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Figure 1. We introduce TALK2MOVE, a text-guided scene editing model for object-level geometric transformation, focusing on object
translation, rotation and resizing, achieving superior results over current SOTA image editing models.

Abstract

We introduce Talk2Move, a reinforcement learning (RL)
based diffusion framework for text-instructed spatial trans-
formation of objects within scenes. Spatially manipulating
objects in a scene through natural language poses a chal-
lenge for multimodal generation systems. While existing text-
based manipulation methods can adjust appearance or style,
they struggle to perform object-level geometric transforma-
tions—such as translating, rotating, or resizing objects—due
to scarce paired supervision and pixel-level optimization
limits. Talk2Move employs Group Relative Policy Optimiza-
tion (GRPO) to explore geometric actions through diverse
rollouts generated from input images and lightweight textual
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variations, removing the need for costly paired data. A spa-
tial reward guided model aligns geometric transformations
with linguistic description, while off-policy step evaluation
and active step sampling improve learning efficiency by fo-
cusing on informative transformation stages. Furthermore,
we design object-centric spatial rewards that evaluate dis-
placement, rotation, and scaling behaviors directly, enabling
interpretable and coherent transformations. Experiments on
curated benchmarks demonstrate that Talk2Move achieves
precise, consistent, and semantically faithful object trans-
formations, outperforming existing text-guided editing ap-
proaches in both spatial accuracy and scene coherence.

1. Introduction

Object transformation is essential in scene image editing,
enabling precise control over spatial layout and object inter-



actions. These geometric manipulations let users adjust con-
tent to match their intent, such as “move the mug to the left”
or “rotate the man 90 degrees counterclockwise.” Guiding
these transformations through natural-language instructions
is particularly valuable, as text provides an intuitive and low-
barrier interface that makes spatial editing accessible to a
broad range of users.

Current graphics-based editing methods [19, 31, 33, 48]
often rely on 2D/3D primitives as control signals to assist
scene editing. This requires human intervention and domain
expertise in 2D/3D generation, making it not user-friendly
nor in natural form of interaction for general users. More-
over, these approaches typically demands large amounts of
high-quality paired data for SFT training, yet such data are
rare and expensive to obtain. Spatial-manipulation pairs are
particularly scarce: video datasets or 3D simulations provide
only limited examples and are costly to scale. Top-down
modeling of image content exists [7, 37] which requires
small training data but their performances are not meeting
the practical requirement. Moreover, SFT-based methods
rely on pixel-level MSE loss that struggles to disentangle
objects from scenes, leading to limited spatial control.

In this work, we introduce TALK2MOVE, the first RL-
based framework that leverages text guidance to perform
geometric object-level transformations for scene editing.
Built upon a flow-based GRPO paradigm, TALK2MOVE per-
turbs diffusion trajectories through stochastic noise injec-
tion to explore diverse spatial transformations during train-
ing. It scales efficiently by generating diverse rollouts
with simple prompt variations, eliminating the need for
costly paired data. To disentangle objects from scene back-
grounds, TALK2MOVE employs a spatially grounded reward
model that directly evaluates object displacement, rotation,
and scaling behaviors beyond pixel-level similarity, leading
to interpretable and geometry-aware optimization objectives.

However, conventional dense rollouts in GRPO training
are computationally expensive, and not all denoising steps
contribute equally to learning. Therefore, we introduce a
step-importance measure that quantifies how each perturbed
denoising step influences the task reward. Building on this,
we propose step-wise active sampling, which adaptively
selects informative denoising steps through lightweight off-
policy reward evaluation and skips redundant ones via skip
connections. This design substantially improves training
efficiency by 2× while preserving the reward robustness.

To summarize, our contributions are four-fold.
• To the best of our knowledge, we are the first to formulate

the text-guided geometric object transformation problem
within a reinforcement learning framework, enabling the
editing model to follow textual instructions for precise
spatial manipulation.

• Our pipeline is data-efficient compared to SFT-based meth-
ods, reducing dependence on costly paired annotations.

We design a spatial-aware reward model that separates
target objects from the scene to improve geometric trans-
formation learning, and introduce an early-exit mechanism
for flow-based GRPO to focus training on the most infor-
mative steps and lower sampling cost.

• We establish an effective data collection pipeline that
provides high-quality data for geometric object transfor-
mations, and we demonstrate that this pipeline can be
scaled to produce large quantities of input pairs suitable
for GRPO online training.

• Experiments demonstrate that TALK2MOVE significantly
improves spatial accuracy and scene coherence under lim-
ited budgets, achieving state-of-the-art spatial transforma-
tion performance across both open-source and proprietary
editing systems.

2. Related Work
Geometry-conditioned Image Editing. This line of re-
search manipulates images through explicit spatial or struc-
tural constraints. Point-based methods [23, 26, 31, 33,
39, 40] enable interactive control via handle–target inter-
actions, yet they typically require manual point specifi-
cation and struggle with high-level semantic instructions.
To incorporate stronger geometric priors, 3D-aware ap-
proaches [3, 47, 48] lift 2D images into explicit 3D represen-
tations for transformation. However, these multi-stage lifting
and rendering pipelines often introduce cumulative errors
and compromise image fidelity. Alternatively, layout-based
editing [5, 28] utilizes explicit 3D layout to guide scene struc-
ture manipulation, though it necessitates the often-costly
acquisition of precise 3D layouts. ORIGEN [30] leverages a
3D orientation condition and iteratively refines the latent via
"test-time reflection" to satisfy the rotation reward. Overall,
these geometry-dependent methods rely heavily on explicit
spatial primitives and manual intervention, limiting their
scalability for natural scene-level object manipulation.
Text-based Image Editing. Recent image generation and
editing methods fall broadly into two families: diffusion-
based models and VLM-connected frameworks. Diffusion-
based methods [36, 38] generate images via denoising, with
recent flow-matching models such as Flux and Flux.1 Kon-
text [15, 16] improving convergence and edit consistency
through in-context learning. However, relying solely on text
tokenizers limits their ability to follow fine-grained spatial
instructions.

Another line of work integrates pre-trained VLMs with
diffusion decoders via lightweight adapters. Methods such
as MetaQueries [34], Seed-X [9], and Emu2 [41], as well as
unified transformer frameworks like MoT and Bagel [4, 22],
enhance prompt following but often struggle to preserve
visual coherence when only ViT-based encoders are used.
QwenImageEdit [44] addresses this by combining VLM se-
mantic features with VAE reconstructive features for stronger



alignment between instruction following and visual fidelity.
We adopt QwenImageEdit as our backbone for spatial ma-
nipulation tasks.
Reinforcement Learning for Visual Generation. Rein-
forcement learning [6, 11, 29, 45] for diffusion-based gener-
ation typically formulates the denoising process as a Markov
Decision Process (MDP). Reward-Weighted Regression [35]
models generation as a one-step MDP and shifts the image
distribution toward high-reward samples. DDPO [2] extends
this to a multi-step MDP by treating each denoising step
as an action, making it well-suited for deterministic sam-
plers without requiring repeated responses from the same
query. Recent works adapt GRPO to diffusion models. Flow-
GRPO [24] and DanceGRPO [46] introduce stochastic drift
into DDPM and Rectified Flow samplers, enabling multiple
rollout paths around the deterministic trajectory. Subse-
quent improvements [17, 20, 49] reduce training cost via
sliding-window optimization or tree-based trajectory reor-
ganization with reward backpropagation. Although effec-
tive, these methods remain computationally expensive during
sampling. In this work, we further improve time efficiency
by introducing an early-exit mechanism to accelerate roll-
out generation. TempFlow-GRPO [12] shows that temporal
reweighting improves general GRPO stability. Our work in-
stead focuses on identifying task-dependent transformation
stages for object-level geometry. RL-based image editing
methods [18, 21, 27] exist but they are not focused on the
object transformation tasks.

3. Geometric Transformation for Object-Level
Scene Editing

Problem Formulation. We study text-guided geometric
transformation for object-level scene editing, where the goal
is to modify an object’s position, orientation, and scale in
an image according to a text instruction, while keeping the
scene static and unedited regions consistent. We focus on
three fundamental spatial operations: object translation, rota-
tion, and resizing, which together span the core dimensions
of geometric object transformation.

Formally, we define a spatial editing model as a mapping
fθ : (I, T ) → I ′, where I is the input scene image, T is a
text instruction, and I ′ is the edited output. To regularize the
instruction–action space, we use a set of predefined trans-
formation templates tk for translation, rotation, and resizing.
Each template specifies a target object and a spatial relation
(e.g., “move the mug to the left”), providing a consistent
basis for supervision and evaluation.
Standardized Transformation Templates. For object
translation, the template defines both the movement direction
(left, right, up, down) and the target spatial reference (e.g.,
“on top of the sofa”, “near the violin”). For object rotation, it
specifies the rotation axis (x, y, z), direction (clockwise or
counterclockwise), and angle (45◦, 90◦, 135◦, 180◦). The ro-

tation axes are defined in the object’s local coordinate frame,
which aligns with the object’s inherent orientation in the
scene. For object resizing, the template defines the scaling
ratio (e.g., 1.25×, 1.5×, 2×, 3×, 4×). Together, these stan-
dardized templates constrain the open object transformation
problem into a well-defined and verifiable space suitable for
reproducible learning.

4. Geometric Transformation Data Curation
GRPO-style RL training requires only input samples con-
sisting of a reference image and a text prompt. We take the
object translation task as an example to illustrate the data
curation process.
Reference Image Generation. We prompt a large language
model (LLM) to generate textual scene descriptions that spec-
ify realistic scenes with a background and multiple sparsely
distributed movable objects, and then employ open-source
text-to-image models [16, 44] to synthesize the correspond-
ing reference images.
Instruction Generation. For each generated image, we use
a vision-language model (VLM) to annotate spatial editing
instructions with predefined templates. These annotations
are parsed into a structured format that preserves geomet-
ric attributes such as object location, movement direction,
rotation angle, and resizing ratio for reward computation.
Given a reference image, we can expand the dataset by vary-
ing textual prompts to generate many training samples and
extend this process to other object transformation tasks, sub-
stantially reducing data creation costs compared to paired
supervision. In total, we construct 3,200 samples over 800
unique images for object translation. We leave large-scale
data expansion to future work, as the current dataset is suffi-
cient for training.
Target Image Synthesis for SFT Cold Start. Current image
editing backbones struggle with precise spatial manipulation,
so we first apply an SFT cold-start to learn basic spatial-
editing priors from a small amount of high-quality ground-
truth data. However, constructing paired spatial-editing data
is challenging, as real-world datasets rarely provide matched
before–after examples for specific geometric transforma-
tions. To address this, we synthesize supervision with tai-
lored strategies for translation, rotation, and resizing. For
object translation and rotation, we use the API-based video
generation model [8] to simulate physically plausible object
motion in diverse scenes. Conditioned on a reference im-
age as the first frame and a manipulation prompt, the model
generates short videos depicting the desired transformation.
After filtering by spatial accuracy and visual consistency, we
obtain 800 valid translation pairs and 43 high-quality rotation
pairs. For object resizing, where current video generation
models perform poorly, we instead rely on open-source im-
age editing models [16, 44] to synthesize coarse up/down
scaling. The edited images are paired with their references
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Figure 2. The pipeline of TALK2MOVE. TALK2MOVE streamlines a GRPO-style reinforcement learning pipeline tailored for flow-based
image editing. Starting from an initial noise sample, stochastic perturbations are injected at each diffusion step to generate diverse sampling
trajectories. Spatially grounded rewards from specialist models, which explicitly evaluate object-level geometric changes, are then used to
compute group-relative advantages for policy gradient updates.

and filtered via perceptual matching, yielding 110 diverse
resizing pairs.

5. Method

5.1. Preliminary

Diffusion as a Markov Decision Process. The reverse
denoising process of a diffusion model can be naturally for-
mulated as a Markov Decision Process (MDP). We define
the state at time step t as st = (c,xt), where xt ∈ Rd is the
latent representation and c is the conditioning context (e.g.,
text or image features). Each denoising step corresponds to
an RL action at, representing the predicted noise or velocity
vector that transitions the current state xt to the subsequent
latent xt−1. The state transition probability pθ(xt−1|xt, c)
characterizes the likelihood of this incremental reconstruc-
tion. In this framework, the entire generation trajectory from
xT ∼ N (0, I) to the clean image x0 constitutes a single RL
rollout.

From ODE to Stochastic Rollouts. Standard flow-matching
models typically solve a Probability Flow Ordinary Differ-
ential Equation (ODE): dx = vθ(x, t, c)dt, which yields a
deterministic trajectory for any initial noise xT . However,
Group Relative Policy Optimization (GRPO) [? ] relies
on contrasting multiple samples within a group to estimate
relative advantages. To facilitate the necessary exploration
and variance, [24, 46] inject stochastic perturbations into
the velocity field, effectively transforming the determin-
istic ODE into a Stochastic Differential Equation (SDE):
dx = vθ(x, t, c)dt+ σ(t)dw, where dw denotes a Wiener
process. This stochastic formulation enables sampling a
group of G distinct rollouts for the same input c, allow-
ing the model to iteratively refine the velocity field toward
trajectories that satisfy verifiable geometric rewards.

5.2. Training Pipeline
In this section, we describe the overall training pipeline
of TALK2MOVE. We first use an SFT cold start to equip the
editing model with basic geometric transformation ability,
and then present the RL stage in detail.
Cold Start. We use lightweight LoRA fine-tuning with
limited ground-truth data to equip the diffusion backbone
with basic spatial editing capabilities. Annotated image
pairs from all three tasks are combined to train a unified
SFT checkpoint. LoRA adapters are applied to attention
projections, normalization, and linear layers, while the text
encoder, VAE, and ViT remain frozen. This initialization
introduces coarse spatial priors, improving rollout stability
and sample quality during GRPO training.
RL implementation. To achieve data-efficient and spatially
accurate scene manipulation, TALK2MOVE adopts a GRPO-
style reinforcement learning framework tailored for diffusion
policies. Starting from an initial noise sample, we follow the
flow-based GRPO paradigm [24, 46], injecting stochastic
perturbations at each diffusion step to form groups of diverse
sampling trajectories. These rollouts capture a rich set of
spatial transformations conditioned on the input prompt and
diffusion dynamics. Spatially grounded rewards are provided
by off-the-shelf specialist models that disentangles objects
explicitly from the scene and evaluates object-level transfor-
mations, from which we compute group-relative advantages
to update model parameters via policy gradients.

5.3. Efficient GRPO with Early Exit
Dense rollouts in GRPO incur significant computational
overhead, yet not all denoising steps contribute equally, and
some even harm sampling performance, highlighting the
need to prioritize steps with stronger learning signals.
Off-policy Step Evaluation. Inspired by reasoning
LLMs [42], which emphasize tokens with high intrinsic
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uncertainty, we propose to focus on diffusion steps exhibit-
ing high extrinsic uncertainty. Since the noise variance in
diffusion is fixed by the scheduler, we measure uncertainty
through the variance of rollout rewards at each step. High
reward variance indicates strong exploration potential and
thus higher learning utility, analogous to high-entropy tokens
in language RL. In addition, according to MixGRPO [17]
and our empirical findings, early denoising steps largely de-
termine global layout, while later steps refine fine-grained
details. Therefore, the step importance is defined as the re-
ward variance of rollouts when exiting from each denoising
step. In practice, starting from step 0, we incrementally per-
turb small sets of denoising steps on a few input images (2–4)
and compute rollout rewards. This efficient calibration, re-
quiring only a single GPU, yields a task-specific, step-aware
reward distribution. The optimal exit step is then selected
as the last perturbed step achieving the maximum reward
variance.
Active Step Sampling. With the exit step identified, we
introduce step-wise active step sampling, which takes ODE
shortcuts at the exit step to bypass redundant later steps,
thereby improving both rollout and training efficiency. Flow-
based GRPO approaches apply ODE updates at every denois-
ing step, resulting in a time complexity of T (tsample + toptim)
for T steps. The sliding-window mechanism in [17] allevi-
ates this by optimizing only a subset of steps per iteration.
We further enhance efficiency by directly denoising from
the exit step K to the final step T using model predictions
(see Fig. 3), effectively shortening the trajectory. This re-
duces total computation to approximately K(tsample + toptim),
where K ≤ T . As long as K < T , our method achieves
consistently higher training efficiency while maintaining
comparable task performance.

5.4. Spatially Grounded Reward Design
The choice of reward model is one of the most important
factors in GRPO training, as it provides critical information

for the policy update direction. Previous works [24, 27] em-
ploy holistic, image-level metrics such as aesthetic rewards,
CLIP-based alignment, or VLMs fine-tuned for common
editing tasks. These rewards serve as a coarse measure of
overall image quality or human preference. We extend the
reward model to fine-grained, spatially grounded rewards
tailored for spatial manipulation editing.

To evaluate the correctness of geometric object trans-
formation, we first localize the prompted object in both
the reference and edited images using text-driven segmen-
tation [13, 25] to obtain segmentation masks and bounding
boxes. Each manipulation task defines a specific spatial
reward. For object translation, we compute the relative
displacement between the reference and edited object cen-
ters following the GenEval [10] protocol. For rotation, we
use Orient-Anything [43] to estimate orientations for object
crops from the scene image and evaluate alignment along the
prompted axis, direction, and angle. For resizing, we com-
pare the normalized size ratio differences of reference and
edited object bounding boxes. Although each reward differs
in formulation, all share a unified goal, which is to mea-
sure the alignment between the prompted and achieved spa-
tial transformations in normalized coordinate space. These
task-specific rewards provide fine-grained feedback to guide
policy updates toward spatially accurate editing behavior.

6. Experiments

6.1. Implementation Details
For cold start, we train Qwen-Image-Edit [44] with rank-64
LoRA layers for 3,000 iterations and with a learning rate of
1e-4. For GRPO training, we build upon the FlowGRPO [24]
baseline, with a sample noise level of 1.0 and a clip range
of 2e-4, on 16 H200 GPUs. The total training time for each
subtask is ∼ 160 GPU hours.

6.2. Evaluation Metrics
To evaluate the spatial accuracy for scene editing, we intro-
duce task-specific metrics.
Translation. We report the Translation Distance (Trans.
Dist.) that measures the relative distance between object
center points in the reference and edited image; and the
translation Accuracy (Acc.) that measures the success rate.
An edit is considered successful only if it passes all four
criteria: 1) correct movement: following GenEval [10], we
verify whether the detected object in the edited image has
moved in the specified direction relative to its position in the
reference image; 2) object identity preservation: the edited
object must remain the same object (CLIP similarity > 0.75);
3) no duplication: the object should no longer appear at its
original location (similarity < 0.95); 4) scene preservation:
the overall scene should remain consistent (background L1
distance ≤ 0.2).



Table 1. Quantitative comparison of object transformation tasks on our curated synthetic test benchmark in terms of editing accuracy,
average translation distance, and editing errors. The results are obtained from unified SFT followed by task-specific GRPO training. We also
report human evaluation results in terms of winning rate. We note that win rate does not capture second-best or near-tie preferences, and
thus may underestimate methods that produce competitive but less visually salient results, such as GPT-based models.

Methods

Translation Rotation Resize

Trans. Dist. ↑ Acc. ↑ Human
Win Rate ↑ Rot. Err. ↓ Acc. ↑ Human

Win Rate ↑ Scale Err. ↓ Acc. ↑ Human
Win Rate ↑

GPT-Image-1 [32] 0.5416 64.29% 26.25% 0.4293 2.33% 6.25% 0.3501 5.08% 1.39%
Flux-Kontext [16] 0.0499 4.41% 1.25% 0.4259 6.82% 16.25% 0.4318 1.67% 15.28%
Bagel [4] 0.1705 14.49% 2.50% 0.3240 13.64% 1.25% 0.4790 0.00% 8.33%
QwenImageEdit [44] 0.2551 32.86% 12.50% 0.4129 9.30% 7.50% 0.4203 7.50% 11.11%
Ours 0.6667 76.67% 57.50% 0.2861 29.55% 68.75% 0.3894 9.17% 63.89%

Table 2. Quantitative comparison of object transformation tasks
on curated real images from OpenImages-V6 [14] in terms of
editing accuracy, average translation distance and editing errors.

Methods
Translation Rotation Resize

Trans. Dist.↑ Acc.↑ Rot. Err.↓ Acc.↑ Scale Err.↓ Acc.↑

GPT-Image-1 [32] 0.3237 23.08% 0.1774 25.00% 0.6898 7.14%
Flux-Kontext [16] 0.1992 26.92% 0.2567 6.67% 0.7120 1.79%
Bagel [4] 0.2258 15.38% 0.3700 6.25% 0.7159 3.57%
QwenImageEdit [44] 0.3725 42.31% 0.2101 25.00% 0.6048 1.79%
Ours 0.5196 53.85% 0.1997 31.25% 0.5947 7.14%

Rotation. We compute rotation accuracy by verifying
whether the edited rotation angle lies within ±20◦ of the
target angle. We also report rotation error, defined as the
average normalized difference between the target (prompted)
angle and the predicted (edited) angle.
Resizing. We measure resizing accuracy by checking
whether the edited size falls within a ±10% tolerance of
the target scaling ratio. We also report the scaling error, de-
fined as the average difference between the prompted scaling
ratio and the actual edited ratio.

6.3. Quantitative Evaluation
We show the quantitative comparison with state-of-the-
art image editing methods, including diffusion-based edit-
ing [16], unified model [4], our baseline [44] and GPT-
Image-1. Tab. 1 reports TALK2MOVE’s result on our syn-
thetic evaluation benchmark for three geometric transforma-
tion tasks, featuring 100 input samples under each transfor-
mation type. Our model outperforms open-sourced baselines
among most metrics. We also sample 85 real images from
OpenImagesV6 [14] for evaluation in Tab. 2 and results
prove our model’s effectiveness on real images.

Moreover, a user study is also conducted to further eval-
uate the editing accuracy and scene coherence. We invite
15 users with 3-year + expertise in multi-modality genera-
tion to select a winner among editing candidates from each
method and report the winning rate over 30 questions. Re-
sults in Tab. 1 demonstrates that TALK2MOVE achieves the
highest winning rate with a sweeping edge.

Table 3. Ablation study on SFT and RL under object translation
task in terms of translation distance, accuracy and image L1 dis-
tance.

Method Trans. Dist.↑ Acc.↑ L1↓
Flux-Kontext 0.0499 4.41% 0.5704
Flux-Kontext+SFT 0.3692 38.81% 0.5403
Ours 0.4798 47.14% 0.5302
QwenImageEdit 0.2551 32.86% 0.5834
QwenImageEdit+SFT 0.5953 67.14% 0.2562
Ours 0.6667 73.13% 0.2012

QwenImageEdit+SFT† 0.2257 26.67% 0.5928
Ours† 0.6507 73.33% 0.2629
† Trained with 1/10 of the original training samples.

Table 4. Ablation on active step sampling under translation task,
efficiency measured in seconds(s).

Sampling NFEπθold
NFEπθ Sample Train Total Trans. Dist. Acc.

Full 10 10 45.78 126.25172.32 0.6602 69.12%
Sliding window 10 4 45.63 55.69 101.61 0.5983 67.14%
Ours 4 4 30.95 56.02 87.27 0.6667 76.67%

6.4. Qualitative Evaluation
In Fig. 5, we provide multiple qualitative examples including
both real and synthetic inputs to showcase TALK2MOVE’s
ability in object transformation compared to other baseline
methods. We find that GPT-Image-1 performs transforma-
tion edits well, but its result do not preserve the scene de-
tails from the reference image, usually exhibits a warmer
tone and brighter lighting. Compared to the baseline meth-
ods, TALK2MOVE executes the instruction more accurately
and better preserves the original scene details.

6.5. Ablation Studies
SFT vs RL. Tab. 3 compares how SFT and RL contribute
to spatial manipulation performance. We evaluate both ap-
proaches on two backbone models: the widely used editing
backbone Flux-Kontext [16] and the more advanced Qwen-
ImageEdit model [44], which integrates a VLM with a diffu-
sion generator. To ensure a fair comparison, all experiments
are trained solely on object translation data.
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Table 5. Background ID Consistency of three object transforma-
tion tasks in terms of image-level CLIP and L1 distance. The best
and second best results are highlighted with bold and underline.

Method
Translation Rotation Resize

CLIP-im ↑ L1 ↓ CLIP-im ↑ L1 ↓ CLIP-im ↑ L1 ↓

GPT-Image-1 [32] 0.9318 0.4351 0.9453 0.4136 0.9405 0.4278
Flux-Kontext [16] 0.9660 0.5704 0.9821 0.5390 0.9739 0.5145
Bagel [4] 0.9570 0.3308 0.9356 0.4138 0.9790 0.3027
QwenImageEdit [44] 0.9728 0.5834 0.9777 0.6000 0.9724 0.5869
Ours 0.9699 0.2012 0.9717 0.2774 0.9705 0.3841

With a reasonably large training set (800 images), SFT
provides a strong initial boost in editing accuracy. However,
once SFT converges, applying RL on top of the SFT check-
point further increases both the average translation distance
and the final accuracy for both backbones.

To further assess the data efficiency of RL, we reduce the
training data to one tenth of the original size (∼80 annotated
pairs and ∼400 input-only pairs). As shown in the third
block of Tab. 3, SFT fails to achieve meaningful gains under
such limited data, whereas RL built upon the small-data SFT
checkpoint still reaches performance comparable to the full-
data setting. This demonstrates that even with very limited
input data, a well-designed reward function allows RL to
effectively learn spatial manipulation behaviors and achieve
competitive editing accuracy.
Background Scene Preservation. A good editing model
should preserve the background identity while manipulat-
ing the foreground. We evaluate scene consistency using
the image-level L1 distance between the input and edited
images. As shown in Tab. 5, our method achieves an L1
distance comparable to other state-of-the-art editing models,
indicating that it does not compromise scene consistency
during training.

The CLIP metric is relatively coarse and not sensitive
to subtle background changes; only large deviations mean-
ingfully indicate identity loss. This is also evident from
our qualitative results, where methods with similar CLIP-im
scores can still show almost the same level of background
preservation. In contrast, GPT-Image-1 exhibits noticeably

lower CLIP similarity than the other methods. This is be-
cause GPT-Image-1 tends to heavily refine or alter the entire
image, which is also evident in our qualitative results.
Off-policy Step Evaluation Results. We present the off-
policy evaluation results for the three object transformation
tasks. As shown in Fig. 4a, the maximum reward variance
occurs at step 4 (out of 10) for both translation and resizing,
while for rotation it appears at step 10. These different
exit steps demonstrate that in flow-based diffusion, injecting
the same Gaussian noise at different steps leads to varying
reward sensitivity and exploration space across tasks.
Ablation on Active Step Sampling. We further study the
time efficiency of our method. Tab. 4 reports the sampling
and optimization time for a batch of 16 rollouts. Based on
the off-policy step analysis, we adopt step 4 as the exit step
for the translation task, resulting in only 4 sampled steps per
rollout. We observe that our method reduces the overall iter-
ation time by 14% compared to the sliding-window baseline
(translation–sliding window), and by 49% compared to full
sampling (translation–full). At the same time, despite us-
ing fewer sampled steps, our shortcut strategy still achieves
higher editing correctness, outperforming both baselines in
terms of Translation Distance and Accuracy.

We also plot the evaluation reward curves in Fig. 4b for
both baselines and our method. Interestingly, taking short-
cuts not only reduces computation but also accelerates con-
vergence, further suggesting that focusing on the steps that
provide larger geometric transformation space is beneficial
for exploration and overall performance.
Ablation on Reward Model. We conduct an ablation com-
paring a VLM-based reward model with our spatial reward
derived from a specialist model (Orient-Anything [43] +
rule-based evaluation). Editing quality is assessed using
Qwen2.5-VL-Instruct [1] to measure alignment between the
edited image and the prompt. As shown in Fig. 4c, both
reward models improve evaluation reward during GRPO
training. However, the VLM-based reward often produces
overly optimistic and unstable scores, yielding a rotation
error of 0.3294 and an accuracy of 11.63% according to
evaluation. In contrast, our spatial reward leads to a lower



Source Bagel Flux-Kontext GPT-Image-1 QwenImageEdit OursInstruction

Move the chair to 
the left, from below 
the painting to 
beside the wooden 
dresser.

Move the Monster 
energy drink can to 
the left, from the 
right cup holder to 
the adjacent left 
cup holder.

Rotate the music 
stand 90 degrees 
clockwise around
the z-axis.

Rotate the traffic 
light 90 degrees 
counterclockwise 
around the z-axis.

Make the black-
and-wood chair 
1.5 times bigger.

Make the tree 2 
times bigger.

Figure 5. Qualitative results on object translation, rotation and resize over state-of-the-art image editing models. For each task, we provide
one real image editing result (source from OpenImagesV6 [14]) and one synthetic image editing result to showcase the generalization ability
of TALK2MOVE.

error of 0.2861 and a much higher accuracy of 29.55%, indi-
cating that it provides a more reliable supervision signal for
GRPO-based spatial manipulation.

7. Conclusion and Discussion

In this work, we presented TALK2MOVE, the first rein-
forcement learning framework for text-guided geometric
object transformation in scene editing. Built on GRPO-
style training, TALK2MOVEenables data-efficient learning
with reduced reliance on expensive paired data and uses

spatially grounded rewards to disentangle objects from the
scene and improve fine-grained transformations. We further
enhance computational efficiency through off-policy step
evaluation and active step sampling, prioritizing informative
steps with higher reward variance and larger transformation
space. Experiments show that TALK2MOVE outperforms
existing open- and closed-source models in spatial accuracy
and visual coherence. Our RL-based recipe can be extended
to other generative frameworks (e.g., GANs, autoregressive
models) for verifiable, controllable visual generation, which
we leave for future work.
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