VideoCoF: Unified Video Editing with Temporal Reasoner

Supplementary Material

This document provides more details of our approach
and additional experimental results, which are organized as
follows:

* Discussion on RoPE Design (§1)
 Editing Length Upper Bound (§2)
 Full Comparison (§3)

* TGVE+ and V2VBench (§4)

e More Ablation studies (§5)

* Implementation Details (§6)

e Metrics (§7)

¢ Future Directions (§8)

1. 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 [28] and UltraViCo [29] 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. | shows that it still fails.
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Figure 1. Comparison between VideoCoF and UltraViCo

2. 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. 2, it remains stable for the
first 500 frames but shows slight degradation at 512 frames.

3. Full Comparison

As shown in Tab. 6, we provide a detailed breakdown
of the results across four distinct tasks: Object Removal,
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Figure 2. 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 [9]. 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.

4. TGVE+ and V2VBench

Since TGVE[22] has only 304 samples, we instead evalu-
ate on the comprehensive TGVE+ subset used in EVE [16]
(1,417 samples across 7 instruction editing tasks), and re-
port V2VBench [17] results. As shown in the tables, Video-
CoF achieves the best performance on both benchmarks.

Table 1. Comparison on the TGVE+ benchmark.

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

Tune-A-Video [21]]] 2047 0933 0.131 0242
SDEdit [10] 20.35 0.899 0.131 0.241
STDF [24] 20.60 0933 0.093 0227

TGVE
GVE+ | biry [20) 19.81 0933 0.140 0.197
InsV2V [3] 20.37 0925 0.174 0.236
EVE [l6] 20.88 0.926 0.198 0251
| VideoCoF | 2090 0.956 0213 0.257

Table 2. Comparison on the V2VBench benchmark.

Frames Semantic Object Frames-Text Frames Video-Text Motion

N2¥Eenth Quality 1 Consis. 1 Consis. T Align. 7 Pick. 1 Align. 7 Align.
Tune-A-Video [21] || 5001 0934 0917 27513 20701 0254  -5.599
SimDA [23] 4988 0940 0929 26773 20512 0248 4756
VidToMe [8] 4988 0949 0945 26813 20546 0240 3203
VideoComposer [19]|| 4429 0914 0905 28001 20272 0262  -8.095
MotionDirector [30] 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




5. More Ablation Studies

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

5.1. Ablation on Reasoning Frames

Table 3. 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. 3 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.

5.2. Ablation on Temporal Triptych Prompt

Table 4. 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
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Figure 3. Input Prompt Variants for In-Context Video Edit-
ing. We evaluate two prompt formats: (a) Temporal Trip-
tych 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 - explicit edit-
ing commands provided directly.

editing approaches [4, 15, 27]. 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. 3, 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. 4, this mechanism brings signifi-
cant performance gains across all metrics. Crucially, unlike
the concurrent work ICVE [9], which requires computation-
ally expensive pre-training on 1M video pairs to align the
T2V model with an instruction mode, our “temporal trip-
tych prompt” approach offers a practically zero-cost solu-
tion to effectively bridge the gap between generation and
editing without the need for massive instruction tuning.

6. Implementation Details

6.1. 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 5, 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 [31] to synthesize paired data. Specifi-
cally, for the removal task (15k), we treat the original video



Table 5. 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 [31]. (absent — present).

Obj. Removal 15,000 Derived from filtered Sefiorita.
Target generated via MiniMax-
Remover [31]. Includes 5k multi-
instance samples. (present — ab-

sent).

Obj. Swap 15000  Generated via VACE-14B [5] 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 [5] 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 [5].
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.

6.2. 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 [13] 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 [6] and UNIC-Bench [25].

» 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.

7. Metrics

GPT Evaluation. To comprehensively assess the edit-
ing performance, we employ the state-of-the-art Vision-
Language Model, GPT-40 [12], serving as an automated
judge. Following the protocol of InstructX [11], we sam-
ple three frames from each video pair and utilize structured
prompts in [11] 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
variance, we incorporate a stricter discrete metric in-
spired by [9]. 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 6, 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 [14] 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 [2] model. DINO’s self-supervised train-
ing enables it to capture object-level details that might be
overlooked by CLIP.

8. 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 [6] utilizes 4M videos and 8M images, ICVE [9]
leverages 2M pre-training data with 150k SFT samples, and
InstructX [11] employs 200k SFT samples with joint train-
ing. 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 [26],
NHR-Edit[7]) 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.
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