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Figure 1. VideoCoF’s video editing capabilities emerge from its seeing, reasoning, then editing framework. Trained on
only 50k data (33 frames), this teaser shows multi-instance editing and robust 4 x length generalization.

Abstract temporal in-context learning models are mask-free but lack
explicit spatial cues, leading to weak instruction-to-region
mapping and imprecise localization. To resolve this con-
flict, we propose VideoCoF, a novel Chain-of-Frames ap-
proach inspired by Chain-of-Thought reasoning. VideoCoF
enforces a “see — reason — edit” procedure by compelling

Existing video editing methods face a critical trade-off:
expert models offer precision but rely on task-specific pri-
ors like masks, hindering unification; conversely, unified
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the video diffusion model to first predict reasoning tokens
(edit-region latents) before generating the target video to-
kens. This explicit reasoning step removes the need for
user-provided masks while achieving precise instruction-to-
region alignment and fine-grained video editing. Further-
more, we introduce a RoPE alignment strategy that lever-
ages these reasoning tokens to ensure motion alignment
and enable length extrapolation beyond the training dura-
tion. We demonstrate that with a minimal data cost of only
50k video pairs, VideoCoF achieves state-of-the-art perfor-
mance on VideoCoF-Bench, validating the efficiency and ef-
fectiveness of our approach. Our code, weight, data are
available at hitps://github.com/knightyxp/VideoCoF.

1. Introduction

The development of Video Diffusion Models (VDM) [16,
42,50, 57] has enabled high-fidelity video generation across
a wide range of concepts. Building on these advances, video
editing methods support users in designing video by adding
[41], removing [21, 70], swapping [9, 56] visual concepts,
and performing global style transformation [60].

Current video editing methods mainly follow two strate-
gies: (i) expert models [I, 21, 41, 56, 64], which use
adapter-based modules to feed external masks into the video
generation model, yielding precise, localized edits but re-
quiring additional inputs and per-task overhead; and (ii)
unified temporal in-context learning models [13, 22, 59],
which concatenate source tokens with noised edit tokens
along the temporal dimension and use self-attention mech-
anism to guide the edit. However, without explicit spatial
cues, these models often exhibit weak accuracy, especially
in cases that need multi-instance recognition or spatial rea-
soning (Fig. 2, left). In short, there is a trade-off: expert
models are accurate but mask-dependent, while unified in-
context models are mask-free but less precise; This raises
a critical question: Can we maintain former’s precision
and latter’s unification without the mask dependency?

Inspired by Chain-of-Thought (CoT) multi-step reason-
ing [46], we compel the video diffusion model to first pre-
dict the edit region and then perform the edit, enforcing
a “see — reason — edit” procedure. Accordingly, we
propose VideoCoF, a Chain-of-Frames approach that pre-
dicts reasoning tokens (edit-region latents) before generat-
ing the target video tokens, thereby removing the need for
user-provided masks while achieving precise instruction-
to-region alignment. To explicitly model the reasoning
process, we leverage visual grounding, which is naturally
suited to simulating reasoning about the edit region. Empir-
ically, we find a soft, gradually highlighted grayscale region
is the most effective reasoning format. Additionally, we in-
troduce a RoPE alignment strategy. By explicitly account-
ing for the reasoning latent, we reset the temporal indices
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Figure 2. Illustration of the difference between previous
methods and our VideoCoF. We enhance the editing accu-
racy by forcing the video diffusion model to first predict the
editing area, and then perform the editing.

of the edited video’s rotary position embeddings to match

those of the source video, ensuring motion alignment and

length extrapolation.

To holistically evaluate fine-grained video editing, we
further construct VideoCoF-Bench. VideoCoF trained on
only 50k video pairs, outperforms a strong baseline ICVE
[22] that uses ~1M pretraining videos plus 150k for fine-
tuning. Specifically, we improve the instruction-following
score by +15.14% and the success ratio by +18.6%. Our
contributions can be summarized as follows:

* We propose VideoCoF, the first framework to introduce
a Chain of Frames approach to video editing, enabling
temporal reasoning for fine-grained video editing.

* Building on VideoCoF, we explore an effective reasoning
format for video diffusion models, and introduce a RoPE
alignment strategy that allows generalization to longer
frames beyond the training duration.

* We demonstrate that with a minimal data cost (only 50k
video pairs), we achieve state-of-the-art quantitative and
qualitative performance on VideoCoF-Bench, validating
the efficiency and effectiveness of our approach.

2. Related Work

Video Editing Methods. Early training-free video edit-
ing methods [6, 8, 26, 32, 50, 55] rely on inversion and
consistency techniques, but often lack precise control and
struggle with complex edits. Recent training-based methods
[2, 3, 7, 24, 27, 35] have become the dominant paradigm,
offering higher quality and edit diversity. Meanwhile, con-
current works [23, 25,29, 45, 62] integrate MLLMs to guide
the editing process, though this adds significant training and
inference cost, which our pure VDM approach avoids.

In-Context Video Editing. Recently, in-context learning
(ICL) has emerged as a promising paradigm for unified
editing [14, 53, 66]. Methods like UNIC [59] and ICVE
[22] concatenate video conditions along the temporal axis
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Figure 3. Overview of VideoCoF framework. Our model processes source (blue), reasoning (orange), and target (green)
tokens in a unified sequence to “reason” then “edit”. Bottom right: Our RoPE design enables length extrapolation.

to perform ICL. However, these methods are often lim-
ited by mask requirements [59] or, as we identify, suffer
from fundamental issues with editing accuracy and a lack of
length extrapolation due to their naive temporal concatena-
tion. While EditVerse [13] also explored unified in-context
learning, it was built on a LLaMA-style DiT backbone,
whereas our work explores these capabilities within a stan-
dard video diffusion transformer.

Chain of Thought in Vision. Chain-of-Thought (CoT)
prompting [15, 46] elicits multi-step reasoning in LLMs by
having them “think step-by-step.” This concept of emergent
reasoning has also been identified in large video generative
models [5, 47] that can solve visual puzzles. However, how
to leverage visual reasoning for the task of unified video
editing remains unexplored. In this work, we investigate
whether generative video models can perform a “chain of
frames” reasoning to achieve this.

3. Methods

3.1. VideoCoF Framework

As illustrated in Figure 3, VideoCoF employs a VideoDiT
[42] for unified video editing. We model editing as a
reasoning-then-generation process: the model first reasons
where to edit, then generates the intended content in that
area. We call this process “Chain of Frames (CoF)” (Sec
3.2). All visual inputs (source, reasoning, and target frames)
are encoded separately by a Video VAE and then concate-
nated temporally. The unified frame sequence is then fed
into the model, performing unified in-context learning via
self-attention and language control via cross-attention. To
enable video alignment and variable-length inference, we
revisit the design of positional encoding. We adapt the tem-

poral RoPE for source-to-target alignment and reasoning to-
kens’ RoPE for explicit spatial guidance (Sec 3.3). Subse-
quent sections detail the training and inference paradigm
(Sec 3.4), and the data curation pipeline (Sec 3.5).

3.2. Chain of Frames

Seeing, Reasoning, then Editing. Previous video in-
context editing methods, such as UNIC [59], ICVE [22],
or EditVerse [13], perform in-context learning by tempo-
rally concatenating clean source video tokens with noised
editing video tokens. However, this approach lacks an ex-
plicit constraint mapping the editing instruction to the spe-
cific editing region, leading to editing accuracy problems,
as shown in Fig 2. Recently, VDM have been shown to
possess reasoning capabilities, as demonstrated in [47]. In-
spired by this, we explicitly model the reasoning tokens,
forcing the model to actively learn the relationship between
the editing instruction and the target edit region first. The
edit is then executed after reasoning, following a “seeing,
reasoning, then editing” process.

Inspired by Chain of Thought prompting in Large Lan-
guage Models (LLMs) [46], we argue that a video genera-
tive model should also have an analogous chain-reasoning
ability. Given the generative priors in video editing, the
visual-chain should be progressive, moving from the orig-
inal video to a visual reference of the editing region, and
finally to the edited video. Visual grounding is naturally
suitable for this representation. Since video diffusion mod-
els are often insensitive to grounding masks (e.g., black or
white pixels), we instead use a gray highlight to delineate
the “grounding region,” which is also evidenced in [10]. Fi-
nally, the gray-highlighted area is used as the ground truth
for the reasoning frames, teaching the diffusion model to
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reason about where the edit should occur.

Consequently, the entire video editing task is reformu-
lated as a chained process: first “seeing” the original video,
then “reasoning” by predicting the grounding region, and
finally “editing” to generate the new video content within
that specified area. We call this Chain of Frames (CoF).

Let £(-) denote the video VAE encoder. We use F'
and L for frames in the source/target and reasoning latent
space, respectively, and denote channel, height, and width
by C, H, and W. Given a triplet source-reasoning-target
video pair {s,r, e}, we first encode them into latent rep-
resentations. The source s and target video e yield latent
zs = E(s) and z. = &(e), both with shape RFXCXHXW,
The reasoning video r yields a latent z,, = £(r) with shape
RIXCXHXW " Thig separate encoding ensures intra-causal
relations and inter-video independence. Then, we perform
temporal concatenation to get the unified representation:

z%”:zgo) [ th) I zét) € RFFLHF)XCOXHXW
~~

seeing reasoning editing
(D
0 .
where the z, = zé:}_l denotes anchoring the source

(®)

video latent at timestep O. Zp =Zp.p,p_, and

Ze = zgir Lor4r—1 Mean the reasoning and target noised
video latents at timestep t. At each denoising step, only the
L + F reasoning and target frames are denoised, and the
source video latents are kept clean.

3.3. RoPE Design for Length Extrapolation

In VideoDiT, 3D factorized RoPE [38] provides spatio-
temporal positions. A naive in-context learning approach
applies sequential temporal indices (e.g., 0 to 2F'—1) across

concatenated source and target videos. However, this hin-
ders video length extrapolation, as the model overfits to a
static [0, F' — 1] — [F, 2F — 1] mapping and fails to gener-
alize to videos longer than ' frames.

A better strategy is to repeat the temporal indices. For
our CoF triplet (consider . = 1 for reasoning frame), a
straightforward reset configuration is to assign temporal in-
dices: [0, F' — 1] to the source, “0” to the reasoning frame,
and [0, F' — 1] to the target.

However, as illustrated in Figure 4 (a), this naive reset
leads to index collisions at temporal position 0, shared by
the source, reasoning, and target frames. This overlap in-
troduces visual artifacts that propagate from the reasoning
tokens into the first target frame.

To resolve this index collision, we set the temporal in-
dices for both the source video and the target video to the
range [1, F|, while keeping the reasoning frame’s temporal
index at 0. This isolates the reasoning token and prevents
artifact leakage while maintaining length generalization.

3.4. Training and Inference Paradigm

Algorithm 1: Chain of Frame (CoF) Training
Input: Dataset D with tuples (zs?, 2. (9, 2., ¢)
Output: Fine-tuned parameters 6
foreach minibatch (25, z,(?,z.(?, ¢) ~ D do

foreach sample in minibatch do
2y 2|2 |20 ;

Sample ¢ ~ U[0, 1];
Sample € ~ A(0, I) with the same shape Z;(:L)u?

0
v (e— Z;u)zz);
()

Zy e <~ (1 - t)( (O)Hze(o)) + t(sF:2F+L—1);
2z« 7 ”z(t)
Vo Fg( ® , L, C)
2F+L 1”
L+F

Update 0 using gradlents of £;

Given a concatenated full latent sequence zﬁfﬁ =

TemporalConcat (zg) 20 ((50)), we treat the reason-
ing+editing block as the generation target during training.
Given timestep ¢t € [0,1] and Gaussian noise € ~

N(0,1), we only progressively noise the reasoning and
editing parts, z(t) =(1- t)( (0)||Z(O)) + teporyr—1,

and form the model input z® = z{”)||z"), The target ve-

locity fieldis v =& — zguﬂ. Our model Fy(-) predicts this

velocity field from the partially noised input, and we train
it by minimizing the mean squared error between predicted
and true velocities. Concretely, we only supervise the rea-
soning and target frames, so the training loss can be written
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Figure 5. Our data curation pipeline for multi-instance data.

in per-frame form as

- I:FQ(Z(t)vtvc)]i ) (2)

2

where [Fy(z"), ¢, )], denotes the model’s prediction for
frame ¢ and c is the text condition. The model parameters
Fy(-) are updated via a gradient step computed from this
loss. The full training procedure is summarized in Algo-
rithm 1.

During inference we initialize the reasoning+editing
block from Gaussian noise, z£16) ~ N(0,I) and form the
full latent at ¢ = 1 by temporal concatenation with the

clean source z\] = TemporalConcat (2", z\%). An

ODE solver guided by our model Fy evolves zgul)l to zé?l}.

The source latents zgo) are held fixed during inference, so
only the reasoning/editing parts change. We then extract

the edited-target latent using the same slicing index as in

training: 70 = (2 gﬁ%)FJFL:QFJFL_l and decode the final

edited video: Xegii = D(z(o)).

edit

3.5. Video Data Curation

The training of our VideoCoF requires a large and di-
verse dataset structured as source, reasoning, and edited
video triplets. However, existing video editing datasets and
methods predominantly focus on single-instance-level ob-
ject manipulation. This limitation is a significant barrier, as
real-world videos contain complex visual cues, multiple in-
teracting instances, and intricate spatial relationships (e.g.,
physical left/right, object-to-object interactions). Enabling
a generative model to comprehend these complex, instance-
level dynamics is a critical step toward true reasoning-based
video editing. Therefore, we develop a comprehensive data
curation pipeline, illustrated in Figure 5, to specifically gen-
erate and process complex, instance-level video data.

Instance-Level Curation Pipeline. Our pipeline begins
with a large pool of diverse videos sourced from Pexels

[31]. First, we employ the Qwen-VL 72B [43] to per-
form multi-instance identification, scanning the videos to
find scenes that contain multiple, distinct objects. Once
these videos are identified, we use Grounding-SAM?2 [34]
to perform precise segmentation, generating distinct seg-
mentation masks for each individual instance. With these
instance-specific masks, we generate triplets for a variety of
editing tasks:

* Object Addition/Removal: We utilize the Minimaxre-
mover [70] to erase a specific instance from the video.
The data for object addition is then created by simply re-
versing this process.

* Object Swap and Local Style Transfer: For these tasks,
we leverage the VACE-14B [12] in its inpainting mode to
fill the specified masked regions. Critically, the creative
prompts for these inpainting edits are generated by GPT-
40[30], as we found Qwen-VL 72B’s imaginative capa-
bilities for this specific task to be limited.

Filtering and Final Dataset. All generated video pairs are
rigorously evaluated to ensure quality. We use the Dover
Score [49] to assess aesthetic quality and the VIE Score
[17] to measure editing fidelity and coherence. A weighted
combination of these scores is used to filter for high-quality,
successful edits. Finally, we use this pipeline to filter from
the large-scale open-source Sefiorita 2M [71] dataset, and
distill a high-quality subset of S0k videos to supplement our
training data. This multi-pronged approach yields our final
large-scale dataset, rich in the instance-level complexity re-
quired for reasoning-based video editing.

4. Experiments

4.1. Implementation Details.

VideoCoF is trained on WAN-14B [42]. We employ a
resolution-bucketing strategy to support multiple aspect
ratios, using spatial resolutions of 336x592, 400x704,
400x752, and 400x944 (and the corresponding vertical
variants, e.g., 592x336). Training videos are sourced from



Table 1. We compare VideoCoF with SOTA baselines on VideoCoF-Bench: TokenFlow [8], InsV2V [7], Sefiorita [71] (an
12V model guided by InsP2P [2]), VACE-14B [12] (using GPT-40—generated captions), the concurrent ICVE [22] (pretrained
on 1M videos and fine-tuned on 150k), and LucyEdit [40]. Despite the extensive training data used by baselines, VideoCoF is
fine-tuned on only 50k video pairs and achieves superior instruction-following and success ratio.

Model GPT-40 Score (avg.) Perceptual Quality (avg.)
Instruct Follow?  Preservationf QualityT Success Ratiof | CLIP-Tt CLIP-F{ DINO?

TokenFlow [8] 3.12 5.85 5.10 4.25% 25.42 0.982 0.970
InsV2V [7] 341 6.15 5.51 6.39% 26.19 0.988 0.978
Sefiorita [71] 3.26 6.30 5.48 10.35% 26.04 0.994 0.988
VACE [12] 7.47 5.82 7.61 26.60% 27.02 0.994 0.990
ICVE [22] 7.79 8.06 8.14 57.76% 27.49 0.992 0.986
Lucy Edit [40] 5.24 6.50 6.37 29.64% 26.98 0.991 0.986
VideoCoF (Ours) 8.97 8.20 7.77 76.36 % 28.00 0.992 0.991
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Figure 6. Visual comparison between our VideoCoF and other methods on diverse video editing tasks.

Sefiorita [71] and are 33 frames long. We ultimately train on class-level object swaps. They were mainly designed for

only 50k curated video samples. Thanks to our RoPE align-
ment design, the model generalizes to longer sequences at
inference (e.g., 513+ frames). By default, we use 33-frame
source and edited videos, together with a 4-frame reason-
ing clip. We train for 8k iterations on 16 H100 GPUs. With
DMD-LoRA [61], inference takes only 4 steps and about 10
seconds to edit 33 frames on a single H100 GPU.

4.2. VideoCoF-Bench and Experimental Setting

VideoCoF-Bench. Previous video-editing benchmarks
such as V2VBench [39], TGVE [51], and FIVE-Bench [19]
focus on target-prompt edits and are mostly limited to

training-free methods and are not suitable for instruction-
guided or instance-level video editing. Real-world edit-
ing requires precise instruction understanding, including
instance- and part-level control (e.g., distinguishing mul-
tiple people or left vs. right), and complex reasoning. To
address these gaps, we introduce VideoCoF-Bench. It con-
tains 200 high-quality videos collected from Pexels [31],
covering diverse scenes and both landscape and portrait as-
pect ratios. VideoCoF-Bench includes four tasks: Object
Removal, Object Addition, Object Swap, and Local Style
Transfer, each with 50 samples. Half of these samples per
task are instance-level cases with instance-focused editing



Table 2. Ablation on Chain of frames and RoPE design.

Ablation on Chain of frames and RoPE design

Naive Temporal in Context  VideoCoF
CoF X X v
RoPE Design 0-2F-1 0-F-1, 0-F-1 1-F, 0, 1-F
GPT-40 Score
Instruct Follow? 8.109 8.064 8.973
Preservation{ 7.930 7.793 8.203
Quality 7.394 7.217 7.765
Success Ratio?*  72.41% 65.52% 76.36 %
Perceptual Quality
CLIP-T1 26.880 27.088 28.000
CLIP-Ft 0.9907 0.9905 0.9915
DINO?t 0.9857 0.9826 0.9913

prompts.

Evaluation Metrics. To evaluate editing performance on
VideoCoF-Bench, we employ MLLM-as-a-Judge to pro-
vide a holistic evaluation score. This is achieved by prompt-
ing GPT-4o [30] to assess multiple criteria given the origi-
nal video, edited video, and user instruction: (1) Instruction
Following (editing accuracy), (2) Preservation (unedited re-
gions), (3) Video Quality. (4) Success ratio: we prompt the
GPT-40 to provide a binary Success Ratio (Yes/No) to judge
the overall success of the edit. We report three perceptual
quality metrics to quantify low- and high-level visual sim-
ilarity between source and target frames: CLIP-T for im-
age—text alignment, CLIP-F for temporal consistency, and
DINO for structural consistency.

4.3. Comparison on VideoCoF-Bench

We show qualitative and quantitative comparisons of
VideoCoF-Bench in this section. As shown in Table 1,
we evaluate VideoCoF against five baseline methods on
the VideoCoF-Bench benchmark, which spans four distinct
video editing tasks: multi-instance removal, object addition,
multi-instance swap, and multi-instance local style transfer.

Overall, VideoCoF demonstrates the best performance
in Instruct Follow and Success Ratio across all categories.
Compared to naive temporal in-context editing approaches
like ICVE [22], our method achieves significantly higher
success rates and better instruction adherence using only
50k reasoning pairs, whereas ICVE is pre-trained on 1M
samples and fine-tuned on 150k data.

Qualitatively (see Figure 6), our method also shows
clearer, more faithful edits at the instance level: (a) Multi-
instance removal: we precisely remove the right instance
while ICVE[22] incorrectly removes the left instance. (b)
Object addition: the added girl is correctly placed inside
the washing machine, matching the instruction. (c) Object
swap: we replace the elderly person’s face and update cloth-
ing; Lucy Edit [40] changes only clothing, ICVE fails to dis-
ambiguate instances, and VACE often alters non-target peo-

Our Rope  Naive in context ~ Source Video
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Figure 7. Length extrapolation beyond the training length.

ple. (d) Local style (multi-instance): our model correctly
identifies and edits the largest cup among several similar ob-
jects; other methods either fail to edit or mistakenly edit a
bowl. These qualitative examples demonstrate VideoCoF’s
stronger instance-level reasoning and higher editing fidelity.

4.4. Ablation Study

To verify our novel Chain of Frames (CoF) design, particu-
larly its “reasoning frames” and the RoPE design for length
extrapolation, we conduct an ablation study on the reason-
ing frames, RoPE alignment strategy and reasoning format.
Naive Temporal Incontext VS. CoF. As shown in Ta-
ble 2, we compare VideoCoF against a “Naive Temporal in-
context” baseline. This applies temporal in-context learning
by using the source video as a condition through temporal
concatenation, an approach similar to ICVE [22].

In contrast, our approach introduces reasoning frames
as a core component of the (CoF) design. This ensures the
video editing follows a reasoning process, i.e., forcing the
model to predict the editing region first and then execute the
versatile edit within that specific area.

The efficacy of this design is evident when comparing
the first ([0, 2F — 1]) and third (VideoCoF) columns in Ta-
ble 2. The inclusion of CoF brings substantial gains: the
instruct follow score increases by 10.65% and the success
ratio improves by 5.46%. Furthermore, the 4.16% increase
in CLIP-T confirms that our reasoning frames effectively
enhance the model’s editing accuracy and precision.

RoOPE Design for Length Extrapolation. As illustrated in
Fig 7, the naive approach ([0, 2F — 1]) only learns a fixed
temporal mapping (e.g., mapping frame 0, to frame 33;,).
This prevents length extrapolation, causing severe degrada-
tion (blurriness, motion misalignment, and artifacts) when a
33-frame trained model is tested on 81 frames (second row).

In contrast, our RoPE alignment design ([1—F, 0, 1 —F7)
generalizes to unseen lengths without quality degradation
(third row). As demonstrated in Fig 1, our model extrap-
olates to 141 frames (4x training length) and even 513
frames (16 x training length), supporting strong generaliza-
tion to much longer video sequences.

This effectiveness is also quantified in Table 2 (third vs.
first column). We observe a 3.4% relative increase in the



Reasoning
Where to edit

Frame O Frame 30 Frame 32

Ve & -
2 e , &
§ ........
3
A
Motion Misalignment & Motion Misalignment &

> H
+ : [0-F-1,0, O-F-1]
& 1

=

Reasoning Editing
[1-F, 0, 1-F]

"Remove the with short black hair "

Figure 8. Motion alignment benefit by our RoPE design.

preservation score. Furthermore, the improved DINO score
confirms that our RoPE design better preserves the original
video’s spatio-temporal structure during editing.

RoPE Design for Motion Alignment. Setting the tempo-
ral index for the reasoning frame latent is a critical design
choice. A naive approach is to set its index to O, aligning it
with the first video frame. This causes two severe issues.

First, it leads to significant motion misalignment (e.g.,
the subject fails to perform the "lifting clothes” motion in
Fig 8, second row). Second, this ”0-index” design causes
interference with the first editing video frame (also index
0), leading to artifacts where the model incorrectly predicts
the first frame as the reasoning frame (Fig 4).

Therefore, we fix the reasoning latent’s index to 0, while
the source and edited video indices range from 1 to F' (de-
noted as [1 — F,0,1 — FJ). This strategy allows the rea-
soning frame to provide clear spatial guidance on where to
edit, without disrupting the video’s temporal structure and
motion alignment. The improvements across all metrics in
Tab 2 (column 3 vs. column 2) validate this design.
Reasoning Frame Format. First, we explore the most suit-
able color for the reasoning frame mask. As shown in Ta-
ble 3, we compare three formats: (1) A black mask over the
unedited region; (2) A red, 50% transparent highlight, same
as Veggie [62]; and (3) A gray, 50% transparent mask. The
quantitative results show that using a gray mask (column 3)
for the edit region yields the best performance.

Furthermore, we argue that the reasoning frame should
act as a gradual transition from the source video to the
edited video. Therefore, we test a progressive gray mask.
Instead of a single static mask, we interpolate the gray rea-
soning frame with the editing frame, with the transparency
progressively increased (e.g., 0%, 25%, 50%, 75%). As
shown by comparing column 4 and column 3 in Table 3,
this progressive gray reasoning frame approach works best.

Table 3. Ablation on the reasoning frame format.

Ablation on Reasoning Frame Format

Color Black (bg) Red Gray Gray
Transparency (0%) (50%) 50%)  (0-75%)
GPT-40 Score

Instruct Follow 7.512 7.805 8.150 8.973
Preservation? 7.034 7.350 7.443 8.203
Quality T 6.155 6.501 6.645 7.765
Success Ratio?* 52.17% 60.33% 68.45% 76.36%
Perceptual Quality

CLIP-T1 26.550 26.810 27.220  28.000
CLIP-Ft 0.9810 0.9855 0.9889 0.9915
DINO?T 0.9750 0.9790 0.9803 0.9913

Qualitatively, as shown in Figure 9, the mask format is
critical. The black mask fails the deletion task, while the
red mask incorrectly deletes content on the right side. In
contrast, our progressive gray mask accurately performs the
intended deletion on the left. We conclude from these ex-
periments that the optimal reasoning format is a gray mask
with progressive transparency.

Predicted Reasoning Format

Black Background Red F6 (50% Alph'a) FG (0~75% Alpha)

Removal

Red Removal

Source video

"Remove the with wearing

Figure 9. Ablation on reasoning frame format.

5. Conclusion

In this paper, we introduced VideoCoF, a unified model for
universal video editing via temporal reasoning. We iden-
tified that existing temporal in-context learning approaches
often fail due to a lack of explicit spatial cues, leading to
weak instruction-to-region mapping and imprecise localiza-
tion. To address these issues, we proposed the innovative
Chain of Frames. VideoCoF compels the video diffusion
model to follow a “see, reason, then edit” process by first
predicting the editing region before executing the versatile
edit. Furthermore, to solve the length generalization chal-
lenge, we developed a novel RoPE alignment paradigm that
accounts for the reasoning latent. This design enables up to
16 x length extrapolation during the inference. Experimen-
tal results show that VideoCoF achieves SOTA performance
using only 50k video pairs, validating the efficiency and ef-
fectiveness of our temporal reasoning design.
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VideoCoF: Unified Video Editing with Temporal Reasoner

Supplementary Material
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This document provides more details of our approach
and additional experimental results, which are organized as
follows:
¢ Discussion on RoPE Design (§6)
 Editing Length Upper Bound (§7)
 Full Comparison (§8)

* TGVE+ and V2VBench (§9)
¢ More Ablation studies (§10)
* Implementation Details (§11)
e Metrics (§12)

¢ Future Directions (§13)

6. Discussion on RoPE Design

Difference from UNIC. VideoCoF targets length extrapo-
lation in V2V editing, whereas UNIC focuses on source-
target alignment. To enable extrapolation, we pre-position
the ID/reasoning frames so that their indices never overlap
with the target video. In contrast, UNIC post-positions
the ID/reasoning tokens (e.g., shifting them to a later in-
dex range). As the video becomes longer and reaches the
same index range, overlap becomes unavoidable, leading to
temporal index collisions and content perturbations.
Difference from T2V extrapolation methods. RI-
FLEx [67] and UltraViCo [68] mainly address motion or
content repetition in 72V length extrapolation, whereas
our V2V extrapolation is primarily limited by source-target
alignment and temporal index collision. We apply UltraV-
iCo to the baseline, and Fig. 10 shows that it still fails.

Frame 30 Frame 60
Aaer LA

-

"~ Ultravico " Source Video VideoCoF (ours) UltraVico

Figure 10. Comparison between VideoCoF and UltraViCo

7. Editing Length Upper Bound

Systematic Temporal Extrapolation Failure Cases. We
test 16x extrapolation in both single-shot and multi-shot
settings. Single-shot setting supports 16x extrapolation.
For multi-shot, as shown in Fig. 11, it remains stable for the
first 500 frames but shows slight degradation at 512 frames.

8. Full Comparison

As shown in Tab. 9, we provide a detailed breakdown
of the results across four distinct tasks: Object Removal,

Figure 11. Temporal extrapolation failure case.

Object Addition, Object Swap, and Local Style Transfer.
Our VideoCoF consistently achieves the highest scores in
instruction following and success ratio across all tasks,
demonstrating superior capability in understanding and exe-
cuting editing requests. We note that our scores in Preserva-
tion and Quality are slightly lower than the concurrent work
ICVE [22]. This performance gap is reasonable given that
ICVE benefits from large-scale pre-training on 1M pairs,
and its supervised fine-tuning (SFT) dataset scale (150K) is
three times larger than ours (50k). Furthermore, in terms of
perceptual quality, VideoCoF achieves the highest CLIP-
T scores across all tasks. This further demonstrates supe-
rior video-text alignment, consistent with our leading per-
formance in GPT-40 score.

9. TGVE+ and V2VBench

Since TGVE[52] has only 304 samples, we instead evalu-
ate on the comprehensive TGVE+ subset used in EVE [37]
(1,417 samples across 7 instruction editing tasks), and re-
port V2VBench [39] results. As shown in the tables, Video-
CoF achieves the best performance on both benchmarks.

Table 4. Comparison on the TGVE+ benchmark.

Dataset | Methods || PickScore t CLIP-Ft ViCLIP,;, + ViCLIP, 1

Tune-A-Video [50]]] 2047 0933 0.131 0242
SDEdit [28] 20.35 0.899 0.131 0.241
STDF [58] 20.60 0.933 0.093 0227

TGVE
GVEH | biry 48] 19.81 0933 0.140 0.197
InsV2V [7] 20.37 0925 0.174 0.236
EVE [37] 20.88 0.926 0.198 0251
| VideoCoF | 2090 0.956 0213 0.257

Table 5. Comparison on the V2VBench benchmark.

V2VBench Frames Semantic Object Frames-Text Frames Video-Text Motion
Quality T Consis. T Consis. T Align. T Pick. © Align. T Align. 7
Tune-A-Video [50] 5.001 0.934 0917 27.513 20.701 0.254 -5.599
SimDA [54] 4.988 0.940 0.929 26.773 20.512  0.248 -4.756
VidToMe [20] 4.988 0.949 0.945 26.813 20.546  0.240 -3.203
VideoComposer [44]|| 4.429 0914 0.905 28.001 20272 0.262 -8.095
MotionDirector [69] 4.984 0.949 0.951 27.845 20.923 0.262 -3.088

VideoCoF (Ours) ‘ ‘ 5.024 0.954 0.956 28.336 21.154  0.275 -2.620




10. More Ablation Studies

In this section, we validate key design choices of VideoCoF:
the length of reasoning frames and the dispatch prompt.

10.1. Ablation on Reasoning Frames

Table 6. Ablation on the number of Reasoning Frames.
We investigate the impact of varying the number of rea-
soning frames from 1 to 5. Our default setting (4 frames)
achieves the best balance.

Ablation on Reasoning Frames

Frames 1 2 3 4 (Ours) 5
GPT-4o Score

Instruct Follow? 8219 8312 8.281 8973 70915
Preservationt 8.115 8.150 8.191 8203 6.542
Qualityt 7.692 7.752 7735 7.765 5.274
Success Ratiof 68.47% 69.39% 68.32% 76.36% 29.06%
Perceptual Quality

CLIP-T1 27.092 27.148 27.136 28.000 26.997
CLIP-Ft 0.9892 0.9893 0.9899 0.9915 0.9849
DINO?T 0.9815 0.9827 0.9836 0.9913 0.9719

Tab. 6 investigates the optimal number of reasoning
frames (F') for spatial guidance. Considering the VideoVAE
temporal compression formula L = (F' —1)//4+ 1, frames
1 ~ 4 map to a single latent frame (L = 1), while F' = 5
introduces latent frames L = 2. Results show that F' = 4
achieves the best performance. This indicates maximizing
spatial information within a single latent frame is more ef-
fective than expanding to a second latent, which introduces
unnecessary temporal complexity and degradation.

10.2. Ablation on Temporal Triptych Prompt

Table 7. Ablation on Temporal Triptych Prompt. We
compare the performance of our model with and without
the triptych patch prompt mechanism. The inclusion of the
triptych prompt significantly enhances instruction following
and overall success rates.

Ablation on Temporal Triptych Prompt
w/o Triptych w/ Triptych (Ours)
GPT-40 Score
Instruct Follow? 8.064 8.973
Preservationt 8.094 8.203
Qualityt 7.360 7.765
Success Ratio? 71.43% 76.36 %
Perceptual Quality
CLIP-T1 27.07 28.00
CLIP-Ft 0.989 0.992
DINO?T 0.980 0.991

To adapt a standard T2V model for
editing tasks, we draw inspiration from in-context image

instruction-based

VOTE
o |

VGOTE
Lo}

Source Video (a) w/ video triptych prompt  (b) w/o video triptych prompt

Figure 12. Input Prompt Variants for In-Context Video
Editing. We evaluate two prompt formats: (a) Temporal
Triptych Prompt - instructions embedded in a structure A
video sequence showing three parts: first the original scene,
then grounded {ground instruction}, and finally the same
scene but {edit instruction}.”) (b) Direct Instruction - ex-
plicit editing commands provided directly.

editing approaches [11, 36, 65]. Specifically, we implement
a temporal triptych prompt mechanism in VideoCoF to
describe the evolution of video content along the tempo-
ral dimension. As illustrated in Fig. 12, our prompt tem-
plate is structured as follows: “A video sequence showing
three parts: first the original scene, then grounded {ground
instruction}, and finally the same scene but {edit instruc-
tion}.”

As evidenced in Tab. 7, this mechanism brings signifi-
cant performance gains across all metrics. Crucially, unlike
the concurrent work ICVE [22], which requires computa-
tionally expensive pre-training on 1M video pairs to align
the T2V model with an instruction mode, our “temporal
triptych prompt” approach offers a practically zero-cost so-
lution to effectively bridge the gap between generation and
editing without the need for massive instruction tuning.

11. Implementation Details

11.1. Training Dataset

To equip our model with robust instruction-following ca-
pabilities, we constructed a unified chain-of-frames video
editing dataset comprising 50k video pairs. As detailed in
Table 8, the dataset is strategically balanced across four core
editing tasks: object addition, removal, swapping, and local
stylization. The data construction pipeline integrates both
filtered open-source data and high-quality synthetic data.
Object Addition and Removal: These subsets (25k sam-
ples total) are derived from the Sefiorita dataset. We employ
MiniMax-Remover [70] to synthesize paired data. Specifi-
cally, for the removal task (15k), we treat the original video



Table 8. Statistics of the VideoCoF Training Data. The
dataset consists of 50k samples balanced across four tasks.

Dataset #Samples Information
Video Editing Tasks
Obj. Addition 10,000 Derived from filtered Sefiorita.

Source generated by removing ob-
jects from target via MiniMax-
Remover [70]. (absent — present).

Obj. Removal 15,000 Derived from filtered Sefiorita.
Target generated via MiniMax-
Remover [70]. Includes 5k multi-
instance samples. (present — ab-

sent).

Obj. Swap 15000  Generated via VACE-14B [12] us-
ing GPT-40 prompts and Grounding
DINO masks. Covers rigid & non-
rigid swaps and Sk multi-instance

object swap samples.

Local Style 10000  Generated via VACE-14B [12] us-
ing GPT-40 prompts and Grounding
DINO masks. Focuses on texture &

stylization.

Total 50,000 Unified Dataset

as the source and the object-erased version as the target.
Conversely, for the addition task (10k), we invert this pair
(absent — present). Notably, the removal subset includes
5,000 samples featuring multi-instance objects to enhance
model robustness in complex scenes.

Object Swap and Local Style: To capture fine-grained
structural and textural changes, we generated 25,000 sam-
ples (15k for swap, 10k for style) utilizing VACE-14B [12].
The generation process is guided by GPT-4o0 for diverse
prompt synthesis and Grounding DINO for precise mask
extraction. The swap subset encompasses both rigid and
non-rigid object replacements, while the local style subset
focuses on texture modification and artistic stylization.

11.2. VideoCoF-Bench

Benchmark Construction. To strictly evaluate the general-
ization capability, we introduce VideoCoF-Bench, a diverse
evaluation set specifically curated to have no overlap with
the training domain. The benchmark is constructed from
three distinct sources to ensure comprehensive coverage:

* Pexels [31] Subset: We manually curated a collection of
high-quality videos from Pexels, comprising 50 samples
for each editing task. These samples are balanced across
the four core editing tasks (Addition, Removal, Swap, and
Local Style) to test resolution adaptability and instruction
following in varied scenes.

¢ Standard Benchmark Integration: To ensure a fair
comparison with existing methods, we incorporated rep-

resentative samples from established benchmarks, includ-
ing EditVerse [13] and UNIC-Bench [59].

» Adaptation for Fairness: Notably, for samples sourced
from UNIC-Bench (which typically involves ID-driven
editing), we removed the reference identity images.
This adaptation unifies the evaluation protocol, focusing
purely on text-driven editing capabilities.

This combination results in a highly diverse benchmark
that challenges models with unseen content and complex
editing instructions.

12. Metrics

GPT Evaluation. To comprehensively assess the edit-
ing performance, we employ the state-of-the-art Vision-
Language Model, GPT-40 [30], serving as an automated
judge. Following the protocol of InstructX [29], we sam-
ple three frames from each video pair and utilize structured
prompts in [29] to evaluate the results across the following
dimensions:

¢ Instruction Following (Score 1-10): This metric mea-
sures the precision with which the edit adheres to the
user’s specific command. Higher scores indicate that
the editing result strictly follows the prompt instructions
without ambiguity.

* Visual Quality (Score 1-10): This evaluates whether the
edited video is visually seamless, natural-looking, and
aesthetically pleasing. It penalizes artifacts, distortions,
or unnatural transitions introduced during the editing pro-
cess.

* Preservation (Score 1-10): This assesses the coherence
with the original video context. It strictly penalizes unin-
tended changes to non-edited regions, ensuring the back-
ground and non-target objects remain intact.

* Success Rate (Binary Yes/No): To mitigate scoring vari-
ance, we incorporate a stricter discrete metric inspired
by [22]. GPT-40 performs a binary judgment based
on a rigorous three-step verification logic: (1) Target
Identification (confirming the target matches the descrip-
tor/position); (2) Modification Accuracy (verifying the
specific edit is applied); and (3) Strict Preservation (en-
suring no other instances are altered).

As presented in Table 9, VideoCoF achieves superior
performance across all these metrics, validating the effec-
tiveness of our reasoning-driven approach.

Perception Quality. In addition to semantic evaluation, we
report quantitative metrics to measure the visual alignment
and temporal consistency:

* CLIP-T (Text-Image Alignment): This metric assesses
the semantic alignment between the editing instruction
and the output video. We compute the cosine similarity
between the CLIP [33] text embedding of the instruction



and the CLIP vision embedding of each output frame, re-
porting the average score across all frames.

¢ CLIP-F (Frame-wise Consistency): To evaluate tempo-
ral stability, we utilize the ViT-L/14 vision encoder from
CLIP to extract features for each frame. The consistency
score is calculated as the average cosine similarity be-
tween feature vectors of adjacent frames.

¢ DINO (Structure Consistency): While CLIP focuses on
semantics, we aim to capture more fine-grained structural
and textural consistency. We repeat the temporal con-
sistency calculation using features extracted from a pre-
trained DINOv2 [4] model. DINO’s self-supervised train-
ing enables it to capture object-level details that might be
overlooked by CLIP.

13. Future Directions

Scaling up Chain-of-Frames. Currently, Video-
CoF achieves SOTA performance in instruction following
and success rate using only 50k source-reasoning-editing
pairs.  This demonstrates remarkable data efficiency
compared to existing large-scale baselines. For instance,
EditVerse [13] utilizes 4M videos and 8M images,
ICVE [22] leverages 2M pre-training data with 150k SFT
samples, and InstructX [29] employs 200k SFT samples
with joint training. Despite the significant gap in data
scale, our method’s superior performance suggests that
the “reasoning-then-editing” paradigm is highly effective
for Video Diffusion Models (VDMs). A promising future
direction is to explore the performance ceiling of VideoCoF
by scaling the dataset to 200k or even millions of samples.
Investigating how the reasoning capabilities evolve with
larger-scale data could reveal new upper limits for precise
video editing.

Joint Image-Video Editing and Efficient Architectures.
While our current work focuses on video data, integrating
high-quality image editing datasets (e.g., MagicBrush [63],
NHR-Edit[18]) presents a valuable opportunity. Many re-
cent studies have shown that joint training can enhance vi-
sual quality and concept understanding. Future work could
investigate the optimal mixture ratios between image and
video datasets to maximize performance. Furthermore, de-
signing unified and efficient attention mechanisms is crucial
for handling the varying temporal dimensions of images and
videos within a single model. Such advancements would
likely improve the model’s cross-modal learning capabili-
ties, allowing it to transfer fine-grained editing skills from
images to complex video dynamics.

Generalizing VideoCoF to Broader Tasks. VideoCoF has
demonstrated exceptional performance in local editing
tasks. However, the underlying reasoning framework is in-
herently flexible and can be extended to a wider range of ap-
plications. For Global Editing (e.g., style transfer), the rea-
soning frame could employ a full-frame gray mask to guide

global transformations. For ID-Driven Editing, reference
identity images could be integrated as “reasoning frames” to
guide specific character insertions or swaps. Unifying these
diverse tasks—ranging from local modifications to global
stylization and ID injection—under the VideoCoF paradigm
represents an exciting avenue for future exploration.



Table 9. Quantitative full comparison over 4 video editing tasks on VideoCoF-Bench. We compare VideoCoF with
SOTA baselines: InsV2V [7]; Seforita [71] (an 12V model guided by an InstructPix2Pix [2] first frame); VACE-14B [12]
(using GPT-40 generated captions); the concurrent work ICVE [22] (pre-trained 1M, fine-tuned 150k); and Lucy Edit Dev
[40]. Despite extensive baseline training data, our VideoCoF is fine-tuned on only 50k source-reasoning-editing triplets and
shows superior instruction following and success ratio.

Model GPT-40 Score Perceptual Quality
Instruct Follow?  Preservationf QualityT Success Ratiof | CLIP-Tt CLIP-F{ DINO?
Object Removal
InsV2V [7] 3.11 4.02 3.77 3.92% 26.85 0.984 0.973
Sefiorita [71] 3.11 4.68 4.38 9.80% 26.96 0.995 0.990
VACE [12] N/A N/A N/A 0.00% 25.57 0.996 0.995
ICVE [22] 5.38 7.30 7.68 25.49% 26.64 0.994 0.989
Lucy Edit [40] 2.06 4.09 4.45 1.96% 27.37 0.992 0.988
VideoCoF (Ours) 9.65 7.35 6.94 86.27 % 27.50 0.988 0.996
Object Addition
InsV2V [7] 2.71 5.31 4.84 2.04% 25.50 0.985 0.966
Sefiorita [71] 2.63 5.43 4.80 6.12% 25.26 0.990 0.981
VACE [12] 7.12 5.40 7.38 30.61% 28.01 0.990 0.980
ICVE [22] 8.95 8.65 8.33 77.55% 29.13 0.987 0.974
Lucy Edit [40] 6.96 7.29 6.78 44.90% 27.39 0.987 0.978
VideoCoF (Ours) 9.12 8.78 8.27 79.59 % 29.60 0.988 0.982
Object Swap
InsV2V [7] 1.52 7.37 6.54 0.00% 26.22 0.991 0.984
Sefiorita [71] 1.69 7.39 6.40 0.00% 25.97 0.994 0.990
VACE [12] 8.11 6.53 7.79 34.62% 26.93 0.995 0.992
ICVE [22] 9.08 8.40 8.57 73.08% 26.54 0.993 0.989
Lucy Edit [40] 6.81 7.58 7.50 44.23% 26.46 0.992 0.988
VideoCoF (Ours) 9.10 8.39 8.14 80.77 % 27.10 0.993 0.996
Local Style Transfer

InsV2V [7] 6.29 7.89 6.89 19.61% 26.19 0.992 0.987
Sefiorita [71] 5.60 7.69 6.33 25.49% 25.97 0.995 0.992
VACE [12] 7.18 5.53 7.65 41.18% 27.56 0.996 0.994
ICVE [22] 7.75 7.89 7.98 54.90% 27.64 0.994 0.991
Lucy Edit [40] 5.12 7.05 6.73 27.45% 26.71 0.993 0.992
VideoCoF (Ours) 8.02 8.29 7.71 58.82 % 27.80 0.997 0.991
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