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Fig. 1: By reframing reasoning-informed image editing as a video generation process,
our method produces temporally coherent intermediate frames as an implicit reasoning
trajectory, enabling the final frame to produce the desired edited result.

Abstract. Image editing has become an important capability of modern
visual generative models. Most existing approaches generate the target
image directly given an input image and an editing instruction. While
effective for simple appearance modifications, this paradigm often fails
when edits require multi-step inference over spatial, temporal, causal, or
commonsense relationships, which entails reasoning about how the scene
should evolve through a series of plausible intermediate states from the
source image to the desired result. Notably, modern video generation
models naturally capture such transformation processes: by modeling
how scenes evolve over time, they encode strong temporal coherence and
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implicit physical priors. However, directly applying video models to image
editing remains challenging due to the mismatch between editing instruc-
tions and video generation objectives. To bridge this gap, we propose
VGEdit, a reinforcement learning framework that empowers video gener-
ation models for image editing. Our method consists of two components:
(1) Instruction transfer : an MLLM converts the editing instruction into a
video description, reframing the edit as a plausible transformation process.
(2) Reinforcement learning : we adapt the video model with reward-based
optimization, treating intermediate frames as implicit reasoning chains
and the last frame as the target edited image. This formulation eliminates
the need for ground-truth editing videos and enables direct optimization
from rewards that capture instruction faithfulness, contextual consistency,
and user preference alignment. Experiments show that VGEdit signifi-
cantly outperforms prior methods on reasoning-informed image editing
benchmarks, demonstrating that connecting image editing and video
generation in a process-centric manner provides a scalable path toward
more physically grounded and reasoning-capable visual editing.

Keywords: Image Editing · Video Generation Models

1 Introduction

Recent large-scale generative models [7,18,25,45,50,55] have deeply transformed
the paradigm of image editing, enabling text-driven modifications across a wide
range of applications, including social media, e-commerce, education, creative
design, and simulation. These models exhibit strong instruction-following ability
and controllability. However, despite their impressive visual fidelity, the physical
consistency and reasoning required for complex edits remain largely underexplored.
This limitation is particularly evident in reasoning-informed image editing [48,
59], where the task extends beyond simple semantic modification and requires
explicit reasoning to produce physically grounded edits [48,59]. In particular, the
model needs to perform multi-step inference over spatial, temporal, causal, and
commonsense relationships while preserving physical coherence throughout the
editing process [59].

Meanwhile, large-scale video generative models have exhibited emerging
capabilities in visual understanding, reasoning, and physical-world simulation [13,
19, 31, 40, 43, 49]. These abilities enable models to synthesize temporally coherent
and logically consistent video content conditioned on the contextual information
present in the current frame. A growing body of recent work highlights this
potential across diverse domains, including visual perception [43], control [8],
manipulation [20], puzzle solving [24], and mathematical reasoning [37, 43]. Such
visual ability has naturally inspired recent efforts to repurpose video generation
for image editing by reformulating editing as a temporal transformation process
from the source image to the desired result [32, 47]. However, a substantial
gap remains between video generation and reasoning-informed image editing.
Zero-shot prompting does not naturally align complex editing instructions with
the objectives of video generation, while directly fine-tuning video models on
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source–target editing pairs underutilizes their latent world knowledge and provides
no explicit supervision for the intermediate transformation process. This raises a
central question: how can we more effectively leverage video foundation
model priors for reasoning-informed image editing?

Fig. 2: Zero-shot video generation can produce diverse plausible trajectories with
substantially different temporal realizations. This highlights the mismatch between
video generation and image editing, which our method addresses by optimizing the full
trajectory with rewards over intermediate and final frames.

Ideally, the model should use its world knowledge, physical priors, and tem-
porally coherent intermediate frames as an implicit reasoning trajectory toward
the final edited image, as illustrated in Fig. 1. However, this goal is non-trivial
in practice: as shown in Fig. 2, zero-shot sampling often produces diverse yet
plausible trajectories with substantially different temporal realizations, whereas
image editing requires the target state to be realized at the terminal frame.
This temporal under-specification leads to high variance and unreliable edits,
suggesting that effective adaptation should optimize the entire trajectory to favor
coherent transitions and consistent terminal satisfaction of the instruction.

Building on these motivations, we present VGEdit, a reinforcement learning
framework that unlocks video foundation models’ priors for reasoning-informed
image editing. As illustrated in Fig. 3, VGEdit connects image editing and
video generation through a two-stage framework. (1) Instruction transfer. To
reduce the mismatch between complex editing instructions and video generation
objectives, we use a multimodal large language model (MLLM) to convert the
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source image and editing instruction into a compact, video-oriented prompt. Given
a small set of in-context exemplars, the MLLM reframes the edit as a physically
plausible transformation process from the source image to the target image,
encouraging the model to generate coherent intermediate frames while steering the
final frame toward the desired edit. (2) Reinforcement learning adaptation.
We further adapt the video model using reinforcement learning, without requiring
ground-truth image-editing videos. We treat each generated video as an edit
trajectory, where the intermediate frames serve as a latent reasoning process
and the final frame serves as the edited result. The model is optimized using
reward feedback over both intermediate and final frames, encouraging instruction
faithfulness, contextual consistency, and plausible transition dynamics. To obtain
reliable rewards, we use a frozen pretrained MLLM to score a collage of uniformly
sampled frames, which mitigates last-frame bias and provides a more stable
preference signal. This stage progressively steers the model toward task-aligned
generations and improves its ability to translate world knowledge and physical
priors into reasoning-informed edits.

Extensive experiments demonstrate that our approach significantly outper-
forms previous methods on reasoning-centric image editing tasks, producing edits
that are more instruction-faithful, visually coherent, and semantically grounded,
while also achieving strong performance on general image editing benchmarks.
These results suggest that recasting image editing as a video-based transformation
process offers a promising direction for more controllable and reasoning-capable
image editing. In summary, our contributions are as follows:

1. We propose an instruction transfer mechanism that uses an MLLM to con-
vert editing instructions into video-oriented descriptions, narrowing the gap
between image-editing objectives and video generation.

2. We introduce an RL strategy that optimizes the video generation model with
MLLM-based rewards over both intermediate and final frames, enabling it to
better exploit its latent world knowledge for reasoning-informed edits.

3. We demonstrate that our framework, VGEdit, turns video generation into an
effective paradigm for reasoning-informed image editing, offering a scalable
path toward physically plausible and reasoning-capable image editing.

2 Related Work

2.1 Reasoning-Informed Image Editing.

Reasoning-informed image editing aims to connect high-level semantic under-
standing and instruction-level reasoning with precise visual manipulation [48,59].
Early editing approaches operate on pretrained diffusion models without addi-
tional training, enabling controllable edits through techniques such as partial
denoising [26], attention manipulation [11,42], mask-guided blending [1, 41], and
latent inversion [16]. Despite their flexibility, these methods often struggle with
complex semantics and physically grounded, reasoning-intensive edits.
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Recent advances in image editing have been largely driven by large-scale
foundation models. Instruction-based methods such as InstructPix2Pix [4] learn
mappings from paired images and edit instructions, while larger models, such as
UniReal [6] and FLUX.1 Kontext [18], further improve alignment and fidelity
through scaling. Unified multimodal frameworks [21,22,45,46,51] further integrate
visual understanding and generation, enabling open-domain and interactive
editing, as exemplified by OmniGen [50], Qwen-Image-Edit [45], and Bagel [7].

More recently, several works have begun to repurpose video generation for
image editing by reformulating editing as a temporal transformation process from
the source image to the desired result [32,47]. This perspective is appealing because
it introduces intermediate visual states that may capture the progression of an
edit, rather than relying solely on direct one-step image manipulation. However, a
substantial gap remains between general video generation and reasoning-informed
image editing. In particular, zero-shot prompting does not reliably align complex
editing instructions with the objectives of video generation, while directly fine-
tuning video models on source-target editing pairs underutilizes their latent
world knowledge and provides no explicit supervision over the intermediate
transformation process.

Despite this progress, current approaches still struggle with edits that require
deeper logical reasoning and physically consistent transformations, especially
when multi-step spatial, temporal, causal, and commonsense inference is involved.
Our work builds on the emerging video-based perspective, but goes beyond
prior methods by explicitly leveraging the process priors of video generation
models and adapting them through trajectory-level learning, enabling reasoning-
informed image editing via implicit visual reasoning rather than direct one-step
manipulation.

2.2 Video Generation Models.

Large-scale video generative models [5, 29, 33–36,39,44] have exhibited emerging
capabilities in visual understanding, temporal reasoning, and physical-world
simulation, enabling applications in perception, physical modeling, manipulation,
and reasoning through video generation [9, 15, 37, 43]. A key aspect of these
models is their ability to interpret the current frame and generate subsequent
frames that evolve according to coherent physical and semantic dynamics. This
work builds on these world-simulation priors and investigates how they can be
more effectively adapted to reasoning-informed image editing.

2.3 Reinforcement learning for Visual Generation.

Reinforcement learning (RL) [10,28] has become a standard paradigm for aligning
foundation models with human preferences and improving reasoning ability.
Recent work extends it to visual generation. Prior approaches adapt policy
optimization or preference learning to diffusion, including DDPO [3], ReFL [52],
DiffusionDPO [38] and GRPO-style methods [23,53] that couple optimization
with stochastic samplers. However, RL for visual generation is challenging due
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Fig. 3: Overview of VGEdit. The framework consists of two parts: (1) Instruction
transfer, an MLLM converts the input edit instruction into a video-oriented temporal
editing description; and (2) RL optimization, we formulate each sampled video into a
frame collage for MLLM-based reward scoring, and update the latent video diffusion
model using DiffusionNFT.

to the mismatch between iterative sampling and standard policy optimization,
which can introduce biased signals or reduce sample diversity. DiffusionNFT [60]
addresses this with an online RL formulation that directly optimizes the diffusion
forward process via a negative-aware objective, avoiding likelihood estimation
and better preserving generation quality.

3 Methodology

3.1 Overview

We propose VGEdit, a reinforcement learning framework that adapts video
foundation models for reasoning-informed image editing. Instead of directly
predicting an edited image, VGEdit reformulates image editing as a short video
generation problem, where temporally coherent intermediate frames describe a
plausible transformation process from the source image to the target image. The
final frame corresponds to the edited output, while intermediate frames serve as
an implicit reasoning trajectory.

Our framework consists of two components:

1. Instruction transfer: converting a source image and editing instruction
into a video-oriented temporal editing description compatible with video
generation models.
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2. Reinforcement learning adaptation: optimizing the video model with
reward feedback so that generated trajectories satisfy editing objectives and
human preferences, without requiring ground-truth editing videos.

Given a source image x and an editing instruction e, our goal is to generate a
video

V = {v0, v1, . . . , vT }, (1)
where v0 = x and the final frame vT is the edited image. The intermediate frames
{v1, . . . , vT−1} form a physically plausible transformation process.

3.2 Instruction Transfer

A central challenge in applying video generation models to image editing is the
mismatch between editing instructions and video generation objectives. Image
editing instructions typically specify only the desired final appearance, whereas
video models require a temporal description of how the scene evolves; using the
instruction directly as a prompt often yields unstable or unrealistic results. As
illustrated in Fig. 2, even with the same prompt and video generation model,
zero-shot sampling can yield diverse trajectories with substantially different
temporal realizations, whereas image editing requires a specific target state to be
achieved at a specific time.

We address this by reformulating editing as a temporal transformation process.
As shown in Fig. 3, we use an MLLM to convert the source image and editing
instruction into a temporal editing description that narrates a physically plausible
sequence of intermediate states, while keeping irrelevant factors (e.g ., camera
viewpoint) fixed unless necessary. Specifically, this temporal description specifies
(i) the initial state anchored to the source image, (ii) a short sequence of physically
grounded intermediate transitions, and (iii) the final state corresponding to the
intended edit.

To improve reliability, we employ in-context learning with several exemplar
triples (source image, instruction, video-oriented description). Conditioned on this
description, the video model generates coherent intermediate frames and a final
frame that satisfies the desired edit, effectively turning image editing into process
generation and better leveraging the model’s temporal, causal, and physical
priors. Concrete examples of instruction-to-description transfer are provided in
the supplementary material.

3.3 Reinforcement Learning Adaptation

Although video foundation models encode rich world-simulation priors and exhibit
strong physical consistency, they do not reliably produce task-aligned edits and
often show high generation variance as shown in Fig. 2. Moreover, collecting
ground-truth videos that satisfy reasoning-informed editing for supervised adapta-
tion is impractical. Naturally, reinforcement learning offers a framework to address
these challenges, as it enables the model to learn from reward feedback that
evaluates both intermediate and final frames, encouraging instruction faithfulness,
contextual consistency, and preference-aligned transformation dynamics.
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Trajectory formulation. To enable trajectory-level reward signals while keep-
ing evaluation efficient and less biased toward the final frame, we treat the
generated video V = {v0, . . . , vT } as an edit transformation process, where in-
termediate frames act as latent reasoning steps and the last frame vT is the
edited result. Inspired by [17,32], we uniformly sample frames from the trajectory
and construct a compact representation (a collage) denoted as C(V ) as shown
in Fig. 3. This collage can then be fed to the frozen MLLM judge for reward
computation, substantially reducing the cost of evaluating long video sequences
while mitigating evaluation bias from relying on a single frame.

Reward feedback. We leverage a pretrained MLLM as a training-free reward
model to evaluate editing results. For each editing instance, the video generator
produces an edit trajectory V = {v0, . . . , vT }, from which we build a compact
collage representation C(V ) (as mentioned above). The MLLM is then prompted
with the source image, the editing instruction, and the collage, and returns a
scalar reward that reflects how well the generated trajectory satisfies the editing
requirement:

R(V ) = fMLLM(x, e, C(V )). (2)

Following [21], we compute rewards from the MLLM’s logit distribution over
score tokens rather than sampling a single token. Let X = (x, e, C(V )) denote
the MLLM input and let R<n be the preceding output tokens. The probability
of the next token is

p(rn | X,R<n) = softmax(D(X,R<n)) , (3)

where D(·) outputs the logits.
We restrict scoring to a predefined set of rating tokensM. Each token r ∈M

is mapped to a scalar score w(r) representing its rating level. We then compute
a continuous reward as the expectation over the token distribution:

R(V ) = scon(X) =
∑
r∈M

w(r) · p(rn = r | X,R<n). (4)

Compared to sampling a single token or using discrete scores, this logit-based
expectation provides a smoother and more stable reward signal and captures
the MLLM’s internal uncertainty, thereby reducing hallucinations and reward
variance during training.

DiffusionNFT. We adopt Diffusion Negative-aware Fine-Tuning (Diffusion-
NFT) [60] as our RL training method. Unlike prior online diffusion RL meth-
ods [3,23,38], DiffusionNFT performs policy optimization on the forward diffusion
process via a flow-matching objective, rather than optimizing over the reverse
denoising trajectory. By contrasting reward-partitioned positive and negative
samples, it integrates reinforcement signals directly into a standard diffusion
training objective. As a native off-policy formulation, it decouples policy training
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from data sampling, supports arbitrary black-box solvers during sampling, and
eliminates the need for likelihood estimation. This is particularly beneficial in
our setting, as it enables sample-efficient off-policy optimization while supporting
arbitrary samplers.

In our setting, as shown in Fig. 3, a latent video diffusion model parameterized
by the denoiser ϵθ(zt, t, c) generates an edit trajectory V conditioned on the
transferred prompt c. We compute a reward R(V ) using the frozen MLLM judge
(Eq. (2)) and convert it into an optimality probability r(V, c) ∈ [0, 1]:

r(V, c) =
1

2
+

1

2
clip

(
R(V )− EV∼p

θold (·|c)[R(V )]

Zc
,−1, 1

)
, (5)

where θold is a frozen reference model and Zc > 0 is a normalizing factor.
DiffusionNFT defines implicit positive/negative denoisers by mixing the

current and reference models:

ϵ+θ (zt, t, c) = (1− β) ϵθold(zt, t, c) + β ϵθ(zt, t, c), (6)

ϵ−θ (zt, t, c) = (1 + β) ϵθold(zt, t, c)− β ϵθ(zt, t, c), (7)

and updates θ by minimizing the reward-weighted contrastive regression:

LNFT(θ) = EV∼p
θold (·|c), z0,ϵ,t

[
r(V, c) ∥ϵ+θ (zt, t, c)− ϵ∥22

+ (1− r(V, c)) ∥ϵ−θ (zt, t, c)− ϵ∥22
]
,

(8)

where zt =
√
ᾱt z0 +

√
1− ᾱt ϵ is the noised latent. We periodically refresh the

reference parameters θold ← θ for stable online adaptation. The general pipeline
of our method is illustrated in the supplementary material.

4 Experiments

4.1 Experimental Setups

Evaluation. For quantitative evaluation, we use two reasoning-centric image
editing benchmarks, RISE [59] and KRIS [48], which assess instruction-following
edits that require multi-step reasoning. RISE emphasizes reasoning-informed edit-
ing across temporal, causal, spatial, and logical dimensions, while KRIS provides
a diagnostic taxonomy that groups edits by factual, conceptual, and procedural
knowledge. In addition, we evaluate on a general-purpose editing benchmark,
ImgEdit [54], to verify that video-generation-based methods remain effective
for standard visual editing tasks. For all three benchmarks, we use GPT-4o or
GPT-4.1 [27] as the automatic evaluator, following the official benchmark imple-
mentations. We additionally include a human user study in the supplementary
material.
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Draw what it 
will look like 

one hour later.

Draw what it will 
look like if it were 

crumpled into a ball.

Repalace the question
mark with a plus sign

or a minus sign to
satishy the equation..

Please replace the question mark with a 

plus sign or a minus sign to satisfy the 

equation, and draw the image after the 

replacement.

Draw what it will look like one hour later.

Draw what it will look like if it were crumpled in to a ball.

The organism in the image dissipates heat in hot weather.

Draw what it will look like one hour later.

Correct the unreasonable parts of the kitten in the image.

Replace the question mark with a plus or a minus sign to satisfy the equation.

Source Flux-Kontext [dev] Qwen-Image Ours Source Flux-Kontext [dev]

Make the wall covered with climbing plants commonly found on European castles. Change to classic Egyptian tomb architecture.

The organism in the image dissipates 

heat in hot weather

Qwen-Image Ours

Modify the depicted character to the most representative figure in Christianity. Have the person wear the traditional Vietnamese conical hat.

Modify the depicted character in the 

image to the most representative figure 

in Christianity.

Fig. 4: Qualitative results on reasoning-informed image editing. VGEdit pro-
duces edits that are more instruction-faithful and physically consistent, while maintaining
subject identity and scene coherence.

Implementation Details. We use Qwen3-VL-30B-A3B-Instruct [2] as the
MLLM for both instruction transfer and reward evaluation, providing rewards
that reflect reasoning correctness, contextual/identity consistency, and overall
visual quality. For video generation, we adopt HunyuanVideo-1.5 [44] and generate
trajectories with 31 frames. Training uses a group size of 24 and a batch size of
6, and is conducted on 2 nodes, each equipped with 8 H200 GPUs. We fine-tune
the model using LoRA [12] with an adapter strength of 64 and a rank of 32. We
optimize the model with the Muon optimizer [14], which accelerates convergence
and improves training stability. Additional implementation details and concrete
prompt templates are provided in the supplementary material.

Compared Methods. We mainly compare VGEdit with representative baselines
from two categories. The first category includes large-scale image generation
model-based methods. Specifically, we consider Step1X-Edit [25] and FLUX.1-
Kontext-Dev [18]. The second category includes unified multimodal frameworks,
which jointly model visual understanding and generation and have shown strong
potential for open-domain and reasoning-related editing. Specifically, we compare
with Bagel [7], OmniGen2 [46], UniCoT [30] and Qwen-Image [45]. Together,
these methods provide a diverse set of baselines, covering both foundation editing
models and general multimodal models.
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Table 1: Quantitative results on RISE-Bench. We report category-wise accuracy
(%) evaluated by GPT-4.1 on Temporal, Causal, Spatial, Logical, and the Overall
average.

Models Temporal (%) Causal (%) Spatial (%) Logical (%) Overall (%)↑

Step1X-Edit [25] 0.0 2.2 2.0 3.5 1.9
Bagel [7] 2.4 5.6 14.0 1.2 6.1
Bagel-Think [7] 5.9 17.8 21.0 1.2 11.9
OmniGen2 [46] 1.2 1.0 0.0 1.2 0.8
UniCoT [30] 8.2 18.9 20.0 1.2 12.5
Flux.1-Kontext-Dev [18] 2.3 5.5 13.0 1.2 5.8
Qwen-Image [45] 4.7 10.0 17.0 2.4 8.9

HunyuanVideo-1.5 [44] 3.6 2.5 15.8 2.8 6.2
Ours 13.7 34.5 25.0 16.1 22.3

4.2 Main Results

Reasoning-informed image editing. Table 1 and Table 2 summarize results
on the reasoning-centric benchmarks RISE-Bench [59] and KRIS-Bench [48].
VGEdit consistently outperforms prior image editing baselines (including multi-
model image editing methods [7, 30, 45]) on both benchmarks. Compared to
image-only editors, which largely rely on single-step appearance manipulation
and lack explicit process modeling or physical priors, VGEdit benefits from
temporally coherent intermediate frames that enforce a plausible transformation
trajectory. This process-centric generation helps avoid physically inconsistent
shortcuts by enforcing coherent transitions and preserving contextual consistency.

The improvements are especially pronounced on categories that require multi-
step inference (e.g ., temporal/causal reasoning in RISE and procedural knowledge
in KRIS), where standard instruction-following editors often produce visually
plausible but physically inconsistent or logically incorrect edits. As illustrated
in Fig. 4, image-only editors may satisfy surface-level appearance cues while
violating commonsense dynamics (e.g ., incorrect cause-effect outcomes, physically
or commonsense-violating results, or broken object interactions). In contrast,
VGEdit leverages the video model’s implicit world-simulation and physical ground-
ing priors to maintain temporal continuity and contextual consistency throughout
the edit trajectory, resulting in edits that are more coherent, physically plausible,
and logically aligned with the instruction.

General editing. We further evaluate VGEdit on the general-purpose ImgEdit
benchmark [54] as shown in Tab. 3. Despite being designed for reasoning-intensive
edits, VGEdit remains competitive and often improves over strong baselines on
standard editing tasks, indicating that video generation based methods are promis-
ing path towards visual editing tasks. Qualitatively, VGEdit tends to preserve
subject identity and contextual details more reliably while producing smoother,
more physically grounded transformations (as shown in Fig. 5). These results
suggest that trajectory-level alignment improves not only complex reasoning
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Table 2: Quantitative comparisons on KRIS-Bench. We report the composite
score for each category and the average Instruction Following (IF), Visual Consistency
(VC), Visual Quality (VQ).

Models
Attribute Spatial Social Natural Logical Instruction

Overall
Percep. Percep. Science Science Reason. Decomp.

Step1X-Edit [25] 55.50 51.75 44.69 49.06 40.88 22.75 43.29
Bagel [7] 61.39 62.08 50.21 46.26 30.21 48.44 48.69
Bagel-Think [7] 60.39 61.19 49.06 47.44 29.44 48.36 48.71
OmniGen2 [46] 65.41 53.36 50.46 45.30 32.19 56.36 49.24
UniCoT [30] 67.94 73.72 59.45 53.19 40.97 54.67 56.76
Flux.1-Kontext-Dev [18] 70.78 69.20 51.27 52.05 45.82 73.67 57.35
Qwen-Image [45] 72.57 79.92 61.45 56.38 48.57 78.44 62.77

HunyuanVideo-1.5 [44] 65.67 61.92 53.87 51.40 52.78 63.39 57.71
Ours 75.88 77.92 69.04 75.20 62.29 86.56 72.48

edits but also general instruction-following behavior, and that repurposing video
generation as a process solver is broadly beneficial for image editing.

Change the animal’s fur color to a light brown shade.

4.38, 4.34

Fig. 5: Qualitative results on general image editing (ImgEdit). VGEdit remains
competitive on standard editing tasks while preserving visual quality and content
consistency, demonstrating good performance beyond reasoning-centric settings.

4.3 Analysis and Ablations

Effect of instruction transfer and RL adaptation. We first study the
contribution of the two core components of VGEdit: instruction transfer and RL
adaptation. Table 4 compares three settings: (i) the original HunyuanVideo-1.5
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Table 3: Quantitative performance on general editing benchmark (ImgEdit).
We report category-wise and overall scores on various editing tasks. We use GPT-4.1
for evaluation following the original paper.

Models Add Adjust Extract Replace Remove BackG Style Hybrid Action Overall↑

MagicBrush [56] 2.84 1.58 1.51 1.97 1.58 1.75 2.38 1.62 1.22 1.83
Instruct-Pix2Pix [4] 2.45 1.83 1.44 2.01 1.50 1.44 3.55 1.20 1.46 1.88
AnyEdit [55] 3.18 2.95 1.88 2.47 2.23 2.24 2.85 1.56 2.65 2.45
UltraEdit [58] 3.44 2.81 2.13 2.96 1.45 2.83 3.76 1.91 2.98 2.70
ICEdit [57] 3.58 3.39 1.73 3.15 2.93 3.08 3.84 2.04 3.68 3.05
Step1X-Edit [25] 3.88 3.14 1.76 3.40 2.41 3.16 4.63 2.64 2.52 3.06
Bagel [7] 3.81 3.59 1.58 3.85 3.16 3.39 4.51 2.67 4.25 3.42
UniWorld-V1 [22] 3.82 3.64 2.27 3.47 3.24 2.99 4.21 2.96 2.74 3.26
OmniGen2 [46] 3.57 3.06 1.77 3.74 3.20 3.57 4.81 2.52 4.68 3.44
Flux.1-Kontext-Dev [18] 3.76 3.45 2.15 3.98 2.94 3.78 4.38 2.96 4.26 3.52
Qwen-Image [45] 4.38 4.16 3.43 4.66 4.14 4.38 4.81 3.82 4.69 4.27
GPT-Image [27] 4.61 4.33 2.90 4.35 3.66 4.57 4.93 3.96 4.89 4.20

HunyuanVideo-1.5 [44] 2.65 1.28 3.01 3.52 2.13 2.74 3.33 4.33 2.82 2.87
Ours 3.82 4.56 4.14 4.56 4.40 4.48 4.40 3.69 4.95 4.33

Table 4: Ablation study on core components of VGEdit (instruction transfer and RL
adaptation) on RISE-Bench, KRIS-Bench and ImgEdit.

Models
Reasoning-informed General

Average
RISE-Bench KRIS-Bench ImgEdit

HunyuanVideo-1.5 6.2 57.71 2.87 22.26
w/ Instruction Transfer 15.2 67.96 3.56 28.91
w/ Instruction Transfer and RL 22.3 72.48 4.33 33.04

in a zero-shot manner, (ii) HunyuanVideo-1.5 with instruction transfer only, and
(iii) the full VGEdit with both instruction transfer and RL adaptation.

The zero-shot video model struggles with complex editing instructions: the
generated transformations are frequently unrelated to the requested edits and
rarely reach the desired final state, reflecting the mismatch between image-editing
instructions and the native objective of video generation. Adding instruction
transfer substantially improves instruction alignment by converting the original
edit into a video-oriented transformation description, making the model more
likely to generate meaningful intermediate transitions and produce the correct
edited result. However, the outputs remain inconsistent across prompts, indicating
that task reformulation alone is insufficient to reliably induce task-consistent
edit trajectories. With RL adaptation, the full VGEdit achieves the strongest
and most consistent performance, as reward feedback over intermediate and final
frames steers the model toward trajectories that better align with the editing
instruction and visual context, improving both the final edited image and the
coherence of the transformation process.

Overall, the two components play complementary roles: instruction transfer
provides a task formulation that is compatible with video generation, while
RL adaptation aligns the generative dynamics with the editing objective. Their
combination is therefore essential for reliable reasoning-informed image editing.
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Table 5: Ablation study of the reward formulation on RISE-Bench, KRISE-Bench, and
ImgEdit.

Reward Design
Reasoning-informed General

Average
RISE-Bench KRIS-Bench ImgEdit

Final-frame + Sampling 15.7 69.34 3.52 29.52
Final-frame + Logit 20.4 70.43 4.03 31.62
Trajectory-level + Sampling 17.5 68.94 4.01 30.15
Trajectory-level + Logit (Ours) 22.3 72.48 4.33 33.04

Ablation of reward formulation. We next analyze the design of the reward
used for RL adaptation. In particular, we study two key choices: (i) final frame
vs. full trajectory, and (ii) logit-based expectation or sampling-based discrete
token selection. The quantitative comparison is reported in Tab. 5.

When the reward is computed using only the final frame, optimization becomes
noticeably less stable and even downstream performance drops. This is because
final-frame evaluation ignores the intermediate transformation process and tends
to favor outputs that appear visually plausible at the endpoint, even when the
overall edit trajectory is logically inconsistent with the instruction. In contrast,
trajectory-level reward, implemented by scoring a collage of uniformly sampled
frames, provides a richer supervision signal by exposing the evaluator to both
the evolution of the scene and the final outcome. This leads to more reliable
preference signals and consistently better editing results.

We further compare two reward computation strategies. Sampling-based
reward estimation introduces additional variance due to stochastic token sampling
from the evaluator, making training less stable. By contrast, our logit-based
expectation directly aggregates the evaluator’s token probabilities, producing a
smoother and less noisy reward signal. As shown in Tab. 5, combining trajectory-
level evaluation with logit-based scoring yields the best overall performance,
confirming that both design choices are important for effective RL adaptation.

5 Conclusion

We presented VGEdit, a reinforcement learning framework that repurposes
video foundation models for reasoning-informed image editing by formulating
editing as a temporal transformation process. Through instruction transfer,
editing instructions are converted into temporally grounded prompts, and a
reward-driven adaptation stage aligns the model using MLLM-based feedback
without requiring ground-truth editing videos. Experiments show that VGEdit
significantly improves reasoning-centric editing performance while remaining
competitive on general editing tasks, demonstrating that the world knowledge,
physical priors, and temporal consistency of video models can be effectively
harnessed for complex visual editing, and offering a scalable path toward more
physically plausible and reasoning-capable visual editing.
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