
Supplementary Material

This supplementary material presents additional imple-
mentation details of FlowC2S with further details on the ab-
lation studies, offers extended visual results, and concludes
with a discussion of its limitations.

In Appendix A1, we describe the implementation of
the method, evaluation setup, the protocol used for the
NuScenes dataset [4], and details of the analysis on the ef-
fective GPU memory volume.

Appendix A2 reports additional quantitative results; in
particular, evaluation using VBench [16] metrics on Open-
Vid [27] and NuScenes [4], comparison with Bi-Flow [23],
and the effect of video chunk size during training.

Appendix A3 provides the algorithms used in the abla-
tion studies, complementing the main algorithm described
in the paper.

In Appendix A4, we report additional visual results for
both our method and the ablation variants.

Finally, Appendix A5 discusses the limitations of the
proposed method and outlines potential directions for future
work.

A1. Implementation and Evaluation Details
A1.1. Training Details
The proposed FlowC2S method is fine-tuned from two text-
to-video backbones: LTXV [10] and Wan [36]. All abla-
tion studies are run exclusively on LTXV as LTXV’s VAE
[18] provides a higher overall compression ratio than Wan,
yielding faster training and lower compute/memory cost un-
der 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
[25] with a learning rate of 0.0002. The complete set of
hyperparameters used for fine-tuning from both LTXV and
Wan is listed in Table S1.

A1.2. Evaluation Setup
We evaluate the proposed FlowC2S approach for generating
video continuations against world [9, 11] and autoregressive
[10, 41] text-to-video methods in a video continuation set-
ting with a fixed number of frames: each model receives
17 conditioning (or input) frames and generates the next
17 frames. The 17/17 choice is driven by the maximum
sequence length that fits in memory for Vista [9] (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 S2 reports all evaluation hy-
perparameters across methods (e.g., input/generation reso-

lution, classifier-free guidance scale [13], and other runtime
settings).

A1.2.1. NuScenes Protocol
For the NuScenes dataset [4], 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 [27]
validation set. The exact validation indices for OpenVid and
NuScenes are provided with this supplementary material.

A1.3. Details on Effective Volume for GPU Memory
Analysis

We compare GPU memory usage across world and autore-
gressive text-to-video models that rely on different back-
bones and therefore different VAE compression ratios. To
ensure a fair comparison across all methods, we match (or
closely approximate) the effective volume per run and per
method. Vista and GEM [11] use the SVD [3] backbone;
LTXVCondition uses LTXV [10]; CausVid [41] uses Wan
[36]; 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 channels, the number of frames, height, and
width): SVD 4× 1× 8× 8, LTXV 128× 8× 32× 32, Wan
16× 4× 8× 8. Table S3 lists representative configurations
used in the main-text GPU memory study across five effec-
tive 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 meth-
ods are run at 576×1024 resolution, and LTXV/Wan-based
methods at 480× 832.

A2. Extended Experimental Results
A2.1. Additional Quantitative Comparisons
A2.1.1. Evaluation Results Using VBench Metrics
This section reports additional quantitative results on Open-
Vid [27] and NuScenes [4] using the following metrics from
VBench [16]: subject consistency, background consistency,
and motion smoothness (Table S4). Table S4 also reports
efficiency metrics, measuring total NFE and GPU memory
scaling; full details are provided in the main paper and in
Appendix A1.3.

On OpenVid, FlowC2S (Wan) surpasses CausVid in
subject consistency, background consistency, and motion



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

[8]
UniPCMultistepScheduler

[44]
Sample Steps 40 50
Classifier-Free Guidance Scale 3.5 5

Device NVIDIA H100 80 GB ×28 NVIDIA H100 80 GB ×56
Training Strategy AMP / DDP / BFloat16 AMP / DDP / BFloat16

Table S1. Fine-tuning hyper-parameters used in our experiments.

Method H W In
Out

(img/lat) Out-L
Blk

(frames)
Total
NFE CFG Rnd

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

Table S2. Evaluation hyper-parameters across all methods being compared. 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, N.A.: not applicable.

smoothness, while requiring only half the input dimension-
ality. On NuScenes, the same trend holds for background
consistency and motion smoothness, with a negligible drop
in subject consistency.

A2.1.2. Comparison with Bi-Flow
Bi-flow [23] augments flow matching with noise perturba-
tions at training, similar to bridge models [2, 28, 32, 47]
and learns a joint objective to predict both the velocity and
noise. Bi-flow generates a video autoregressively from a
single-frame, one frame at a time. Yet modeling an entire

video segment by a single frame discards the inter-frame
structure that models rely on to produce coherent motion,
leading to temporal artifacts that compound over extended
sequences.

Table S5 reports a quantitative comparison between Bi-
Flow and FlowC2S on the OpenVid and NuScenes valida-
tion sets, with both methods trained from the LTXV back-
bone. Since Bi-Flow operates in a frame-by-frame autore-
gressive manner, generating a 17-frame continuation re-
quires 85 total NFEs (5 NFEs per frame), whereas FlowC2S
produces the entire chunk in a single pass with only 5 NFEs.
Despite this substantial reduction in NFEs, FlowC2S out-



# 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

Table S3. Representative data used in the GPU–memory analy-
sis across five effective volumes. VSVD: the effective volume for
methods based on the SVD backbone, VLTXV/Wan: the effective vol-
ume 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.

performs single-frame Bi-flow across all metrics.

A2.1.3. Effect of Chunk Size
We validate the importance of multi-frame video chunks in
FlowC2S by ablating the chunk size L used during train-
ing, including the single-frame case (L = 1). All models
use the LTXV backbone, are trained on OpenVid for 1406
steps, and evaluated with 17 input and 17 generated frames
at inference for a controlled comparison.

Results are summarized in Tab. S6. Increasing L consis-
tently improves across all metrics, demonstrating that multi-
frame temporal context is essential for high-quality and ef-
ficient video continuation – a single frame is insufficient to
capture the inter-frame video structure.

A2.2. Per-Category Analysis of TI
To analyze the influence of TI on generated video quality,
this section reports FID and FVD across NFEs on the cate-
gorized OpenVid [27] validation set. First, we detail the cat-
egorization procedure; then we present the full per-category
results. We categorize our OpenVid validation set along two
axes: motion intensity and camera motion type, yielding a
12 categories.

Motion intensity is determined by the motion score pro-
vided in the OpenVid metadata, which quantifies the mag-
nitude of scene and object motion. We partition videos into
the following three equally-sized groups: slow, medium,
and fast (the 33rd and 67th percentiles of the motion score
distribution serve as boundaries).

Camera motion type is also taken from the meta-
data of OpenVid. We define four groups based on
keyword matching: (i) static—no camera movement;

(ii) pan/tilt—horizontal or vertical camera rotation; (iii)
zoom—focal length changes; and (iv) complex—two or
more simultaneous camera motion types (e.g., pan with
zoom).

Figures S1 and S2 isolate the contribution of TI by com-
paring w/ inherent OC, w/o TI (blue) against w/ inherent
OC, w/ TI (red) across all twelve categories. We make the
following observations. First, the benefit of TI is strongly
conditioned on camera motion type, and FID and FVD re-
spond to TI differently.

Second, FID values remain consistent across most cate-
gories, with the exception of Slow + Zoom, which yields a
higher FID than the remaining categories; in this case, w/
inherent OC, w/ TI achieves lower FID than w/ inherent
OC, w/o TI. FVD values remain consistent across static
camera categories, but are higher under zoom. The follow-
ing paragraphs discuss each category in detail.

Static categories. Across all three motion speeds, w/ TI
and w/o TI are nearly indistinguishable in both FID and
FVD. This indicates that TI provides no measurable benefit
when inter-chunk displacement is negligible. Under static
camera conditions, the temporal coupling alone provides
a sufficiently well-conditioned source distribution, and the
vector field near the timestep zero requires no additional
calibration.

Pan/Tilt categories.TI helps most in this category, on
both metrics. In FID, red lies below blue across all speeds,
with the gap most pronounced in Slow + Pan/Tilt. In FVD,
the same ordering holds: red is below blue and remains
stable across NFE, while blue shows a mild upward drift
at higher NFE. Pan/Tilt motion produces globally trans-
lated but otherwise predictable target latents — the regime
where we hypothesize that structured camera motion pro-
duces more predictable target latents, making the inverted
initialization more informative than in other categories.

Zoom categories. In FID, red is generally below blue
— the benefit of TI is present but moderate, and in
Slow + Zoom the two curves actually cross, with blue out-
performing red at intermediate NFE before red recovers at
higher NFE. In FVD, w/o TI degrades with increasing NFE
in Medium + Zoom and Fast + Zoom, while w/ TI remains
comparatively stable or improves slightly.

Complex categories. In FID, w/ TI is at or below blue
across all speeds, with the gap widening for medium and
fast speeds. In FVD, w/ TI and w/o TI trade positions
across NFE in several panels, most visibly in Fast + Com-
plex, where neither curve dominates cleanly.

The complex category represents a mix of multiple cam-
era motion types. We hypothesize that the predictabil-
ity assumption underlying TI, that structured motion con-



Method
Visual Quality Efficiency

OpenVid NuScenes Total
NFE ↓ k (MB / 106) ↓ b (MB)

Subj.
Cons.↑

Bg.
Cons.↑

Mot.
Smooth.↑

Subj.
Cons.↑

Bg.
Cons.↑

Mot.
Smooth.↑

CausVid [41] 97.30 96.31 99.09 94.25 94.16 97.85 5 93.35 4003.58
Ours 98.37 98.43 99.29 92.89 95.77 98.25 5 48.64 3998.74

Table S4. Quantitative comparison on OpenVid and NuScenes (val) using VBench Metrics. Subj.: Subject, Bg.: Background, Cons.:
Consistency, Mot.: Motion, Smooth.: Smoothness.

Method OpenVid NuScenes

FID ↓ FVD ↓ LPIPSs ↓ FID ↓ FVD ↓ LPIPSs ↓
Bi-flow [23] 3.34 674.12 0.34 3.99 873.96 0.53
Ours 0.48 129.20 0.23 1.13 185.48 0.41

Table S5. Quantitative comparison with Bi-flow on OpenVid and NuScenes (val) using the LTXV backbone. FlowC2S is reported at 5
NFE. Lower is better (↓); best scores in bold.

L FID ↓ FVD ↓ LPIPSs ↓
1 6.81 1390.84 0.39

17 0.52 146.94 0.31
41 0.50 126.54 0.24

Table S6. Impact of chunk size L at training on OpenVid. All
models use the LTXV backbone with 5 NFEs. Lower is better (↓);
best scores in bold.

strains the source distribution, is weakest here, since com-
plex motion produces less predictable inter-segment transi-
tions. The partial FVD benefit nevertheless suggests TI still
improves quality on average, even if the temporal coherence
benefit is less stable than under structured camera types.

A3. Ablation Algorithms

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 pri-
mary design decisions of FlowC2S. Specifically, we pro-
vide pseudocode for: fine-tuning without Inherent Optimal
Couplings (OC) and without Target Inversion (TI) (Algo-
rithm S1); and fine-tuning with Inherent OC but without
Target Inversion (Algorithm S2).

In Algorithm S1, current and succeeding frames are sam-
pled independently from their respective distributions, with
no target inversion applied. By contrast, Algorithm S2 in-
corporates Inherent OC, ensuring coupling between current
and succeeding frame chunks as described in the main text,
while still omitting target inversion.

A4. Additional Visual Results
This section presents additional qualitative results of gen-
erated continuations from FlowC2S (Fig. S3), visual com-
parisons from ablations on its principal design choices
(Fig. S4), as well as studies varying the number of neural
function evaluations (NFEs) (Fig. S5) and the number of
frames in the generated videos (Fig. S6). The current video
chunks are taken from the OpenVid validation set, and the
continuations are generated with our model, fine-tuned from
LTXV. We set the number of input and generated frames to
41 and resolution to 256× 384 in the examples provided in
Fig. S3, Fig. S4, and Fig. S5.

Fig. S3 shows the input frames and the generated con-
tinuations by our method. FlowC2S produces video con-
tinuations that exhibit detailed and strong temporal coher-
ence with the observed context; all achieved without ex-
plicit conditioning mechanisms, but simply by taking the
current frames directly as an input to the model.

For instance, the motion of the boat traversing left to
right with accompanying water dynamics is reproduced
with coherent detail. In another case, the car advanc-
ing from the background toward the foreground continues
seamlessly in the generated continuation, maintaining con-
sistency with both camera dynamics and temporal flow.
Thus, FlowC2S preserves logical structure and temporal re-
alism in generated videos.

Fig. S4 presents the current frames as input and the re-
sults produced by the model trained by the following four
configuration 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.
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Figure S1. Per-category FID vs. NFE comparing w/ inherent OC, w/o TI (blue) and w/ inherent, OC w/ TI (red). The benefit of TI is
strongest under Pan/Tilt camera motion and Fast+Zoom and negligible under static camera.
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Figure S2. Per-category FVD vs. NFE comparing w/ inherent OC, w/o TI (blue) and w/ inherent, OC w/ TI (red). FVD is substantially
higher under zoom than other camera types. Under a static camera, the two variants are indistinguishable.

Training from scratch with OC and TI leads to blurring
and visual artifacts and close similarity with the provided
input frames, reflecting poor convergence and the signifi-
cance of using a pre-trained model as an initialization. Sim-
ilarly, fine-tuning without OC and TI produces unstable re-

sults, with noticeable artifacts and color discrepancies (e.g.,
in the boat and car examples). By contrast, incorporat-
ing 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



Algorithm S1 Flowing From Current To Succeeding
Frames (w/o Inherent OC, w/o Target Inversion)

1: Require: pretrained uθ∗

t

2: uθ
t ← uθ∗

t

3: for x0 ∼ pc fc, x1 ∼ ps fc 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

sand textures, while the joint inherent OC and TI setting re-
stores sharper, more realistic details, as highlighted by red
boxes in Fig. S4.

Fig. S5 illustrates the input frames and the videos gen-
erated by the proposed FlowC2S method with 1, 5, 6, 10,
and 40 NFEs. As shown, a single NFE is inadequate for
generating video continuations, yielding results with severe
motion blur (e.g., in the white car sequence). In contrast,
using 5–10 NFEs produces video continuations of compet-
itive fidelity to that obtained with 40 NFEs, demonstrating
that our method achieves good visual quality with reduced
NFEs.

Fig. S6 depicts the input frames and generated video re-
sults of generating long video continuations. In this ex-
ample, the number of current and generated frames by the
model is set to 113. Although FlowC2S is trained only on
17- and 41-frame video chunks, it generalizes to substan-
tially longer video continuations. For example, in the tractor
sequence, its generated motion from backward to forward
constitutes a plausible temporal continuation with respect
to the provided input frames.

A5. Limitations and Future Work
FlowC2S delivers a 2× reduction in input dimensionality
and achieves state-of-the-art video continuation in quanti-
tative metrics with substantially fewer NFEs, yet important
limitations remain. Below, we elaborate on the constraints
outlined in the main text and describe corresponding av-
enues for future work.

Complex Scenes and Motions. While quantitative met-
rics (FID and FVD) and the visual results presented in
the main text indicate that our method generates plausi-
ble video continuations for a diverse set of input frames
(including natural, cinematic, and human-centric scenes),
the model struggles to handle highly complex motions and
abrupt scene transitions. This limitation primarily arises
from our dataset construction pipeline: to mitigate abrupt

Algorithm S2 Flowing From Current To Succeeding
Frames (w/ Inherent OC, w/o Target Inversion)

1: Require: pretrained uθ∗

t , Π(pc fc, ps fc)
2: uθ

t ← uθ∗

t

3: for x0, x1 ∼ Π with (x0, x1) inherent optimal cou-
plings 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

scene changes, we employ a histogram-based scene change
detector in order to segment videos into temporally coher-
ent chunks, thereby simplifying the training distribution and
enabling evaluation under restricted computational and data
budgets.

Therefore, future work will explore training the proposed
method on less constrained datasets that retain complex
scenes with abrupt transitions, with the goal of improving
the model’s generalization and robustness to challenging
motion and scene dynamics.

Heterogeneous Video Chunk Lengths. In the main
text, we showed that FlowC2S maintains stable FID and
FVD and strong visual quality for long video continua-
tion with visuals in Fig. S6 with 113 current and generated
frames; despite training solely on 17- and 41-frame chunks.
Beyond this range, however, results become degraded with
visible interpolation artifacts with the input frames. Fig. S7
illustrates representative failure cases at longer video con-
tinuation (129 input and generated frames).

Consistent with prior evidence in text-to-image [6, 8, 30,
38] and text-to-video [5, 10, 19, 29, 31, 36, 40, 46, 48] lit-
erature, exposure to diverse spatial and temporal scales dur-
ing training improves inference-time robustness of diffusion
and flow-based models. Thus, a natural next step is there-
fore to train the proposed FlowC2S approach with heteroge-
neous video chunk lengths, broadening temporal coverage
of the model and strengthening generalization for the gen-
eration of very long video continuations.

Controllability. While the proposed method introduces
a new perspective on video continuations, flowing directly
from current to succeeding frames, yielding both a twofold
reduction in input dimensionality and fewer neural func-
tion evaluations compared to existing methods, the current
framework does not leverage additional conditioning sig-
nals such as text prompts, depth maps, motion or camera
trajectories.

After the arrival of diffusion [7, 14, 33–35] and flow
[1, 22, 24] models, controllability has become a key in im-



Generated FramesInput Frames

Figure S3. Additional visual results on OpenVid (val). FlowC2S, fine-tuned from LTXV, generates video continuations that are both
temporally coherent and visually plausible, maintaining consistency with the content of the input frames. Frames shown at stride 20.

age and video generation [12, 15, 17, 20, 21, 26, 37, 39,
42, 43, 45, 49]. Extending FlowC2S to incorporate aux-
iliary signals is therefore a promising direction for future
work, enabling richer, more adaptable, and user-guided gen-

eration of video continuations; in particular, augmenting
the current architecture with conditioning signals including
scene geometry (e.g., depth or normal maps), object-level
motion cues, and camera trajectories could provide fine-
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Figure S4. Additional visual results on ablation across four training setups (frames shown with stride 13). Training from scratch with
OC+TI introduces visual artifacts, manifested as noticeable interpolation effects between the given input frames and the generated outputs.
Fine-tuning without OC+TI results in generated videos with temporal inconsistencies with the current frames and color shifts. Incorporating
both OC and TI during fine-tuning yields sharper details than OC-only fine-tuning (see red boxes).

grained spatial and temporal control over the synthesized
content and better align the generated video continuations
with user intent and downstream application constraints.
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Figure S5. Ablation on neural function evaluations (NFEs). Frames are shown with a stride of 13. 5–10 NFEs yield quality comparable to
40 NFEs, whereas a single NFE produces blurry, degraded outputs.

Generated FramesInput Frames

Figure S6. Long video continuation. The number of input and future frames is 113, and the frames are visualized with a stride of 28.
Despite being trained only on 17- and 41-frame sequences, FlowC2S successfully generates coherent long-video continuations.



Generated FramesInput Frames

Figure S7. Failure cases for very long continuation. Shown are 129 input and generated frames (visualized with a stride of 28). Beyond
113-frame video chunks, FlowC2S degrades, exhibiting interpolation artifacts and reduced coherence with the given context.
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