EasyV2V: A High-quality Instruction-based Video Editing Framework

Supplementary Material

A. Text-2-Video prior preservation

We perform LoRA tuning with the base T2V weights frozen
to maximize prior preservation. Compared to full finetun-
ing, LoRA finetuning consistently achieves higher scores
across benchmarks, including T2V tasks (VBench [18]). In-
terestingly, LoRA finetuning on our V2V dataset also im-
proves T2V performance, as reflected by a higher VBench
score.

Method Base Model Full-tuning EasyV2V
V2V (VLM Score 1) - 4.67 7.73
VBench Total 1 79.99 7791 81.26

B. Performance on image editing

During training, we occasionally sampled from image-
editing datasets and treated each image—edit pair as a single-
frame video, rather than exclusively applying affine trans-
formations to synthesize pseudo-videos.

As shown in Table I, we evaluated EasyV2V on a recent
image-editing benchmark [62], interpreting each image as a
single-frame video with a resolution of 1 x 832 x 480. Im-
pressively, although EasyV2V was not specifically designed
for image editing, it surpassed all baselines on nearly all
subtasks and achieved performance comparable to leading
closed-source and commercial systems.

Notably, EasyV2V outperformed EditVerse by a margin
of 0.54. The model also demonstrated strong results on both
action and hybrid editing tasks, underscoring the effec-
tiveness of our unified data pipeline that jointly leverages
image-editing datasets and video—caption datasets featuring
human actions. Figure I presents representative qualitative
results, with additional examples provided in our supple-
mentary materials.

C. Model configuration
C.1. Mask conditioning

We compare our mask-conditioned editing performance
with WanVACE [21]. Note that as WanVACE is not an
instruction-based editing model, we restrict our compari-
son to the edit types it supports via edit masks: inpainting,
object removal, and object replacement. We evaluate two
types of edit masks: pixel-wise spatial masks (indicating
the edit region per frame) and frame-wise temporal masks
(indicating which frames should be modified). While Wan-
VACE utilizes an additional branch with complex context
activation and injection for mask conditioning, we demon-
strate that encoding masks using the video VAE is simple
yet effective, particularly for temporal control.

We investigate different mask conditioning strategies for
EasyV2V:

* Video VAE, Z« + Zg.: After encoding the mask video
into mask latent 7, using the video VAE, we perform
token addition to inject the mask condition into the source
video latent. This is the default strategy for EasyV2V in
the main paper.

* Video VAE, Zy« + Zig: After encoding the mask video
into mask latent Z,, using the video VAE, we perform
token addition to inject the mask condition into the noisy
target video latent.

* Downsample, Z + Zg.: We apply spatial and temporal
average pooling to downsample the mask video from in-
put resolution to latent resolution, then perform token ad-
dition to inject the mask condition into the source video
latent.

* Video VAE, Seq_Cat(Zc, Zigt, Zmsk): After encoding
the mask video into mask latent Zy using the video
VAE, we perform sequence concatenation for all condi-
tion signals, including Zy, Zigt, Zmsk, and Zes.

To evaluate spatial mask editing, we adopt the VLM
prompt from the EditVerse evaluation protocol. To evaluate
temporal mask editing, where the edit occurs after a certain
timestamp, we modify the VLM prompt to incorporate edit
timestamp awareness. Please refer to the last page for our
complete VLM prompts.

As shown in Table II, EasyV2V achieves the best perfor-
mance when using token addition to inject the mask condi-
tion into the source video latent. Both sequence concatena-
tion and our token addition strategy outperform WanVACE
on mask-conditioned video editing.

From the qualitative comparison in Figure I, we observe
that WanVACE [21] has limited ability to generalize to di-
verse edit prompts and fails to adhere to both temporal and
spatial masks in many cases compared to EasyV2V.

C.2. LoRA Rank

We employ LoRA [16] to mitigate divergence and study the
effect of LoRA rank. We train the model for 20K steps to
ablate the impact of LoRA rank on the EditVerse bench-
mark. We observe that performance improves as we in-
crease the rank. We adopt a LoRA rank of 256, as per-
formance begins to saturate between ranks 128 and 256.
Table III reports the results for ranks 64, 128, and 256. Al-
though the model with rank 256 performs best on most met-
rics, the gap between ranks 128 and 256 is marginal, and
rank 64 is only slightly inferior. This supports our hypoth-
esis that pre-trained video models serve as strong priors for
video editing, and that a low-rank update is sufficient for



Table I. Category-wise image-editing performance on ImgEdit Bench [62]. Scores are derived from a vision—language model (VLM) based
on Prompt Compliance, Visual Naturalness/Seamlessness, and Physical/Detail Coherence (higher is better). Impressively, EasyV2V
surpasses all baselines across most categories and approaches the performance of leading commercial systems, despite not being
specifically designed for image editing.

Method Add Adjust Extract Replace Remove Background Style Hybrid Action Overall
MagicBrush 284  1.58 1.51 1.97 1.58 1.75 2.38 1.62 1.22 1.83
Instruct-P2P 245 1.83 1.44 2.01 1.50 1.44 3.55 1.20 1.46 1.88
ICVE 2.50  2.11 1.66 2.81 1.89 2.32 3.98 1.55 2.44 2.36
AnyEdit 318 295 1.88 2.47 2.23 2.24 2.85 1.56 2.65 2.45
UltraEdit 344 281 2.13 2.96 1.45 2.83 3.76 1.91 2.98 2.70
ICEdit 358 339 1.73 3.15 2.93 3.08 3.84 2.04 3.68 3.05
Step1X-Edit 3.88 3.14 1.76 3.40 241 3.16 4.63 2.64 2.52 3.06
UniWorld-V1 382 364 2.27 3.47 3.24 2.99 4.21 2.96 2.74 3.26
BAGEL 381 359 1.58 3.85 3.16 3.39 4.51 2.67 4.25 342
OmniGen2 3.57  3.06 1.77 3.74 3.20 3.57 481 252 4.68 3.44
Kontext-dev 3.83 3.65 2.27 4.45 3.17 3.98 4.55 3.35 4.29 3.71
EasyV2V (Ours) 446 4.18 1.80 3.86 3.70 4.33 4.57 4.04 4.68 3.96

Closed-Source Commercial Models and Concurrent works

Input EasyV2V (Ours)

Add a small sailboat floating near the end of the dock in
the background, with its sails partially filled with wind.

4
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Change the green foliage background in the picture to
who is positioned in front of the construction site. a coastal beach setting.

Remove the human standing in the foreground wearing a blue suit,

Figure I. Qualitative image-editing results from our video-editing model, which treats images as single-frame videos and achieves state-of-
the-art performance, showing that video editing aids image editing.

robust performance.
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(b) Edit with temporal mask. Edit prompt: “change the woman to a robot.”

(a) Edit with spatial mask. Edit prompt: “re-
move the lamb.”

Figure II. Comparison of mask-guided editing performance with WanVACE using samples from EditVerseBench [23].

Table II. Comparison of video editing mask strategies.

Method VLM score (1)

Pixel-wise spatial mask Frame-wise temporal mask Average
Wan VACE [21] 4.13 6.87 5.50
Video VAE, Zns + Zig 5.50 7.40 6.45
Downsample, Zy + Zge 5.80 5.40 5.60
Video VAE, Seq_Cat (Zc, Zigt; Zmsk) 6.00 7.70 6.85
Video VAE, Z,« + Zg (EasyV2V) 7.23 7.73 7.48

Table III. Ablation study on LoRA rank and the use of the refer-
ence image.

Table IV. Comparison of training and inference costs across dif-
ferent tuning strategies.

Rank 64 Rank 128 Rank 256
Metric w/oRef. w/Ref. w/oRef. w/Ref. w/oRef. w/Ref.
Frame-Text Alignment 24.80 27.27 24.99 27.67 25.32 27.67
Video-Text Alignment 21.31 24.36 21.45 24.73 21.90 24.60
PickScore Video Quality 19.42 20.20 19.52 20.36 19.58 20.37
VLM Quality Score 6.17 7.02 6.20 7.12 6.48 7.22

C.3. Time and memory profiling

We profile the efficiency of EasyV2V on a single NVIDIA
H100 GPU for training and inference under different strate-
gies: (1) full model fine-tuning with sequence concatena-
tion of source and target latents, (2) full model fine-tuning
with token addition of source and target latents, (3) LoRA
fine-tuning with sequence concatenation of source and tar-
get latents, and (4) LoRA fine-tuning with token addition
of source and target latents. FlashAttention is enabled dur-
ing both training and inference. A complete comparison is
provided in Table I'V.

Metric Full Model w/ SeqCat.  Full Model w/ EmbedAdd. LoRA w/SeqCat. LoRA w/ EmbedAdd.
New Params 5B SB 0.64B 0.64B

Train (s / batch) 5.63 4.60 5.70 4.54

Train VRAM 62GB 62GB 37GB 32GB
Inference (s / sample) 67.71 30.41 69.42 30.11

D. Additional details on data pipelines

Human animation. We use the 14B-parameter pretrained
Wan Animate [8] model as the expert editor, following its
preprocessing for face crops and poses. For first-frame edit-
ing, we apply Flux Kontext Dev [30]. Edit prompts are gen-
erated by ChatGPT [49] using 150 prompts created from the
following instruction:

You are a helpful assistant to help with
— the generation of video editing
prompts, to edit videos of people.
Below are samples of the prompts we're
interested it:

il

# Fantasy & Mythical Creatures



- "Make the person look like an elf"
— "Make the person look like a goblin"

# Professions & Archetypes
— "Make the person look like a knight"
- "Make the person look like a samurai"

# Horror & Dark Styles
- "Make the person look like a zombie"
— "Make the person look like a vampire"

# Animals & Hybrids
— "Make the person look like a lion"
- "Make the person look like a tiger"

# Sci-Fi & Futuristic
- "Make the person look like a robot"
- "Make the person look like a cyborg"

# Stylized & Surreal

— "Make the person look like a

— stained-glass figure"

- "Make the person look like a chalk
— drawing"

# Accessories
— "Give the person a pair of sunglasses"
- "Give the person a hat"

Now, generate several prompts per category
— mentioned above.

Actor transmutation.

We adapt FlowEdit [28], originally designed for image
editing, on Wan 2.1 14B [50] for video editing. As de-
scribed in the main paper, our prompt assets include three
object categories: bipedals (e.g., clown, pirate, ninja, samu-
rai, humanoid robot), quadrupeds (e.g., dog, cat, lion, chee-
tah, sheep), and avians (e.g., pigeon, duck, parrot, eagle,
owl). We provide five examples per category to ChatGPT
to generate extended lists. We also compile lists of scenes
(e.g., jungle, mountain, beach, street, bedroom) and actions
(e.g., walking, running, jumping, dancing).

Video stylization.

Similar to the prompts for our human animate dataset,

we use ChatGPT to generate prompts for video stylization:

You are a helpful assistant to help with
<~ the generation of video stylization
— prompts, to edit and stylize in the
— wild videos. Below are samples of the
— prompts we're interested it:

# Distinct media / aesthetics
— "In the style of a watercolor painting"

- "In the style of a digital painting"

# Comic / cartoon & animation houses

— "In the style of a manga"
— "In the style of a cartoon"

# Art movements
— "In the style of Brutalism"
- "In the style of Impressionism"

# Lighting
- "Captured in the golden hour"
- "Captured bathed in neon lights"

# Cinematic & photographic framing styles
— "Shot on 35 mm film grain"
— "Shot in black-and-white film noir style"

# Global traditional arts & patterns

— "In the style of a Roman floor mosaic"
— "In the style of Persian miniature

— painting"

# Color palette & tonal approaches
- "Rendered in soft pastel hues"
- "Rendered in muted earth tones"

Now, generate several prompts per category
— mentioned above.

We end up generating 350 different stylization prompts.
Controllable video generation.

We curate a 15K-sample dataset from in-the-wild videos
through manual filtering, then apply a range of model-free
and model-based video-to-video transformations to build a
paired dataset for training our video editing model. These
transformations include human pose estimation (DWPose),
Canny and HED edge detection, RAFT large optical flow,
random black rectangle masks (inpainting), random black
borders (outpainting), depth prediction with Depth Any-
thing V2, grayscale conversion, Gaussian blur, color nega-
tion, saturation/contrast/brightness adjustments, pixelation,
wave warping, posterization, Gaussian noise, and color
overlays.

Dense-captioned text-to-video data

We apply strict filtering criteria to ensure high-quality
training pairs from dense-captioned datasets. First, we re-
quire videos to have at least 162 frames after downsam-
pling to 15 fps (enabling 81 frames for both source and
target clips). Second, we filter temporal segments based
on: (i) start time must allow sufficient preceding frames
(ti > 81/1PSgownsample) (i1) segment duration must exceed
2 seconds to ensure meaningful actions, and (iii) no scene
cuts within the segment interval. For instruction generation,
we flatten all temporal segments from multiple videos into
batches and process them simultaneously with Qwen-3-
4B [58], discarding segments where the LLM returns empty
strings (indicating unsuitable actions for video editing con-
version). The LLM prompt instructs the model to convert



action descriptions into imperative instructions starting with
verbs like “make,” “let,” or “have,” while preserving all key
details.

Image-to-image data

We employ a multi-stage pipeline to generate high-
quality instructional I2I pairs from image captions at
scale. Given an image caption, an LLM (Qwen3-4B-
Instruct [58]) generates up to five diverse edit instructions
spanning canonical edit types: add, remove, replace,
change_global, change_local, change_color,
transform_global, transform_local, text, and
other. Each instruction is then executed using instruction-
following image editors (Qwen-Image-Edit [38] , or Flux-
Kontext [30]), producing candidate edit pairs. To en-
sure quality, we apply VLM-based filter with Gemma-3-
27B [48].

For 12I-to-V2V conversion, we generate smooth affine
camera trajectories by sampling random target poses with
bounded parameters: rotation angles in [—15°, 15°], zoom
factors in [0.66,1.0] (avoiding excessive zoom-out), and
translation offsets within +33% of frame dimensions.
These parameters are linearly interpolated across frames
and constrained via linear programming to ensure the trans-
formed bounding box remains fully within the frame bound-
aries throughout the trajectory. The same trajectory is ap-
plied to both source and target images using perspective
transforms, creating temporally coherent pseudo-videos
with motion cues (zoom, pan, rotation) while preserving the
edit signal. With 50% probability, trajectories are reversed
to balance zoom-in and zoom-out motions, providing di-
verse camera movement patterns that enhance the model’s
robustness to dynamic viewpoints during training.

E. Impact of dataset size and generalization to
unseen edits

We split a subset of our V2V training data to include three
edit types only and ablate on training data size with 10K,
100K, and 1M samples. As training data size increases,
Figure III shows performance improves accordingly for
both seen and unseen edits. We observe that training with
only 10K examples already yields fair performance. More-
over, editing capability on seen tasks consistently enhances
performance on unseen edit categories, validating that the
inherent edit ability of a pretrained T2V model can be un-
locked with our efficient tuning.

F. Impact of classifier free guidance
We perform an ablation study on the impact of classifier-

free guidance (CFG) [15] during inference.

CFG Implementation. Following the standard CFG for-
mulation, we guide the denoising process by interpolating
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Figure III. Ablation study on training data size and generalization.

between conditional and unconditional predictions. Given
the predicted noise €y from our diffusion model, the CFG-
guided prediction is computed as:

€9 =eo(D) + s (eo(c) —ea(D)) ey

where ¢ represents the conditioning signal, () denotes the
unconditional (null) condition, and s is the guidance scale.
This can be reformulated as:

tg=(1—35) €(0)+s-ep(c) (2)

When s = 1.0, the model performs purely conditional gen-
eration, while larger values of s amplify the influence of the
conditioning signal.

In our framework, we support two CFG strategies
depending on which conditions are used for guidance:
Prompt-only CFG and Prompt + Reference CFG.
Prompt-only CFG. By default, we apply CFG only to
the text prompt while keeping all visual conditions (source
video and reference image) shared between conditional and
unconditional branches:

€0 = €p (Cvis) +s- (ee(cvim Cprompl) - 6H(Cvis)) 3)

where c;s denotes visual conditions (source video and op-
tionally reference image), and cpromp: s the edit instruction.
This approach maintains consistent visual context while al-
lowing the text prompt to guide the editing direction.
Prompt + Reference CFG. Alternatively, we can apply
CFG to both the text prompt and reference image:

€0 (Csrc ) ) (4)

60 = €9 (Csrc) +5- (69 (CsrC7 Cref, Cprompt) -

where cg is the source video (always present), cf is the
reference image, and Cprompy is the text prompt. This strategy
applies guidance to both the reference appearance and text
instruction simultaneously. Our method is uniquely suitable
for this type of guidance because the reference image is an
optional input to our model.

Experimental results. In Table V, we present results un-
der different CFG scales when using only the edit prompt



Table V. Effect of the CFG scale for the edit prompt.

Inference w/o Ref. Inference w/ Ref.

CFG scale 1.0 3.0 5.0 7.0 1.0 3.0 5.0 7.0
Frame-Text Alignment 2665 2759 2749 27.11 2726 2728 2733 2729
Video-Text Alignment 2452 2446 24.16 2340 2401 2407 2427 2433

PickScore Video Quality  20.05 20.36  20.23 20.05 20.57 20.60 20.58 20.53
VLM Quality Score 6.79 7.73 748 698 1.14 7.30 728 721

Figure IV. Effect of the CFG for the edit prompt. Edit prompt:
“Transform the entire visual style of the video using a hand-drawn
watercolor animation effect.”

Table VI. Effect of the CFG scale for the edit prompt and reference
image.

Inference w/ Ref.
CFG scale 1.0 3.0 5.0 7.0
Frame-Text Alignment 2665 2777 2749 27.11
Video-Text Alignment 2452 2454 2416 2340

PickScore Video Quality  20.05 20.34 20.23 20.05
VLM Quality Score 679 7.69 747 698

for CFG. We also provide a visualized example in Fig-
ure I'V. As shown, higher CFG scales generally improve text
alignment but may reduce temporal consistency and video
quality when the scale becomes too large.

In Table VI, we show results under different CFG scales
when using both the edit prompt and reference image for
CFQG. For fair comparison, we report inference performance
only when a reference image is provided. A visualized ex-
ample is shown in Figure V. The dual-condition CFG pro-
vides stronger control over both appearance and semantic
alignment but requires careful tuning of the guidance scale
to balance faithfulness to conditions and generation quality.

We observe that the best performance is achieved when
CFG scales are between 3.0 and 5.0. We adopt a moderate
CFG scale of s = 3.0 by default with prompt-only guid-
ance. We believe that further fine-grained CFG hyperpa-
rameter tuning could yield even better performance.

G. User study

We construct a custom benchmark comprising 160 hori-
zontal and vertical videos spanning 18 distinct edit types,
including actor transmutation, add effect, add object, ani-
mation, change action, change background, change color,
change material, change object, change weather, complex
edit, control video, edit with mask, freeform, local styliza-

Figure V. Visual illustration of the effect of the CFG scale for the
edit prompt and reference image. Edit prompt: “Change the bird’s
color to emerald green.” The top row shows the reference image
generated by Qwen-Image-Edit.

tion, global stylization, remove object, and sim2real. We
conduct a user study in which participants select the su-
perior sample between outputs generated by two differ-
ent methods, evaluating them along three dimensions: In-
struction Alignment (adherence to the text prompt), Preser-
vation of Unedited Regions (temporal consistency in un-
changed areas), and Video Quality (overall visual fidelity).
As shown in Figure VI, EasyV2V outperforms all other
methods across all three dimensions.

H. Additional visualization

H.1. More comparisons

We nonetheless bring more comparisons with Ins-ViE [55],
ICVE [31], Runway Aleph [42] and Editto [2]. We
also found that EasyV2V ( 7.73 ) qualitatively outperforms

Editto ( 5.00 ) on EditVerseBench.

H.2. Robustness to Reference Image

We provide visualization results of EasyV2V based on the
choice of reference image. By default, we derive the ref-
erence image by applying the image editing model to the
first frame of the source video. We also present results us-
ing the first, middle, or last frame of the source video as the
basis for the reference. As shown in Figure VIII, our model
is robust to the choice of reference image, indicating that
EasyV2V effectively captures the identity of the reference
image for video editing. Moreover, EasyV2V can rectify in-
consistent zoom-in effects and human pose misalignments
introduced by the image editing model. Notably, without
an external reference image from the image editing model,
EasyV2V achieves even better consistency with the source
video; for instance, the background remains well preserved.

H.3. Comparison on Human Animate and Flow
Edit Datasets

We curate the Human Animate dataset, which contains
human-centric video edits, and the Flow Edit dataset, which



vs. Seforita-2M: Quality
vs. Seflorita-2M: Preservation 56.9%

vs. Seforita-2M: Instruction

vs. Lucy Edit: Quality
vs. Lucy Edit: Preservation 45.0%

vs. Lucy Edit: Instruction

vs. InsVIiE-1M: Quality
vs. InsViE-1M: Preservation

vs. InsVIiE-1M: Instruction

68.8%

Win Tie Loss

81.9% 6.2% 11.9%
11.9% 31.2%
78.8% 8.8% 12.5%
8.1% 23.1%
13.8% 41.2%

87.5% 9.4%
94.4%

83.1% 5.6% 11.2%
93.8%

Figure VI. Results of the user study. EasyV2V is the most preferred method across all evaluation criteria.
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Figure VII. Comparison with more methods

focuses on actor transmutation edits. We provide compar-
isons in Figure IX between a model trained exclusively
on the Human Animate dataset and one trained on the
Flow Edit dataset. The model trained on the Human An-
imate dataset often achieves superior visual details, pre-
serves poses more effectively, and generalizes better to un-
seen human-specific pose-to-video tasks. Facial expres-
sions are also better preserved when training on the Human
Animate dataset compared to the Flow Edit (actor transmu-
tation) dataset.

H.4. Exhibition Gallery and Visualization

We present additional video editing examples on our visual-
ization website included in the supplementary material. We
strongly encourage readers to view the attached HTML file
for comprehensive and diverse video results.

Capability for Human Action Editing. Leveraging a
densely captioned video dataset during training, our model
demonstrates a strong capability to follow text instructions
for modifying human actions. Compared to concurrent
works, which often struggle to alter human actions effec-
tively, EasyV2V exhibits a unique proficiency in such edits,

highlighting the effectiveness of our curated human action
data.

Natural Edit Transitions. Although we employ a simple
blending transition strategy during training, EasyV2V ex-
hibits an emergent ability to produce natural transitions. We
evaluate this using frame-wise temporal masks where the
edit is restricted to the second half of the video. We observe
smooth and realistic transitions at the timestamp where the
source-to-target edit initiates.

High-Resolution Results. We train our model at a higher
resolution of 81 x 1280 x 704 to further validate our method
and data pipeline. The total training data is subsampled to
approximately 6 million samples due to the computational
cost of high-resolution training. Note that 81 x 1280 x 704
is the maximum supported resolution of Wan-2.2-TI2V-
5B [50]. We observe rapid convergence within a few train-
ing steps, confirming that our architecture design with low-
rank tuning efficiently adapts a T2V model to V2V tasks. To
the best of our knowledge, EasyV2V is the first instruction-
based video editing model capable of editing ~720P videos
with a duration of 81 frames.
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Figure VIII. Robustness of EasyV2V to the choice of reference
image. Edit prompt: “Change the apron and blouse to a clas-
sic clown costume.” The top row shows reference images gen-
erated by Qwen-Image-Edit based on different frames from the
source video, followed by videos generated by EasyV2V condi-
tioned on these reference images. The source video is taken from
Lucy Edit’s website [46].

I. VLM prompts for evaluation

VLM prompt we used for spatial mask editing evaluation:

'You are a meticulous video editing quality
— evaluator. Your task is to provide a
detailed assessment of a video edit by
comparing the original image with the
edited image based on a given text

— prompt.\n\

Editing Prompt:\n{editing_prompt}\n\
Instructions:\n\

i

Analyze the provided image (the edited

— video frame) and evaluate how well the
"Editing Prompt" has been executed. You
will evaluate the edit across three
distinct criteria. For each criterion,
provide a score from 0 (worst) to 3
(best) and a brief justification.

<+ Finally, provide the total score.\n\
Your evaluation should focus on three key
— aspects:\n\

1. Prompt Following (Score: 0-3) \n\
Question: Does the edit accurately and

— completely fulfill the instructions in
< the "Editing Prompt"? \n\

Scoring Guide:\n\

- 3: The prompt is perfectly and completely
— followed.\n\

- 2: The prompt is mostly followed but with
— minor inaccuracies or omissions.\n\

— 1: The prompt is poorly followed or only
— partially executed.\n\

- 0: The prompt is completely ignored or
< the opposite was done. \n\

2. Edit Quality (Score: 0-3) \n\

Question: How is the visual quality of the
— edited area itself? Is it realistic,

— seamless, and free of artifacts (e.qg.,
— Dblurriness, distortion, unnatural

< textures) ?\n\

Scoring Guide:\n\

— 3: The edit is of high wvisual quality,

— seamless, and artifact-free.\n\

- 2: The edit is good but has minor,

— noticeable artifacts.\n\

- 1: The edit is of low quality with

<+ significant, distracting artifacts.\n\
- 0: The edited area is extremely poor,

— garbled, or has completely failed.\n\
3. Background Consistency (Score: 0-3) \n\
Question: Have the areas that should not

— have been edited remained unchanged

— between the "Before" and "After"

— 1images? \n\

Scoring Guide:\n\
— 3: The areas that should not have been

— edited are perfectly preserved and

< stable. \n\
— 2: There are minor, subtle, but
noticeable changes or flickers in the
areas that should not have been

< edited.\n\

- 1: There are significant and distracting
— changes in the areas that should not

— have been edited. \n\
- 0: The areas that should not have been

— edited is completely or
catastrophically altered. \n\

el

!

!

!

VLM prompt we used for temporal mask editing evaluation:
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Figure IX. Comparison between models trained on the Flow Edit dataset and the human animate dataset.

You are a meticulous video editing quality Question: Does the frame correctly show NO
— evaluator. Your task is to provide a — editing in the first half of the video?
— detailed assessment of a temporal video Scoring Guide:
— edit by comparing the original image — 3: The frame is perfectly unchanged,
— with the edited image based on a given — showing no signs of the edit that
— text prompt. — should only appear in the second half.
— 2: The frame is mostly unchanged but
Editing Prompt: — shows very minor, subtle hints of the
{editing_prompt} — edit.
— 1: The frame shows partial editing when
IMPORTANT TEMPORAL CONTEXT: — 1t should be unchanged.
This frame is from the FIRST HALF of the — 0: The frame is fully edited when it
— video, where the edit SHOULD NOT have — should be completely unchanged.
— occurred yet. The frame should remain
— unchanged from the original. s EE TR AL L

IMPORTANT TEMPORAL CONTEXT:
e This frame is from the TRANSITION PERIOD
Your evaluation should focus on three key — (around the middle of the wvideo), where
- aspects: — the edit IS HAPPENING. The frame should
— show the edit in progress or just
o

1. Temporal Consistency (Score: 0-3) completed.
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structions:

alyze the provided images and evaluate
how well the temporal editing is
progressing. You will evaluate the edit
across three distinct criteria.
each criterion, provide a score from 0
(worst) to 3 (best) and a brief
justification. Finally, provide the
total score.

For

ur evaluation should focus on three key
aspects:

Edit Progress (Score: 0-3)

estion: Does the frame show appropriate
edit progression during this transition
period?

oring Guide:

3: The frame shows natural,
editing transition that aligns with the
temporal position.

2: The frame shows editing but the
transition is slightly abrupt or
unnatural.

1: The frame shows poor editing
progression or timing.

0: The frame shows no editing or
completely wrong timing.

smooth

IMPORTANT TEMPORAL CONTEXT:

Th
.
<

—

In
An

—

R

is frame is from the SECOND HALF of the
video, where the edit SHOULD HAVE been
completed. The frame should show the
fully edited result.

structions:

alyze the provided images and evaluate
how well the "Editing Prompt" has been
executed. You will evaluate the edit
across three distinct criteria. For
each criterion, provide a score from 0
(worst) to 3 (best) and a brief
justification. Finally, provide the
total score.

Your evaluation should focus on three key

—

1.
Qu

—

Sc

—

—

aspects:

Prompt Following (Score: 0-3)

estion: Does the edit accurately and
completely fulfill the instructions in
the "Editing Prompt"?

oring Guide:

3: The prompt is perfectly and completely
followed.

2: The prompt is mostly followed but with
minor inaccuracies or omissions.

- 1:

—

- 0:

—

The prompt is poorly followed or only
partially executed.

The prompt is completely ignored or
the opposite was done.

FHEHFHE SRS
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