Zimian Peng, Yanpeng Zhou, Yi Zhu, Hang Xu, Xiangru Huang, and Yanwei Fu.
Vidcraft3: Camera, object, and lighting control for image-to-video generation, 2025. URL https:
//arxiv.org/abs/2502.07531.

Zangwei Zheng, Xiangyu Peng, Tianji Yang, Chenhui Shen, Shenggui Li, Hongxin Liu, Yukun
Zhou, Tianyi Li, and Yang You. Open-sora: Democratizing efficient video production for all, 2024.
URL https://arxiv.org/abs/2412.20404.

Yuan Zhou, Qiuyue Wang, Yuxuan Cai, and Huan Yang. Allegro: Open the black box of
commercial-level video generation model, 2024. URL https://arxiv.org/abs/2410.
15458.

Yujie Zhou, Jiazi Bu, Pengyang Ling, Pan Zhang, Tong Wu, Qidong Huang, Jinsong Li, Xiaoyi
Dong, Yuhang Zang, Yuhang Cao, Anyi Rao, Jiaqi Wang, and Li Niu. Light-a-video: Training-free
video relighting via progressive light fusion, 2025. URL https://arxiv.org/abs/2502.
08590.

15

https://arxiv.org/abs/2302.04867
https://arxiv.org/abs/2302.04867
https://arxiv.org/abs/2502.07531
https://arxiv.org/abs/2502.07531
https://arxiv.org/abs/2412.20404
https://arxiv.org/abs/2410.15458
https://arxiv.org/abs/2410.15458
https://arxiv.org/abs/2502.08590
https://arxiv.org/abs/2502.08590


810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

APPENDIX

A IMPLEMENTATION AND EVALUATION DETAILS

Training Details. The proposed FlowFrames method is fine-tuned from two backbones: LTXV
(HaCohen et al., 2024) and Wan (Wan et al., 2025). All ablation studies are run exclusively on
LTXV as LTXV’s VAE (Kingma & Welling, 2022) provides a higher overall compression ratio than
Wan, yielding faster training and lower compute/memory cost under the same hardware budget (i.e.
for the Wan backbone, we double the number of devices relative to LTXV to ensure a matched batch
size.). Unless stated otherwise, we use the AdamW optimizer (Loshchilov & Hutter, 2019) with a
learning rate of 0.9. The complete set of hyperparameters used for fine-tuning from both LTXV and
Wan are listed in Table 3.

Table 3: Fine-tuning hyper-parameters used in our experiments.

Configuration LTXV-based Wan-based
Batch Size / GPU 64 32
Accumulate Step 8 8
Optimizer AdamW AdamW
β1 0.9 0.9
β2 0.99 0.99
Learning Rate 0.0002 0.0002
Learning Rate Schedule Linear Cosine
Training Steps 1450 1450
Resolution 256×384 240×416
Number of Frames 17, 41 17, 41
Shifting True True
Weighting Scheme Logit Normal Uniform
Num Layers 28 30
p 0.7 0.7
Pre-trained Model LTX-Video-2b-v0.9.5 Wan2.1-T2V-1.3B

Sampler
FlowMatchEulerDiscreteScheduler

(Esser et al., 2024)
UniPCMultistepScheduler

(Zhao et al., 2023)
Sample Steps 40 50
Guide Scale 3.5 5
Device NVIDIA H100 80 GB ×28 NVIDIA H100 80 GB ×56
Training Strategy AMP / DDP / BFloat16 AMP / DDP / BFloat16

Evaluation Setup. We evaluate FlowFrames against world (Gao et al., 2024; Hassan et al., 2024)
and autoregressive HaCohen et al. (2024); Yin et al. (2025) text-to-video baselines in a video predic-
tion setting with a fixed number of frames: each model receives 17 conditioning (or input) frames
and predicts the next 17 frames. The 17/17 choice is driven by the maximum sequence length that
fits in memory for Vista (Gao et al., 2024) (i.e. 34 total frames per sample) on a single NVIDIA
H100 GPU with 80 GB of memory. To ensure a fair comparison, we adopt the same 17-frame input
and 17-frame output for all methods, including ours. Table 4 reports all evaluation hyperparameters
across methods (e.g., input/generation resolution, classifier-free guidance scale (Ho & Salimans,
2022), and other runtime settings).

NuScenes Protocol. For NuScenes dataset (Caesar et al., 2020), we use the validation split from
Vista (150 scenes; 750 videos per camera position). We aggregate three camera views – FRONT,
BACK, and FRONT-LEFT – and randomly sample 2,000 videos for evaluation to match the sample
count of our OpenVid (Nan et al., 2024) validation set. The exact validation indices for OpenVid
and NuScenes are provided in the supplementary material.

Details on Effective Volume for GPU Memory Analysis. We compare GPU memory usage across
world and autoregressive text-to-video models that rely on different backbones and therefore dif-
ferent VAE compression ratios. To ensure a fair comparison, we match (or closely approximate)
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Table 4: Evaluation hyper-parameters across all methods being compared. We use the following
abbreviations for this table: H = Height, W = Width, In = the number of conditioning or input
frames, Out = the number of output frames, Out-L = the number of output frames in the latent space,
Blk = frames per block, NFE = number of function evaluations, CFG = classifier-free guidance scale,
Rnd = number of sampling rounds.

Method H W In
Out

(img/lat) Out-L
Blk

(frames)
Total
NFE CFG Rnd

Vista 576 1024 17 17 17 - 50 2.5 1
GEM 576 576 17 17 17 - 117 1.5 1
CausVid 480 832 17 17 5 5 5 1 -
Self-Forcing 480 832 17 17 5 5 6 1 -
LTXVCondition 256 256 17 17 3 - 40 3.5 -
Ours (LTXV) 256 384 17 17 3 - 5/6/10 3.5 -
Ours (Wan) 240 416 17 17 5 - 5/6/10 5 -

Table 5: Representative data used in the GPU–memory analysis across five effective volumes. We
use the following abbreviations in this table: VSVD = the effective volume for methods based on the
SVD backbone, VLTXV/Wan = the effective volume for methods that use LTXV or Wan as a backbone,
FSVD = the latent number of conditioning frames used in methods based on the SVD backbone,
FLTXV = the latent number of conditioning (or input) frames used in methods based on the LTXV
backbone and FWan = the latent number of conditioning (or input) frames used in methods that use
the Wan backbone.

# VSVD VLTXV/Wan FSVD FLTXV FWan

1 294,912 299,520 5 41 9
2 368,640 399,360 8 57 13
3 479,232 499,200 10 73 17
4 589,824 599,040 13 89 21
5 884,736 898,560 16 137 33

the effective volume per run and per method. Vista and GEM (Hassan et al., 2024) use the SVD
(Blattmann et al., 2023) backbone; LTXVCondition uses LTXV (HaCohen et al., 2024); CausVid
(Yin et al., 2025) uses Wan (Wan et al., 2025); our method is fine-tuned and evaluated with LTXV
and Wan backbones. We characterize the VAE latent space by c× f × h× w (the number of chan-
nels, the number of frames, height and width): SVD 4× 1× 8× 8, LTXV 128× 8× 32× 32, Wan
16× 4× 8× 8. Table 5 lists representative configurations used in the main-text GPU memory study
across five effective volumes, including effective volumes for SVD, LTXV, and Wan, and the latent
number of conditioning (or input) frames for each run. For consistency, SVD-based methods are run
at 576× 1024 resolution, and LTXV/Wan-based methods at 480× 832.

B ABLATION ALGORITHMS FOR CORE DESIGN CHOICES

In addition to the main training algorithm described in the paper, in this section we include two
auxiliary variants used in our ablation studies for the assessment of the primary design decisions
of FlowFrames. Specifically, we provide pseudocode for: fine-tuning without Inherent Optimal
Couplings (OC) and without Target Inversion (Algorithm 2); and fine-tuning with Inherent OC but
without Target Inversion (Algorithm 3). In Algorithm 2, observed and future frames are sampled
independently from their respective distributions, with no target inversion applied. By contrast,
Algorithm 3 incorporates Inherent OC, ensuring coupling between observed and future frames as
described in the main text, while still omitting target inversion.
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Algorithm 2 Flowing From Observed To Future Frames (w/o Inherent OC, w/o Target Inversion)

1: Require: pretrained uθ∗

t , ρ
2: uθ

t ← uθ∗

t
3: for x0 ∼ pinput frames, x1 ∼ pfuture frames do
4: µ1, σ1 = VAE(x1), x1 ← µ1

5: µ0, σ0 = VAE(x0), x0 ← µ0

6: t ∼ U [0, 1]
7: x← (1− t)x0 + tx1

8: LCFM(θ) =
∥∥uθ

t (x)− (x1 − x0)
∥∥2

9: Update θ using GD on LCFM(θ)
10: end for

Algorithm 3 Flowing From Observed To Future Frames (w/ Inherent OC, w/o Target Inversion)

1: Require: pretrained uθ∗

t , Π(pinput frames, pfuture frames), ρ
2: uθ

t ← uθ∗

t
3: for x0, x1 ∼ Π with (x0, x1) inherent optimal couplings do
4: µ1, σ1 = VAE(x1), x1 ← µ1

5: µ0, σ0 = VAE(x0), x0 ← µ0

6: t ∼ U [0, 1]
7: x← (1− t)x0 + tx1

8: LCFM(θ) =
∥∥uθ

t (x)− (x1 − x0)
∥∥2

9: Update θ using GD on LCFM(θ)
10: end for

C ADDITIONAL VISUAL RESULTS

This section presents additional qualitative results of predicted videos from FlowFrames (Fig. 7),
visual comparisons from ablations on its principal design choices (Fig. 8), as well as studies varying
the number of neural function evaluations (NFEs) (Fig. 9) and the number of future frames (Fig. 10).
The observed videos are taken from the OpenVid validation set and the predicted videos are gen-
erated with our model fine-tuned from LTXV. We set the number of input and future frames to 41
and resolution to 256× 384 in the examples provided in Fig. 7, Fig. 8 and Fig. 9. All examples are
provides in a video format in the supplementary material.

Fig. 7 shows the observed frames provided as input, the corresponding ground-truth future frames,
and the predictions generated by our method. FlowFrames produces video continuations that exhibit
detailed, physically plausible motion and strong temporal coherence with the observed context;
all achieved without explicit conditioning mechanisms, but simply by taking the observed frames
directly as input. For instance, in the Qualcomm example, the camera’s rotation around its center in
the ground truth is mirrored with fidelity in the predicted frames. Similarly, the motion of the boat
traversing left to right with accompanying water dynamics is reproduced with coherent detail. In
another case, the car advancing from the background toward the foreground continues seamlessly
in our predictions, maintaining consistency with both camera dynamics and temporal flow. Thus,
FlowFrames preserves logical structure and temporal realism in video prediction.

Fig. 8 presents the observed frames, the ground-truth future frames, and the results produced by
four variants: training from scratch with Inherent OC and TI, fine-tuning from LTXV without OC
and TI, fine-tuning with OC but without TI, and fine-tuning with both OC and TI. Training from
scratch with OC and TI, leads to blurring and visual artifacts, reflecting poor convergence and the
significance of using a pre-trained model as an initialization. Similarly, fine-tuning without OC and
TI produces unstable results, with noticeable artifacts and color discrepancies (e.g., in the boat and
car examples). By contrast, incorporating both OC and TI during fine-tuning yields markedly im-
proved visual fidelity. For instance, in the sea-and-mountain example, the inherent OC-only setting
generates blurred sand textures, while the joint inherent OC and TI setting restores sharper, more
realistic details, as highlighted by the red boxes in Fig. 8.
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Figure 7: Additional visual results on the OpenVid validation set. FlowFrames, fine-tuned from
LTXV, generates video continuations that are both temporally coherent and physically realistic.
Frames are visualized with a stride of 13. GT stands for ground truth. For an enhanced viewing
experience, please refer to the accompanying videos provided in the supplementary material.

Fig. 9 illustrates the observed frames, the ground-truth future frames, and the videos generated
by our method with 1, 5, 6, 10, and 40 NFEs. As shown, a single NFE is inadequate for video
prediction, yielding results with severe motion blur (e.g., in the white car sequence). In contrast,
using 5–10 NFEs produces video predictions of competitive fidelity to that obtained with 40 NFEs,
demonstrating that our method achieves good visual quality with reduced NFEs.

Fig. 10 depict the observed frames, the ground-truth future frames and generated video results of
long video prediction. In this example, the number of observed and future frames is set to 113.
Although FlowFrames is trained only on 17- and 41-frame video chunks, it generalizes to substan-
tially longer predictions. In the sea sequence, the generated flow of water from left to right closely
follows the ground truth. In the ice-over-water sequence, forward camera motion is faithfully pre-
served, yielding predictions that remain temporally coherent with the observed frames.

D LIMITATION AND FUTURE WORK

FlowFrames delivers a 2× reduction in input dimensionality and achieves state-of-the-art video
prediction in quantitative metrics with substantially fewer NFEs, yet important limitations remain.
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Figure 8: Additional visual results on ablation across four training setups (frames shown with stride
13). Training from scratch with OC+TI produces visual artifacts. Fine-tuning without OC+TI re-
sults in predicted videos with temporal inconsistencies with the observed frames and color shifts.
Incorporating both OC and TI during fine-tuning yields sharper details than OC-only fine-tuning
(see red boxes). GT refers to ground truth. Videos are included in the supplementary material for
improved visualization.

Below, we elaborate on the constraints outlined in the main text and describe corresponding avenues
for future work.

Heterogeneous Video Chunk Lengths. In the main text, we showed that FlowFrames maintains
stable FID/FVD and strong visual quality for long video prediction with visuals in Fig. 9 with 113
observed and future frames; despite training solely on 17- and 41-frame chunks. Beyond this range,
however, results become degraded with visible interpolation artifacts with the observed frames.
Fig. 11 illiterates representative failure cases at longer video prediction (129 observed and future
frames). Consistent with prior evidence in text-to-image (Podell et al., 2023; Esser et al., 2024;
Dai et al., 2023; Xie et al., 2024) and text-to-video (Zheng et al., 2024; Peng et al., 2025; Yang
et al., 2025; Wan et al., 2025; Kong et al., 2025; HaCohen et al., 2024; Zhou et al., 2024; Chen
et al., 2025b; Seawead et al., 2025) methods, exposure to diverse spatial and temporal scales during
training improves inference-time robustness. A natural next step is therefore to train the proposed
method with heterogeneous video chunk lengths, broadening temporal coverage and strengthening
generalization for very long predictions.

Controllability. While FlowFrames introduces a new perspective on video prediction; flowing di-
rectly from observed to future frames; yielding both a twofold reduction in input dimensionality
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Figure 9: Qualitative results for the ablation on neural function evaluations (NFEs). Frames are
shown with a stride of 13. Using 5–10 NFEs yields video predictions with fidelity comparable to
40 NFEs, while using NFE=1 results in blurred video outputs. GT abbreviates ground truth. For a
more comprehensive assessment, please refer to the videos in the supplementary material.

and fewer neural function evaluations compared to existing methods, the current framework does
not leverage additional conditioning signals such as text prompts, depth maps, motion or camera
trajectories. After the arrival of diffusion (Sohl-Dickstein et al., 2015; Song et al., 2021a; Ho et al.,
2020; Song et al., 2021b; Dhariwal & Nichol, 2021; Liu et al., 2022; Lipman et al., 2023) and flow
(Lipman et al., 2023; Liu et al., 2022; Albergo & Vanden-Eijnden, 2023) models controllability has
become a key in image and video generation (Zhang et al., 2023a;b; Jiang et al., 2025; He et al.,
2025; Lei et al., 2025; Xiao et al., 2024; Xu et al., 2024; Liang et al., 2024; Zheng et al., 2025; Hou
& Chen, 2025; Ma et al., 2025c; Zhou et al., 2025). Extending FlowFrames to incorporate such
auxiliary signals is therefore a promising direction for future work, enabling richer, more adaptable,
and user-guided video prediction.
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Figure 10: Visual results for the ablation on long video prediction. The number of observed and
future frames is 113 and the frames are visualized with a stride of 14. Despite being trained only on
17- and 41-frame sequences, FlowFrames successfully generates coherent long-video predictions.
GT indicates ground truth. The supplementary material provides video examples for improved in-
terpretation of these results.
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Figure 11: Failure cases for very long prediction. Shown are 129 observed and future frames (vi-
sualized with a stride of 14). Beyond 113-frame video chunks, FlowFrames degrades, exhibiting
interpolation artifacts and reduced coherence with the observed context. Videos are included in the
supplementary material for improved visualization.
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