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Table 1. Quantitative comparison with Edit-R1 [3] on both synthetic and real benchmarks for object transformation tasks. Results reported
in translation distance, rotation/scaling errors and editing accuracy.

Methods
Synthetic Benchmark Real Benchmark

Translation Rotation Resize Translation Rotation Resize

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

Edit-R1 [3] 0.6762 73.33% 0.2881 15.90% 0.3915 7.50% 0.5044 50.00% 0.2448 18.75% 0.8204 0.0%
Ours 0.6667 76.67% 0.2861 29.55% 0.3894 9.17% 0.5196 53.85% 0.1997 31.25% 0.5947 7.14%

A. Comparison with RL-based Image Editing
In this section, we compare TALK2MOVE with a concur-
rent RL-based image editing approach (released in October
2025), Edit-R1 [3], on object transformation tasks. Edit-R1
builds on the DiffusionNFT [7] pipeline and is trained on
the eight standard editing tasks plus an additional red-box
control task that is designed to move objects into a drawn red
box. We evaluate on both synthetic and real image inputs.
Our method achieves higher translation accuracy and pro-
duces larger average translation distances on real images. On
synthetic inputs, Edit-R1 attains larger translation distances
but suffers from reduced accuracy due to its weaker identity
preservation.

We also provide qualitative comparisons in Fig. 1. When
moving the knife into the white cup, Edit-R1 fails to preserve
the objects originally inside the cup and does not maintain
the surrounding background details well.

B. Unified Multi-task Training for SFT and
GRPO

In this section, we analyze the effect of training the
three transformation tasks—translation, rotation, and resiz-
ing—either separately or in a unified manner. From Tab. 2,
we observe that single-task SFT yields worse performance
than unified SFT, where samples from all three tasks are
combined. This suggests that the three tasks benefit from
mutual learning during supervised fine-tuning.

In the GRPO training, however, starting from the unified
SFT checkpoint, we find that training each task individually
performs slightly better than continuing GRPO on the com-
bined multi-task setting. Simply merging the three tasks for
unified GRPO causes the learned rollout distribution to be
biased toward performing better on translation, while pro-
viding limited gains on rotation and resizing. A possible

explanation is that GRPO primarily focuses on unlocking
the model’s hidden capabilities by learning a robust answer
ranking. When applied to a multi-task GRPO setting, the
complexity of learning a consistent ranking across hetero-
geneous tasks increases substantially, making single-task
GRPO more effective.

Table 2. Ablative Study on unified SFT and GRPO training for
object transformation tasks.

Methods
Translation Rotation Resize

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

Single Task SFT 0.5948 65.71% 0.2979 13.64% 0.3899 7.50%
Single Task GRPO 0.6667 73.13% 0.2969 27.91% 0.3912 7.50%

Unified SFT 0.6416 75.00% 0.3197 25.00% 0.3917 7.50%
Unified GRPO 0.6486 76.67% 0.2880 25.58% 0.3805 5.83%

Ours 0.6667 76.67% 0.2861 29.55% 0.3894 9.17%

C. Robustness and Consistency of Reward Vari-
ance

We investigate the stability of reward variance across two
dimensions: cross-sample consistency and temporal stability
during policy updates.
Cross Sample Consistency. We analyze whether the opti-
mal exit step is tied to specific image structures or remains
consistent across a task domain. As shown in Fig. 2, for
tasks like image translation, the reward variance consistently
peaks at step 4 regardless of the individual image content.
This per-task consistency suggests that learning bottlenecks
are inherent to the task difficulty at certain diffusion stages
rather than sample-specific noise. Temporal Stability dur-
ing Policy Updates. We also verify if the reward variance
distribution estimated via off-policy evaluation remains a
valid proxy as the policy model evolves. This question is
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Figure 1. Additional Qualitative Comparison with Edit-R1 [3] on the object translation task. Our TALK2MOVEis better at keeping the
original scene details while performing effective object translation.
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Figure 2. Cross Sample Consistency of Reward Variance Distri-
bution on object translation task.

important because we rely on reward variance as an indi-
rect measure of sampling efficiency for selecting informa-
tive steps, and this pre-computed metric must remain stable
throughout training to be valid.

To assess this, we first train the policy in a setting where
all steps are perturbed, and then recompute the reward-
variance distribution using multiple intermediate check-
points, as illustrated in Fig. 3. For each checkpoint, the
variance is estimated using 128 rollouts per sample and aver-
aged over two randomly chosen samples. The x-axis denotes
the exit step, and the y-axis shows the corresponding reward
variance. Curve colors range from light to dark, representing
checkpoints from early to late stages of training.

The results show that the distributions remain largely sta-
ble over the course of training. In particular, exiting at step 4
consistently exhibits the highest variance, indicating that per-
turbations at this step yield the greatest sampling efficiency.
This consistency demonstrates that off-policy evaluation pro-
vides a reliable signal for identifying informative steps in
our active-sampling scheme.

D. Analysis on Shortcut Connections in GRPO
In this section, we investigate the effect of applying short-
cuts at different diffusion steps. In Fig. 4, we observe that
applying a one-step shortcut at early diffusion steps leads
to suboptimal denoising quality, which in turn reduces the
robustness of reward estimation. However, using a two-step
ODE shortcut effectively mitigates this issue and provides
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Figure 3. Temporal Stability of Reward Variance Distribution
during full sampling policy updates on object translation task. The
red star indicates the maximum reward variance.

stable denoising performance even in early stages. In later
diffusion steps, a one-step ODE shortcut already produces
results comparable to full-sample denoising.

We also find that perturbing too many steps introduces ad-
ditional noise, especially in the late denoising stages where
the model is primarily responsible for removing fine-grained
noise. Injecting perturbations at this point can degrade im-
age quality rather than improve it. These findings indicate
that shortcut-based acceleration is an effective strategy for
alleviating the long sampling time required during GRPO
online rollouts.

E. Extended Discussion on Prompt Diversity

A potential concern in our text-guided geometric manip-
ulation system is whether the performance gains are tied
to specific prompt templates used during training, which
might disadvantage baseline models. To assess this prompt
sensitivity, we conducted a robust evaluation by comparing
the original task prompts against four diverse recaptioned
variants that explicitly specify object-centric rotations with
varying linguistic structures.

Experimental results demonstrate that both our proposed
method (σAcc = 0.0324, σerr = 0.0113) and the QwenIm-
ageEdit baseline (σAcc = 0.0410, σerr = 0.0136) exhibit
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Figure 4. Denoising results with Shortcut connections in active step sampling.

minimal performance variance across different prompt for-
mulations. The consistent metric stability suggests that the
observed improvements stem from the model’s enhanced ge-
ometric transformation ability, rather than an over-reliance
on template-specific cues.

F. Extended Discussion on Consistency Metrics
While our current evaluation framework employs CLIP score
and L1 distance as primary baselines, we recognize that im-
age consistency is a multi-dimensional concept that necessi-
tates a more holistic and adaptive assessment.

We acknowledge that pixel-level metrics like L1 distance
can be overly stringent due to the inherent stochasticity of
diffusion-based generative models. Such metrics may pe-
nalize valid structural variations that do not compromise
overall visual quality. Similarly, as highlighted in Dream-
Bench++ [5], CLIP-based evaluation, while effective for
global semantic grounding, often lacks the granularity re-
quired to preserve fine-grained object identity during com-
plex transformations. In this study, these metrics serve as a
foundational baseline to demonstrate the fundamental effi-
cacy and stability of our approach under strict constraints.

In future work, we will continue to explore VLM-based
reward models that internalize human-aligned consistency
priors, providing high-fidelity feedback for RL-based opti-
mization to achieve more sophisticated and stable scene-level
manipulations.

G. More Qualitative Results
We present additional qualitative examples comparing
TALK2MOVE with several baseline methods, including

Bagel [1], Flux-Kontext [2], GPT-Image-1 [4], QwenIm-
ageEdit [6], and Edit-R1 [3]. The models are tested on
both synthetic and real image inputs, where we use blue
color to indicate synthetic images and orange color to indi-
cate real images. As shown in Figs. 5 to 7, baseline meth-
ods commonly exhibit issues such as poor preservation of
scene details or object identity, duplicated objects when per-
forming translation, unintended viewpoint rotations when
attempting to rotate objects, and inappropriate scaling fac-
tors—either shrinking the object too much or enlarging it
excessively—during resizing. In contrast, TALK2MOVE pro-
duces more faithful and controlled edits across all transfor-
mation types.
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Move the running 
golden retriever with 
the stick to the closer 
sand, to the left-front 
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camera.
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sailboat to the left, 
closer to the left edge 
of the water near the 
base of the cliff.

Move the pool to the 
lower-right grass area, 
from next to the main 
house to the open 
grassy section at the 
bottom right corner.

Figure 5. Additional qualitative comparison for the object translation task. We present qualitative results on both synthetic (blue) and real
(orange) images to compare the object translation performance.
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Source Bagel Flux-Kontext GPT-Image-1 QwenImageEdit OursInstruction Edit-R1

Sy
nt
he
tic

R
ea
l

Figure 6. Additional qualitative comparison for the object rotation task. We present qualitative results on both synthetic (blue) and real
(orange) images to compare the object rotation performance.
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Figure 7. Additional qualitative comparison for the object resizing task. We present qualitative results on both synthetic (blue) and real
(orange) images to compare the object resizing performance.
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