Are Image-to-Video Models Good Zero-Shot Image Editors?

Supplementary Material

1. Implementation Details
1.1. Algorithm Details

We summarize the inference pipeline of IF-Edit in Al-
gorithm 1. The process integrates our three proposed
components: CoT Prompt Enhancement, Temporal Latent
Dropout, and Self-Consistent Post-Refinement.

As shown in the algorithm, we first enhance the static
instruction into a temporal prompt. During the denoising
loop (Steps 5—11), TLD is applied specifically at the expert-
switch threshold Tj, to sparsify temporal latents. Finally,
the sharpest frame is identified via Laplacian scoring and
refined using a still-video” prompt to yield the final result.

Algorithm 1 Overall Inference Pipeline of IF-Edit

1: Input: image x, instruction ¢, model €y, stride K,
threshold T3,
2: Output: edited image &
3: ¢/ « VLM-CoT(zg,c) /* CoT-enhanced prompt */
: Encode x( with zero-frame placeholders to obtain Y;
sample noise latents z7
: fort =T to1do
if t = T}, then
/* One-shot temporal latent dropout */
Retain every K -th frame latent and the last one:
2 DK<Zt)
9:  endif
10: 21 + €9(2,t,¢,Y)
11: end for
12: Decode to frames {x;}; select sharpest x* =
argmax; S;
13: Refine x* with still-video prompt; output sharpest re-
fined frame 2
14: return &
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1.2. Method Details

Prompt Enhancement. We utilize Qwen3-VL-30B-A3B-
Instruct [2] as our prompt enhancer, equipped with a cus-
tomized system instruction designed to elicit temporal rea-
soning. Notably, this module is integrated via API calls;
therefore, it imposes negligible latency overhead and re-
quires no additional GPU memory consumption within the
local inference pipeline, ensuring that the core computa-
tional resources are dedicated to generation.

Video Generation Backbone. For the generative back-
bone, we primarily adopt the Wan2.2-A14B 12V [16] model
accelerated with Lightning-LoRA [9]. To balance gener-
ation quality and inference speed, we set the total num-

ber of denoising steps to 8. To verify the universality
of our framework, we also experimented with other video
generation backbones, including CogVideoX-5B [22] and
Wan2.1 [16]. As shown in Fig. 1, our IF-Edit algorithm
remains effective across these architectures, successfully
accelerating the generation process while producing valid
edits. However, since the final editing quality is intrinsi-
cally bounded by the capabilities of the base model, we
observe that different backbones yield varying levels of vi-
sual fidelity. Given that Wan2.2 currently represents the
strongest and most stable performance among open-source
video models, we select it as our default backbone to rigor-
ously evaluate the potential of video priors for image edit-
ing.

Hyperparameters. We generate 32-frame videos for each
editing task. Following the official recommendations of
Wan 2.2, we set the temporal dropout threshold to 0.9
(normalized time t=1 — 0), meaning the temporal latent
dropout is active for the majority of the denoising process.
The temporal stride is set to K =3. Additionally, we fix the
guidance scale for both the high-noise and low-noise ex-
perts to 1.0 and set the flow shift value to 5.0 by default to
ensure stable training-free adaptation.

Computational Efficiency. All experiments are conducted
on a single NVIDIA H100 (80GB) GPU. Thanks to the
efficient Lightning-LoRA acceleration and our proposed
Temporal Latent Dropout strategy, each complete editing
run takes approximately 12 seconds. This rapid inference
speed highlights the efficiency of IF-Edit, making it highly
suitable for practical, interactive image editing workflows
where low latency is critical.

1.3. Detailed Benchmark Descriptions

TEdBench [8] serves as a primary benchmark for evalu-
ating text-based real image editing, specifically targeting
the challenging domain of non-rigid deformations. Unlike
standard benchmarks focused on attribute changes, TEd-
Bench consists of curated image-text pairs where central
objects undergo significant geometric transformations and
dynamic state changes (e.g., “a bird spreading its wings”
or "a door opening”). This makes it an ideal testbed for as-
sessing whether video priors can simulate physical motion
better than static image editors. Following standard proto-
cols [15], we quantify performance using LPIPS [26] for
perceptual consistency, CLIP-I [14] for structure preserva-
tion, and CLIP-T [14] for semantic alignment.

ByteMorph [6] provides a large-scale evaluation of
instruction-guided image editing with a focus on complex
non-rigid motions and physical dynamics. The benchmark
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Figure 1. Results using different base model.

comprises over 600 test samples categorized into five dis-
tinct tasks: Camera Zoom, Camera Move, Object Mo-
tion, Human Motion, and Interaction. These categories
are particularly relevant to investigating World Model ca-
pabilities, as they require the editor not just to modify pix-
els, but to simulate 3D spatial consistency (Camera Move/-
Zoom) and plausible kinematic dynamics (Human/Object
Motion). Success on ByteMorph indicates that the model
possesses an internal understanding of physical laws and
3D geometry, effectively acting as a world simulator to pre-
dict future states. We utilize Claude-3.7-Sonnet [1] as the
evaluator to assess semantic accuracy, visual realism, and
the physical plausibility of the generated motions.
RISEBench [28] is designed to assess reasoning-informed
visual editing, moving beyond simple descriptions to tasks
requiring sophisticated cognitive processing. It evaluates
models across four dimensions: Temporal (understanding
sequences, e.g., “melt the ice”), Causal (predicting effects,
e.g., “after the glass falls”), Spatial (manipulating 3D re-
lationships and perspective), and Logical (abstract concep-
tual changes). The Temporal and Causal dimensions align
closely with the intrinsic inductive biases of video diffusion
models. Evaluation relies on GPT-4.1 [12] for automated
scoring, providing a rigorous measure of the model’s abil-
ity to perform ”System 2” visual reasoning.

ImgEdit [23] serves as a comprehensive unified benchmark
for general-purpose instruction editing. It spans nine di-
verse task categories: Add, Adjust, Extract, Replace, Re-
move, Background, Style, Hybrid, and Action. While the
benchmarks above focus on motion and reasoning, ImgEdit
tests the model’s versatility across the full spectrum of tra-
ditional editing operations, from localized object manipu-
lation to global style transfer. This benchmark helps deter-
mine if repurposing video models for editing incurs a trade-
off in general editing capabilities compared to specialized
image editors. Performance is scored automatically across
all categories using GPT-4.1 [12].

1.4. Baseline Model Details

We compare IF-Edit against a comprehensive set of state-
of-the-art instruction-based image editing models. Table |
provides a detailed summary of the base architectures, pa-

rameter scales, and training dataset sizes for these baselines.
The comparison spectrum ranges from specialized diffusion
editors like InstructPix2Pix [4] and MagicBrush [25] to re-
cent large-scale unified multimodal models such as Step1X-
Edit [11] and Qwen-Image-Edit [19].

As highlighted in the table, the majority of competing
methods are training-based, often requiring extensive su-
pervised fine-tuning on large-scale paired datasets (reaching
up to 20M samples) or relying on massive model parame-
ters (exceeding 10B or even 20B) to align instructions with
visual outputs. In contrast, our IF-Edit framework operates
in a strictly zero-shot, tuning-free manner, leveraging the
inherent world priors of video models without incurring the
heavy cost of additional model training or data collection.

1.5. Chain-of-Thought Prompt Enhancement

Our method employs a Chain-of-Thought [18] reasoning
approach to bridge the gap between concise, static editing
instructions and the rich, dynamic world-simulation priors
required by video generation models. This enhancement is
performed using Qwen3-VL-30B-A3B-Instruct [2], which
jointly analyzes the visual content of the input image and
the semantic intent of the editing instruction.

Instead of simply expanding the text, the VLM is guided
to generate a ’cinematic reasoning” process: it first isolates
the subject and background, explicitly plans the temporal
trajectory of the requested change (defining the start, ac-
tion, and end states), and enforces physical consistency for
unedited regions. The resulting prompt serves as a tem-
porally grounded screenplay that aligns the video model’s
generation with the user’s goal. The full system instruction
used to guide the VLM is provided in the last part.

1.6. Failure Cases and Limitations

While IF-Edit exhibits robust performance across reason-
ing and motion-centric benchmarks, it faces challenges with
tasks requiring substantial structural or semantic deviations,
particularly on the ImgEdit dataset [23]. Unlike bench-
marks focused on physical dynamics, ImgEdit often de-
mands aggressive attribute manipulation or object replace-
ment. In these scenarios, video model tends to prioritize vi-
sual consistency over edit strength, a direct consequence
of the video model’s temporal smoothing bias. We catego-
rize common failure modes into two types: Minor Modifi-
cation and Hallucinated Modification (visualized in Fig. 7).
Minor Modification (Under-Editing). These failures oc-
cur when the temporal evolution of the requested edit ex-
ceeds the duration of the generated video clip. Since our
method treats editing as a progressive physical change (e.g.,
an object slowly transforming), the intended modification
may not fully materialize within the limited frame budget.
This results in an output where the edit appears incomplete
or only subtly applied.



Table 1. Training details of baseline models. We report base model, trainable parameters, and training dataset size for each training-based

baseline method.

Method Base Model Trainable Params # Training Dataset Size
InstructPix2Pix [4] SDvl.5 0.9B 0.45M
MagicBrush [25] SDvl1.5 0.9B 0.47M
UltraEdit [27] SD 3 2.5B 3M
ICEdit [13] Flux.1-Fill-dev 0.2B 0.05M
Step1X-Edit [11] Qwen2.5-VL-7B + DiT (train from scratch) 12.5B 20M
HiDream-El1 [5] HiDream-I1 17B N/A
BAGEL [7] QwenLM-2.5 14B N/A
UniWorld-V1 [10] Qwen2.5-VL-7B + Flux 12B 2.7M
OmniGen [21] Phi-3 + SDXL 3.8B N/A
Kontext-Dev [3] FLUX.1-dev 12B N/A
Ovis-Ul [17] Ovis 3.6B N/A
OmniGen2 [20] Qwen2.5-VL-3B + DiT 7B N/A
AnyEdit [24] SDvl.5 0.9B 2.5M
Qwen-Image-Edit [19] Qwen-Image 20B N/A

Hallucinated Modification. These artifacts stem from
the CoT prompt enhancement process. While the VLM
is designed to provide rich temporal context, it occasion-
ally over-elaborates, hallucinating extrinsic details or nar-
rative elements not present in the original instruction. The
video generation model, remaining faithful to this enriched
prompt, subsequently renders these distracting details, lead-
ing to semantic drift or unexpected object insertions.

Fundamentally, these limitations highlight the trade-off
inherent in repurposing video generation models for image
editing. The model’s strong prior for maintaining tempo-
ral and spatial consistency—its primary strength for mo-
tion and reasoning tasks—creates resistance against precise,
localized edits that require “breaking” the original scene
structure. Consequently, IF-Edit is less effective for edits
that demand significant structural violation or strictly local-
ized changes compared to methods trained specifically for
in-painting or style transfer.

1.7. Broader Impact

Our approach, [F-Edit, represents a significant step toward
integrating world-simulation priors into image editing. By
repurposing video diffusion models, we move beyond sim-
ple 2D pixel manipulation to edits that respect physical
laws—maintaining consistent lighting, shadows, perspec-
tive, and causal dynamics. This capability has profound
positive implications for creative industries, effectively de-
mocratizing high-fidelity visual effects. It empowers artists,
educators, and designers to visualize complex scenarios and
fluid transformations that were previously computationally
prohibitive or required professional VFX expertise.
However, the ability to generate edits that are physically
consistent and indistinguishable from reality raises signif-

icant ethical concerns regarding potential misuse. As the
boundary between authentic photography and synthetic ma-
nipulation blurs, there is an inherent risk that such tools
could be exploited to create hyper-realistic disinforma-
tion, fake news, or non-consensual content. The “world-
simulation” nature of our results makes them harder for
human observers to identify as synthetic compared to tra-
ditional editing artifacts. Consequently, we strongly advo-
cate for the parallel development of robust detection mech-
anisms, such as invisible watermarking and content prove-
nance protocols, to ensure these powerful generative capa-
bilities are used responsibly and transparently.

2. Additional Results

In this section, we provide extensive qualitative results to
further demonstrate the capabilities of IF-Edit across differ-
ent editing paradigms. We specifically focus on visualiz-
ing the temporal reasoning process inherent in our video-
based approach, showing how the model thinks” through
complex transformations via smooth, physically plausible
trajectories.

2.1. Visualizing the Reasoning Process

A unique advantage of repurposing video diffusion models
for image editing is the ability to observe the explicit tem-
poral evolution of an edit. Unlike standard image-to-image
translation, which often hallucinates immediate changes,
IF-Edit simulates the transition from the source state to the
target state.

In Figs. 2 and 5, we visualize the intermediate frames
generated during the inference process. For instance, when
instructed to change a person’s pose to a Namaste greeting,



the model does not simply warp the body effectively into
the final stance. Instead, guided by the enhanced temporal
prompt, it generates the natural biomechanical trajectory:
the arms rising deliberately from the sides and the palms
gradually pressing together at chest level. This Chain-of-
Frames” reasoning ensures the final output respects anatom-
ical constraints and maintains the subject’s identity through-
out the motion.

2.2. Qualitative Results on Benchmarks

Non-Rigid and Motion Editing (ByteMorph & TEd-
Bench). Figures 2 to 4 display additional results on non-
rigid deformation tasks. Whether handling scene dynamics
or complex object articulations (e.g., jet bridge retracts), IF-
Edit maintains high structural fidelity while executing dy-
namic changes that are difficult for static editors to model.
Reasoning-Informed Editing (RISEBench). Figure 5
showcases results on spatial, causal, and temporal reasoning
tasks. The examples highlight the model’s ability to inter-
pret abstract instructions—such as “predict the aftermath of
this event”—and translate them into visually coherent out-
comes by simulating the causal chain of events.

General Instruction Editing (ImgEdit). Finally, in Fig-
ure 6, we provide more examples of general attribute edit-
ing. These results demonstrate that while our method is spe-
cialized for motion and reasoning, it remains competitive
for general-purpose visual manipulation tasks.



CoT Enhancement System Prompt

You are a professional video editing prompt engineer and chain-of-thought rewriter. Your goal is to transform the user’s
editing instruction and the given input image into a temporal reasoning process — a concise, cinematic, and visually achievable
description of how the content evolves over time through a short video until it fully matches the intended outcome.

Context:
1. The user provides an image (serving as the first frame of the video).
2. The user provides an editing instruction or question: {input_prompt }

Your Task: You must output a Chain-of-Thought reasoning that focuses on:

* How the visual content changes dynamically over time from the input image toward the final state implied by the instruction.

* Which elements undergo transformation (motion, deformation, environment, lighting, material).

* Which aspects remain unchanged to preserve continuity and identity.

* What the final visual state looks like once the transformation is complete.

« If the instruction requires reasoning or imagination (e.g., predicting, hypothesizing, or explaining), use visual common sense to
infer what would happen naturally to the depicted objects, materials, or scenes, and describe that reasoning as a smooth temporal
visual evolution.

Your description should read like a cinematic progression, balancing motion, stability, and visual realism. It must be suitable for

guiding an image-to-video generation model.

Reasoning Requirements:

¢ Describe the sequence of visual changes — how the scene moves, transforms, or evolves over time.

* Always specify pose, expression, and appearance of the subject at key stages.

* If relevant, mention camera behavior: zoom, pan, tilt, dolly in/out, rotation, or focus shifts.

* Maintain visual coherence: lighting, color tone, rendering style (anime, cinematic, CG, poster, etc.) remain consistent.

* Preserve core identity: hairstyle, clothing, facial features, material texture, art style, and spatial composition must stay coherent
across frames.

* Emphasize the final visual outcome, vividly describing what the last few frames should look like.

¢ Use natural, cinematic phrasing, without meta-instructions like “The user wants to...”.

Task Type Guidance:

1. Temporal Action or Motion Editing

Describe how an action unfolds smoothly toward a defined final pose or state.

E.g., “The knight bends his knee slowly until he kneels completely, the movement steady and dignified.”

2. Object or Element Replacement / Addition

Explain how new elements appear, form, or integrate over time.

E.g., “A glowing flower gradually materializes in her hand, pulsing with light until it fully blooms.”

3. Scenario or Environmental Transition

Depict how the background and lighting shift naturally while keeping the subject’s identity and art style stable.

E.g., “The bright street scene transitions into a rainy alley, reflections shimmering while the character’s silhouette remains un-
changed.”

4. Reasoning-Based Visual Imagination (for inferential or hypothetical instructions)

If the input instruction is a question or reasoning task (e.g., “What will happen to the banana after one year?”), infer the most
plausible physical or temporal transformation using visual commonsense reasoning. Describe this inferred process as a temporal
visual evolution — for example: “The banana gradually darkens over time, its yellow skin developing brown spots that spread
unevenly. The texture softens, small wrinkles appear, and by the final moment, it has turned fully black and shriveled, resting on
the same surface under dimmer light.” The reasoning must feel natural, physically consistent, and visually coherent with the given
image.

Output Format:

Generate 100-130 words of continuous, cinematic reasoning text. Start directly with the evolving action, transformation, or
reasoning-based change. Include both temporal progression and stability constraints, and conclude with a vivid description of the
final frame.

Example Output 1 (Action Editing):

The knight’s posture shifts as he lowers himself to one knee. His armor joints move with deliberate precision, the metal glinting
under constant warm light. Dust stirs as his shield tilts forward to maintain balance. Throughout the sequence, his appearance,
proportions, and medieval style remain consistent. By the final moment, he kneels solemnly, head bowed, radiating calm strength
in a steady cinematic frame.

Example Output 2 (Reasoning-Based Visual Imagination):

The ripe yellow banana slowly changes over time. Subtle brown spots appear and spread across the skin as days pass. The surface
darkens, its shape softening slightly while the peel begins to wrinkle. Lighting remains stable, keeping the same tabletop and
perspective for temporal coherence. By the final frame, the banana has turned black and shrunken, resting quietly as a clear sign
of decay and time’s passage.
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Original Prompt:
A photo of a cat wearing a hat.

Enhanced Prompt:

The fluffy white cat sits calmly on dry grass, its
bright yellow eyes fixed forward, surrounded by
autumnal foliage. \nOver time, a small, soft hat
gently appears on its head\u2014first as a faint
outline, then gradually taking shape. \nThe hat
settles into place, matching the cat\u2019s
serene posture, as if it were always meant to
wear it. \nThe lighting and background remain
unchanged, preserving the natural setting while
the hat adds a whimsical touch. \nBy the final
frame, the cat wears the hat with quiet dignity,
completing a charming and unexpected
transformation.

Original Prompt:
Two dogs growling at each other.

Enhanced Prompt:

“The two dogs, initially calm and sitting side by
side on a wet wooden dock, begin to shift their
attention toward one another. \nThe black dog
turns its head slightly, ears flattening, lips
curling into a low growl as its body tenses.
\nThe brown dog mirrors the gesture\u2014its
jaw tightens, teeth bared, and a deep grow!
rumbles from its chest. \nTheir eyes lock, pupils
dilating, tails stiffening, and the air between
them thickens with tension. \nThe misty lake
and overcast sky remain unchanged, but the
stillness of the scene gives way to a palpable,
rising conflict."

Original Prompt:
A person in a greetting pose to Namaste hands.

Enhanced Prompt:

"The person stands still in a neutral stance,
facing forward with their arms relaxed at their
sides. \nSlowly, their hands rise to chest level,
palms pressed together in a traditional
*Namaste* gesture, fingers pointing upward
and thumbs gently touching. \nThe motion is
calm and deliberate, conveying respect and
greeting. \nThe black t-shirt and background
remain unchanged, maintaining visual
consistency. \nBy the final frame, the hands
hold the *Namaste* pose steadily, centered in
the frame, embodying a moment of cultural
acknowledgment and peaceful intent."

Original Prompt:
A dog smoking a cigar.

Enhanced Prompt:

The black pug, wearing a light denim jacket, sits
calmly against a neutral gray background. \nA
small, dark cigar appears in its mouth,
positioned between its lips, as if it were just
placed there. \nThe smoke begins to curl gently
from the tip of the cigar, drifting upward in soft,
wispy tendrils. \nOver time, the smoke thickens
slightly, forming a faint haze around the
pug\u2019s head, enhancing the surreal,
humorous tone. \nBy the final frame, the cigar
glows faintly at the tip, and the smoke
continues to rise, completing the whimsical,
cinematic moment.

Original Prompt:
A photo of a horse.

Enhanced Prompt:

"Over time, the zebra’s striped pattern begins to
transform\u2014its bold black and white bands
gradually soften, blending into a uniform, solid
coat of rich chestnut brown. The distinct zebra
stripes dissolve like a fading memory, replaced
by the smooth, flowing texture of horse fur. The
mane changes from short and stiff to a long,
flowing mane typical of a horse. The head
reshapes subtly longer muzzle, larger eyes, and
more rounded ears\u2014aligning with equine
features. By the final frame, the zebra has fully
transformed into a horse, standing in the same
pose, now a realistic, natural-looking equine."

Original Prompt:
A busy congested street.

Enhanced Prompt:

"The empty highway slowly comes to life as
time passes. \nAt first, a few cars appear in the
distance, moving slowly along the lanes.
\nMore vehicles enter the frame, filling the road
with steady traffic. \nThe flow increases,
turning the once-quiet street into a busy,
congested thoroughfare. \nCars inch forward,
brake lights glow, and the rhythm of urban
movement takes over. \nBy the final frame, the
highway is fully occupied, a dense stream of
traffic under the same bright daylight and
unchanged camera angle.”

Figure 2. Qualitative Results and Reasoning Process. We display source images alongside original instructions (grey) and our enhanced
temporal prompts (orange). [F-Edit produces natural and coherent transformations, with edits that better respect physical laws, temporal
progression, and spatial structure thanks to the video model’s world-consistent priors.



A trimmer appears on the left
side of the beard.

The person changes her hand position from The personi‘SA arms are raised highreri
holding her face to holding a phone. in the second frame.

- X - ey
The person tilts their head to the right and The camera zooms in on the basket The person in the foreground moves
raises the pineapple closer to their face. of apples and the person's torso. further away from the camera.

The man in the white tank top moves to the right and The hand is removed and the The t?zzin arrives and moves closer to the
sits down, and the motorcycle in the foreground platform, and the person with the purple
disappears. clothes are rearranged. suitcase shifts slightly forward.

The children move slightly down the water slide, A hand with ari The hand with the glove moves closer to the
and the lighting and shadows change slightly. touches the center of the CD. black and wooden object, lifting it off the surface.

Figure 3. Additional Qualitative Results on ByteMorph. We present a diverse collection of non-rigid editing results, covering Camera
Move, Object Motion, Human Motion, and Interaction. IF-Edit produces natural and coherent transformations, effectively handling

complex kinematic changes (e.g., head tilts, arm raising) and perspective shifts (e.g., camera zoom, depth changes) by leveraging the video
model’s world-consistent priors.
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The pepper moves The train moves further along the track,

A car appears on the road. . . .
closer to the flame. revealing more of its carriages.

Figure 4. Extended Qualitative Results on Complex Dynamics. We showcase [F-Edit’s capability in handling diverse physical interac-
tions and object transformations. From fine-grained manipulations (e.g., cutting meat, removing a hook) to large-scale scene updates (e.g.,
a car appearing on a wet road with accurate reflections), our method maintains high visual fidelity and logical consistency, confirming the
benefit of utilizing video priors for realistic image editing.



“Draw what it will look like one hour later “Draw what it will look like after baking for 45 minutes.”

Enhanced Prompt: Enhanced Prompt:

“Draw what it will look like ten seconds later.” “Draw the appearance of the Olympic opening ceremony held at this venue.”

Enhanced Prompt:

Enhanced Prompt:

“Draw what it looks like after going through a strip-cut paper shredder.” “Draw what it will look like after it is scanned in an X-ray."

Enhanced Prompt: Enhanced Prompt:

/l
\

Y

“Draw an image of a fully assembled hammer using the provided components.” | “Draw an image of a fully assembled hammer using the provided components.”

Enhanced Prompt: Enhanced Prompt:

e £

Figure 5. Additional Qualitative Results on RISEBench. We illustrate [F-Edit’s capabilities across diverse reasoning dimensions,
including Temporal (e.g., dough rising, water filling), Causal (e.g., paper shredding, X-ray scanning), and Spatial (e.g., assembling a
snowman or hammer). The displayed Enhanced Prompts reveal how our CoT module translates abstract commands into detailed physical
trajectories. IF-Edit produces natural and coherent transformations, with edits that better respect physical laws, temporal progression, and
spatial structure thanks to the video model’s world-consistent priors.



“Change the plastic-wrapped cookies color to blue.”

Enhanced Prompt: The plastic wrap enclosing the cookies begins to shift in color, starting with a
subtle gradient that deepens from the edges inward. The transparent material gradually takes
on a cool, translucent blue hue, while the cookies beneath retain their golden-brown texture

and cracked surface. Light reflects off the wrapping, now tinted with a soft blue sheen,
enhancing the contrast against the metallic surface below. The transformation unfolds smoothly,
preserving the crinkled texture of the plastic and the natural shadows of the cookies. By the
final frame, the entire package glows with a calm, even blue tint, the cookies still visible through
the now-blue plastic, maintaining their original shape and detail.

e \ i

“Raise the person's left arm.”

Enhanced Prompt: The person's left arm begins to rise slowly from their side, the motion smooth and natural.
The black t-shirt stretches slightly across the shoulder as the arm lifts, revealing more of the sleeve and the upper
arm. The hand remains relaxed, fingers slightly curled, as the arm ascends to a raised position, bent at the elbow.

The right arm stays at rest, maintaining the original pose. The lighting and background remain unchanged,
preserving the clean, studio-like setting. By the final frame, the left arm is fully raised, creating a balanced,
dynamic posture while the overall composition retains its crisp, fashion-forward aesthetic.

Figure 6. Additional Qualitative Results on ImgEdit. We demonstrate performance on general instruction editing, covering Attribute
Manipulation (top) and Action Editing (bottom). Even for these standard tasks, IF-Edit leverages its temporal generation capability to
ensure high-fidelity transitions—preserving the complex texture of the plastic wrap while shifting its color, and maintaining anatomical
consistency and realistic cloth deformation during the arm’s movement.

Replace the Polaris Ranger XP
with a flying drone in the image,
while keeping the snowy

ach

Extract the architecture of the Remove the girl wearing the tulle
building, focusing on the overall gown in the image while
structure, roof, and surrounding maintaining the natural

landscape. background of trees and path.

environment intact.

Extract the
white Levi‘s T-
shirt and the
blue distressed
denim skirt
worn by the
person in the
image.

the color of the woman's sweater to light blue.

Figure 7. Failed Cases on ImgEdit. Compared to other benchmarks, ImgEdit often requires substantial structural changes or object
replacements that conflict with the inherent temporal consistency priors of our zero-shot video model. Consequently, [F-Edit tends to
prioritize visual consistency over edit strength, occasionally leading to reduced instruction adherence. We categorize these failures into
minor modification (under-editing) and hallucinated modification.
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