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Abstract

Recent advances in image and video generation
have highlighted the need for intuitive, high-
precision manipulation. However, traditional
text-based prompts or 2D Visual Prompts (e.g.,
dragging, 2D trajectories) often suffer from
unintuitive prompt engineering or depth am-
biguity. To address these limitations, we intro-
duce 3D Visual Prompting, a novel paradigm
that significantly improves input intuitiveness
for visual manipulation tasks. We develop
a framework that integrates intuitive 3D con-
straints into 2D generative processes. Our ap-
proach projects 3D Visual Prompts onto 2D
visual planes and leverages Multimodal Large
Language Models (MLLMs) to verbalize in-
tent, allowing plug-and-play use of existing
2D models. Furthermore, we incorporate In-
Context Self-Refinement (ICSR) to summa-
rize insights from self-correction into a meta-
strategy. This enables high-precision 3D con-
trol in single-pass inference, eliminating the
need for iterative computation. Experimen-
tal results demonstrate that our method sig-
nificantly outperforms traditional 2D Visual
Prompting for object translation and rotation.
By utilizing pre-trained models without ad-
ditional parameter tuning, our framework re-
mains highly adaptable to future developments
in generative models.

1 Introduction

Imagine explaining a subject’s movement in a
photo to another person. Rather than relying solely
on verbal descriptions, people naturally use ges-
tures or visual cues, such as tracing trajectories
or circling objects. This way of providing visual
context, known as Visual Prompting, has long been
recognized as an effective mode of communica-
tion. Recently, it has emerged as a powerful al-
ternative to text prompting, allowing users to in-
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low stone wall in the foreground. The 
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from the camera to land deeper into 
the garden towards the house in the 
background.

How can we effectively convey
our editing intentions?

Our Results with 3D Visual Prompt

Figure 1: 3D Visual Prompting for visual manipula-
tion tasks (i.e., image editing and video generation).
Our method overcomes two key limitations of prior ap-
proaches: unintuitive prompt engineering and the depth
ambiguity of 2D Visual Prompts. We enable intuitive,
unambiguous control over 3D motion with 3D Visual
Prompting. As illustrated below, our method correctly
distinguishes whether the cat moves behind the wall or
in front of it.

tuitively specify targeted visual regions (e.g., pix-
els, bounding boxes, and motions) to Multimodal
Large Language Models (MLLMs) (Yang et al.,
2023a; OpenAI, 2025a; Google, 2026a; Wu et al.,
2025). Such Visual Prompting has also been incor-
porated into generative visual manipulation tasks
(e.g., image editing, image-to-video generation) to
intuitively specify target objects to edit (Pan et al.,
2023) or draw 2D motion trajectories (Wang et al.,
2024; Fang et al., 2025).

However, drawing directly on a 2D image plane
(hereafter, 2D Visual Prompting) suffers from a
fundamental limitation: depth ambiguity. For in-
stance, a horizontal arrow over a subject may in-
dicate motion within the image plane or along the
depth axis, causing generated results to deviate
from the user’s intended 3D motion. Methods that
directly accept 3D inputs have also been proposed,
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but many require model fine-tuning because most
existing generative models are designed for text
or 2D image inputs (Zheng et al., 2026; Lee et al.,
2025). Even when fine-tuning is unnecessary, these
methods typically assume only rigid transforma-
tions, such as translation and rotation (Pandey et al.,
2024; Cheng et al., 2025), limiting their extension
to more flexible motion generation, such as mid-
sequence postural adjustments and spatially spe-
cific interactions with target objects. Moreover,
approaches that depend on fine-tuning or access
to intermediate features are often difficult to apply
to closed models (e.g., GPT Image 1.5 (OpenAI,
2025b), Nano Banana Pro (Google, 2026a), and
Veo (DeepMind, 2024)), and methods tied to a spe-
cific base model can quickly become obsolete as
multimodal generative models evolve. This makes
plug-and-play 3D-aware visual manipulation with
readily available 2D generative models, without
retraining, particularly important for usability and
practical deployment.

To address the above issues, we make three
main contributions. First, we introduce 3D Vi-
sual Prompting to visual manipulation tasks, a
new prompting paradigm that resolves the geomet-
ric ambiguities of 2D Visual Prompts and enables
intuitive visual manipulation beyond simple rigid
transformations. By defining prompts as visual
instructions rendered in 3D space, such as text,
curves, and geometric constraints, our method pro-
vides a more flexible interface for expressing 3D
intent.

Second, we propose a framework that bridges
the modality gap between 3D instructions and ex-
isting 2D generative models without fine-tuning.
Specifically, we integrate a multimodal large lan-
guage model (MLLM) into a frozen 2D generation
pipeline, where a 3D-to-2D Projector converts 3D
trajectories into 2D visual representations and a
Translator converts them into optimized textual
prompts. This black-box design enables plug-and-
play use of future 2D generative models.

Third, we incorporate In-Context Self-
Refinement (ICSR) to elicit stronger 3D
understanding from 2D models. An MLLM-based
Verifier provides linguistic feedback by evaluating
geometric fidelity, and iterative self-correction
allows the system to accumulate meta-knowledge
for communicating 3D intent. By distilling this
into a universal meta-strategy, our framework
achieves high-fidelity 3D-controlled synthesis in a
single pass without test-time optimization.

Notably, our framework is designed as a general
interface layer between 3D intent and frozen 2D
generative models. Through this framework, we
demonstrate that language can serve as a common
interface for interpreting that intent, verifying its
realization, and refining how it is communicated.

To demonstrate the efficacy of our proposed
pipeline, we evaluate our method on two primary
tasks: source-conditioned image editing and first-
frame-conditioned video generation. We experi-
mentally show that our approach significantly out-
performs 2D Visual Prompting for complex ob-
ject translation and rotation. Furthermore, exten-
sive ablation studies quantitatively show that using
distilled meta-knowledge from the ICSR process
substantially enhances the system’s instruction-
following capabilities.

2 Related Work

2.1 Visual Prompting

Despite the rapid advancement of MLLMs (Li et al.,
2023; OpenAI et al., 2024; Bai et al., 2025), tra-
ditional text-only prompting often fails to estab-
lish precise grounding between textual descrip-
tions and specific image regions, leading to hal-
lucinations (Guerreiro et al., 2023). To address
this, Visual Prompting (Zhang et al., 2023; Wu
et al., 2024c)—which uses spatial overlays such
as bounding boxes or masks—has emerged as a
key paradigm for enhancing 2D visual understand-
ing (Yang et al., 2023b). Recent research further
extends this paradigm to 3D contexts, demonstrat-
ing its effectiveness in improving spatial percep-
tion (Zhang et al., 2024; Liu et al., 2025; Qi et al.,
2025). The emergence of high-performance mixed-
reality 3D illustration tools (Doronichev, 2016;
Meta, 2026; Sosanya, 2024), along with the avail-
ability of drawing tools within simulation environ-
ments (Cohen et al., 2025), has made sketching
in three-dimensional space increasingly accessible.
Against this backdrop, we explicitly extend con-
ventional 2D Visual Prompting (Wu et al., 2024a)
to 3D Visual Prompting and propose a framework
that facilitates intuitive three-dimensional input by
leveraging advanced 3D illustration tools, enabling
greater degrees of freedom in spatial interaction.

2.2 3D-Aware Visual Manipulation

The demand for precise motion control in image
and video generation has shifted focus toward in-
teraction modalities beyond text (Liu et al., 2024;
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DeepMind, 2024). Following DragGAN (Pan et al.,
2023), various trajectory- and point-based meth-
ods (Yin et al., 2023; Wang et al., 2024; Wu et al.,
2024b; Geng et al., 2025; Fang et al., 2025) en-
able movement specification via 2D coordinates
or direct frame annotation. While more intuitive
than prompt engineering, these methods are strictly
confined to the 2D plane and suffer from depth am-
biguity, failing to distinguish lateral motion from
movement along the depth axis.

To address these limitations, recent research in-
corporates 3D awareness. However, conventional
approaches such as FMC (Shuai et al., 2025) and
CineMaster (Wang et al., 2025b) rely on text-heavy
6D poses or bounding boxes, which are not intu-
itive. Other methods designed for geometric trans-
formations (Liu et al., 2023; Cheng et al., 2025;
Lee et al., 2025; Pandey et al., 2024) cannot handle
complex, semantic 3D Visual Prompts. Further-
more, many 3D-aware methods require specialized
architectures or fine-tuning on 3D datasets (Guo
et al., 2024; Zheng et al., 2026), limiting their adapt-
ability to rapidly evolving 2D generative models.

2.3 In-Context Self-Refinement
Prompt Adaptation (Hao et al., 2023) proposed
a general framework for text-to-image genera-
tion that replaces manual prompt engineering by
automatically converting user inputs into model-
preferred prompts through supervised fine-tuning
followed by reinforcement learning. In contrast,
Prompt Diffusion (Wang et al., 2023) was among
the first to equip diffusion models with In-Context
Learning (ICL), enabling a single architecture
to perform diverse conditional image-generation
tasks, such as segmentation and depth generation,
without updating model weights.

Building on ICL, In-Context Reinforcement
Learning (ICRL) has been proposed as a more adap-
tive paradigm that improves policies through accu-
mulated experience (Wang et al., 2025a; Moeini
et al., 2025; Cai et al., 2025). Recent work, such as
OmniRL (Long et al., 2025), has further shown that
MLLMs can serve as effective evaluators within
this framework. Inspired by this line of work, we
employ ICSR, which accumulates insights through
iterative self-correction without policy optimiza-
tion or parameter updates, for 3D-aware visual ma-
nipulation.

To the best of our knowledge, our method is
the first to introduce ICSR to 3D-aware visual ma-
nipulation, enhancing the spatial understanding of

existing 2D generative models without updating
model weights.

3 Preliminaries

3.1 3D/2D Visual Prompts
We define a 3D Visual Prompt as a set of three-
dimensional editing or synthesis instructions ap-
plied to a 3D representation S0 lifted from a source
image I0 via a mapping function L(·) (e.g., monoc-
ular depth estimation or reference-based reconstruc-
tion), such that S0 = L(I0) can be rendered from
arbitrary viewpoints. In contrast, we define a 2D Vi-
sual Prompt as a collective term for conventional
two-dimensional instructions applied directly to the
source image I0.

3.2 Problem Formulation
To capture diverse user intents while minimizing
spatial overhead, we categorize visual instructions
into two distinct modalities: 3D object transforma-
tion instructions (P 3D) for spatial manipulations
(e.g., 3D translation, rotation, and pose), and 2D
supplementary instructions (P 2D) for image-level
guidance (e.g., highlights and framing). Any com-
plex editing task can be formulated as a composi-
tion of these instruction sets.

Using these prompts as conditioning variables,
we address two primary tasks: (i) Image Editing,
where given a source image I0, the goal is to pro-
duce an edited image Î that satisfies the instructions
of the Visual Prompts; and (ii) Conditional Video
Generation, where given an initial frame I0, we
synthesize a video sequence V̂ = {Ît}τt=1 such
that its temporal evolution is conditioned on the
user-specified 3D transformations.

4 Methodology

4.1 Overview
Fig. 2 illustrates our proposed framework, which
enables 3D-guided visual manipulation, including
image editing and video generation, without requir-
ing architectural changes or parameter fine-tuning
of pre-trained 2D generative models. While most
existing approaches are limited to 2D image/video
inputs and natural language, our method bridges the
gap between 3D spatial instructions and 2D mul-
timodal generative models by leveraging MLLMs
and ICSR. This design enables precise alignment
with 3D intent while keeping model weights frozen.

We instantiate the framework with four compo-
nents: (i) a 3D-to-2D Projector (R), (ii) a Trans-
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Figure 2: Overview of our 3D Visual Prompting framework. The framework enables 3D-guided image editing
and video generation with pretrained 2D generative models, without architectural changes or fine-tuning. To bridge
3D inputs and existing 2D generative models, we project 3D Visual Prompts into 2D views and translate them into
text instructions. The framework consists of two stages: an ICSR-based training phase and an inference phase using
the distilled meta-strategy, enabling stronger 3D-aware generation without modifying the underlying models.

lator (T ), (iii) a Generator (G ), and (iv) a Veri-
fier (V ). The pipeline has two stages: a Training
Phase, where the system calibrates spatial reason-
ing using ground-truth outputs, and an Inference
Phase, where it performs high-fidelity synthesis in
a single pass using summarized knowledge.

It should be noted, however, that our frame-
work is modular, and in principle, each component
can be implemented with arbitrary models. Al-
though these roles could be unified within a single
model, we deliberately separate the Translator and
the Generator to disentangle intent understanding
from media generation. This design is motivated
by the widely observed gap between discriminative
and generative capabilities in existing models. In
particular, feeding a single model with both mul-
tiple projected 2D views of a 3D Visual Prompt
and conditioning images can easily confuse and
degrade performance.

4.2 System Components
3D-to-2D Projector (R): Since MLLMs primar-
ily operate on 2D visual inputs, we introduce a
transformation R that projects annotated 3D spaces
into a unified 2D observable format X . We define
the visual input set as:

X = R(S0 ⊕ P 3D), I0 ⊕ P 2D. (1)

Using the 3D scene S0 as the underlying scene
representation, R renders 3D Visual Prompts P 3D

such as object trajectories. Simultaneously, the
source image I0 is augmented with 2D-specific
prompts P 2D to provide localized semantic con-
text. By aggregating these into X , our framework

enables joint reasoning over explicit 3D intent and
the corresponding 2D semantic context.

Translator (T ): The MLLM-based Translator
T performs two-step reasoning: intent extraction
and prompt synthesis. It analyzes X to produce an
explicit textual interpretation of the 3D intent tint
and a generative text prompt tgen:

(tint, tgen) = T (X). (2)

The representation tint explicitly describes 3D kine-
matics, ensuring spatial requirements are decou-
pled from the specific linguistic style of tgen.

Generator (G ): Using the source frame I0 and
the synthesized prompt tgen, a 2D generative model,
which we refer to as a Generator G , produces the
final edited image or generated video Ŷ ∈ Î , V̂ :

Ŷ = G (I0, tgen). (3)

We note that the Generator G can be any visual
generative model that uses text prompts as condi-
tioning, and the framework does not require any
parameter updates.

Verifier (V ): The MLLM-based Verifier V eval-
uates Ŷ using a checklist tchecklist generated by
comparing I0 with the ground-truth target output
Y . Guided by tchecklist, it diagnoses the output
media Ŷ :

tfb = V (I0, tint, tgen, Ŷ , Y ; tchecklist). (4)

V identifies whether a discrepancy stems from a
misinterpretation of 3D intent or a failure in prompt
engineering, providing grounded diagnostic feed-
back tfb.
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Algorithm 1 Training via Iterative ICSR
Require: Samples {Xi}Ni=1, where Xi = (I0,i, Xi, Yi);

maximum trials K
Ensure: meta-strategyHmeta

1: Hdataset ← ∅
2: for each sample Xi ∈ {Xi}Ni=1 do
3: H(0)

sample ← ∅
4: tchecklist ← InitChecklist(I0,i, Yi)
5: for k = 1 to K do
6: (t

(k)
int , t

(k)
gen)← T (Xi;H(k−1)

sample)

7: Ŷ (k) ← G (I0,i, t
(k)
gen)

8: t
(k)
fb ← V (I0,i, t

(k)
int , t

(k)
gen, Ŷ

(k), Yi; tchecklist)

9: H(k)
sample ← H

(k−1)
sample | t

(k)
fb

10: Hdataset ← Hdataset | (t(k)gen, t
(k)
fb )

11: if t(k)fb is success or k = K then
12: break
13: end if
14: end for
15: end for
16: Hmeta ← D(Hdataset)
17: returnHmeta

4.3 Training and Inference Phases
Our framework is designed to bridge the gap be-
tween complex 3D intent and 2D generative priors
by transferring optimized strategies from a training
phase to an efficient inference stage.

4.3.1 Training Phase: Iterative ICSR
The training phase aims to synthesize a universal
meta-strategy Hmeta by summarizing the history of
self-correction processes across N training samples
{Xi}Ni=1. Each sample is defined as a tuple Xi =
(I0,i, Xi, Yi). As shown in Algorithm 1, the model
undergoes an iterative refinement loop for each Xi

to bridge the gap between the generated output Ŷi
and the ground-truth Yi by analyzing the context in
Xi.

Feedback Accumulation: For each training sam-
ple Xi, the system executes an In-Context Self-
Refinement (ICSR) loop. The Translator T relies
on a sample-wise refinement history H(k−1)

sample =

[t
(1)
fb , . . . , t

(k−1)
fb ] that accumulates linguistic cri-

tiques across K trials to guide the next iteration:

1. Translation: In iteration k, the Translator T
analyzes the visual input Xi and the preceding
refinement history to synthesize the 3D intent
and generative prompt:

(t
(k)
int , t

(k)
gen) = T (Xi;H(k−1)

sample). (5)

2. Verification: The Verifier V assesses the gen-
erated output Ŷ (k) against the ground-truth Yi.
It produces diagnostic feedback t

(k)
fb , which

pinpoints specific spatial or structural discrep-
ancies.

3. History Update: If the output is suboptimal,
t
(k)
fb is appended to the sample’s refinement

history: H(k)
sample = H(k−1)

sample | t
(k)
fb , where | de-

notes sequence concatenation. This updated
context provides immediate refinement guid-
ance for the subsequent trial.

History Summarization: Upon completing the
iterative loops for all N samples, the aggregated re-
finement trajectories and feedback are collected
into a dataset-wise refinement history Hdataset.
The History Summarizer D performs a meta-
analysis on Hdataset to synthesize the final meta-
strategy Hmeta:

Hmeta = D(Hdataset). (6)

4.3.2 Inference Phase
During inference, the system operates in two dis-
tinct modes depending on the application of prior
knowledge:

Zero-Shot Generation: In this baseline config-
uration, the Translator T interprets the 3D visual
input X to synthesize a generative prompt without
external guidance, as shown in Eq. (2).

Meta-Strategy-Guided Generation: To achieve
superior instruction-following, the Translator’s con-
text is augmented with the meta-strategy Hmeta.
This acts as a strategic anchor, allowing the
model to produce high-fidelity outputs by apply-
ing lessons distilled from training-time refinement
without requiring iterative trials at test time:

(tint, tgen) = T (X;Hmeta). (7)

5 Experiments

To verify the effectiveness of our method, we
conduct quantitative evaluations on image-editing
tasks involving object translation and rotation, as
well as on video-generation tasks conditioned on
an initial frame depicting human motion along the
depth axis. We also provide qualitative results for
both image editing and video generation.

5.1 Evaluation Datasets and Metrics
Image Editing. We evaluated our framework
for 3D-guided image editing on the OBJECT

dataset (Michel et al., 2023), which includes 1, 024
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Translation Rotation

Samples Method Generator CLIP↑ PSNR↑ SSIM↑ LPIPS↓ CLIP↑ PSNR↑ SSIM↑ LPIPS↓

All
1,024

Object 3DiT (Michel et al., 2023) SD-based – 14.400 0.262 0.498 – 16.293 0.372 0.445
In-Video Instruction (Fang et al., 2025) Gemini 0.920 32.720 0.701 0.274 0.901 32.259 0.698 0.266
Ours (w/o Train) Gemini 0.933 34.361 0.864 0.201 0.932 34.409 0.861 0.187
Ours (w/ Train) Gemini 0.937 34.768 0.869 0.191 0.941 35.434 0.872 0.172
Ours (w/ Train) GPT 0.910 33.318 0.813 0.238 0.909 32.788 0.825 0.218

Challenging
100

Ours (w/o Train) Gemini 0.895 27.781 0.756 0.310 0.880 27.381 0.712 0.336
Ours (w/ Train) Gemini 0.920 30.638 0.799 0.255 0.907 29.930 0.770 0.272

SD-based: Stable Diffusion-based; Gemini: gemini-3-pro-image-preview; GPT: GPT-Image-1.5.

Table 1: Quantitative results on image editing tasks on the OBJECT dataset (Michel et al., 2023).

Input Ours
In-Video 
Instruction

3D Visual Prompt
(Top view) Ground-Truth

Figure 3: Image-editing results on the OBJECT dataset.
Top two rows: translation; bottom two rows: rotation.

Input 3D Visual Prompt Ours 3D-Fixup

Figure 4: Qualitative comparison with the 3D-
Fixup (Cheng et al., 2025).

instances each for the translation and rotation tasks.
We extracted refinement histories using the pro-
posed Iterative ICSR on the training split and eval-
uated performance on the unseen test split to as-
sess generalization. We used CLIP (Radford et al.,
2021), PSNR, SSIM (Wang et al., 2004), and
LPIPS (Zhang et al., 2018) as evaluation metrics.

Video Generation. For video generation, we
used samples from the IDEA400 subset of Mo-
tionX (Zhang et al., 2025; Lin et al., 2023). We
selected 510 videos longer than five seconds with
unique action labels and split them into 15 training
and 495 test samples for four-second video gener-
ation. For evaluation, we uniformly sampled 60

Samples Method Generator V-CLIP↑ V-PSNR↑

All
495

In-Video – 0.893 28.598
Ours (w/o Train) Veo3.1 0.918 30.167
Ours (w/ Train) Veo3.1 0.921 30.912
Ours (w/ Train) Wan2.2 0.928 31.676

Challenging
100

Ours (w/o Train) Veo3.1 0.899 26.023
Ours (w/ Train) Veo3.1 0.910 28.409

Veo3.1: veo-3.1-fast-generate-preview; In-Video: In-Video Instruction.

Table 2: Quantitative results on video generation tasks
on the Motion-X dataset (Zhang et al., 2025; Lin et al.,
2023).

3D Visual Prompt
for Ours

3D Visual Prompt
for Ours

Figure 5: Video generation results on the Motion-X
dataset.

frames from both the ground-truth and generated
videos, computed CLIP and PSNR for each corre-
sponding frame pair, and averaged the scores over
all sampled frames. We denote these metrics as
V-CLIP and V-PSNR, respectively.

5.2 Implementation Details
Since our proposed framework is modular, the
Translator, Generator, and Verifier can all be uti-
lized as plug-and-play components. Specifically,
any Generator that accepts text prompts and an im-
age as input can be integrated without fine-tuning
its parameters, regardless of whether it is an open-
source or closed-source model. We employed
gemini-3.1-pro-preview (Google, 2026b) for
both the Translator and Verifier. For the 3D-to-2D
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Train Translator Verifier CLIP↑ PSNR↑ SSIM↑ LPIPS↓
✗ Gemini – 0.895 27.781 0.756 0.310
✓ Gemini Gemini 0.920 30.638 0.799 0.255
✓ Gemini GPT 0.938 30.678 0.816 0.235
✗ GPT – 0.931 30.653 0.818 0.237
✓ GPT GPT 0.934 30.858 0.819 0.232
✓ GPT Gemini 0.932 30.506 0.817 0.236

✗ Qwen – 0.915 28.917 0.792 0.279
✓ Qwen Qwen 0.918 29.755 0.812 0.262

Gemini: gemini-3.1-pro-preview; GPT: GPT-5.1; Qwen: Qwen3-VL-8B-Instruct.

Table 3: Ablation on Translator and Verifier models.

Train Summarizer # Tokens CLIP↑ PSNR↑ SSIM↑ LPIPS↓
✗ – – 0.895 27.781 0.756 0.310
✓ Gemini 661 0.927 29.641 0.803 0.245
✓ GPT 1,127 0.920 30.638 0.799 0.255
✓ None (Direct) 8,825 0.929 30.356 0.813 0.239

Gemini: gemini-3.1-pro-preview; GPT: GPT-5.1.

Table 4: Ablation on History Summarizer model. To-
kens denote the length of the resulting meta-strategy,
measured using cl100k_base (OpenAI, 2022).

Projector, we first lifted the source image into a 3D
representation using MoGe-2 (Wang et al., 2025c).
Within this reconstructed space, we annotated 3D
motions for target subjects using Blender (Cohen
et al., 2025).

Unless otherwise specified, we used two ren-
dered images for the 3D Visual Prompt (i.e., the
front and top views) and adopted the image labeled
Final centroid position as the 2D Visual Prompt.
For the w/ Train setting, we used History Summa-
rization based on 15 training samples and 5 ICSR it-
erations, where the best and worst iterations of each
sample were selected based on a combined metric
score (CLIP +PSNR/50+SSIM −LPIPS)
and summarized by GPT-5.1 (OpenAI, 2025a). We
resized all output images or frames to the ground-
truth resolution using bilinear interpolation and
computed the metrics at the unified resolution.

5.3 Results on Image Editing Tasks

Tab. 1 reports the results using gemini-3-pro-
image-preview and GPT-Image-1.5 (OpenAI,
2025b). Our method substantially outperforms Ob-
ject 3DiT and In-Video Instruction, demonstrating
strong 3D-aware editing performance without tun-
ing the underlying generative model. Notably, our
zero-shot setting (w/o Train) already surpasses the
baselines, while meta-strategy-guided generation
(w/ Train) further improves performance.

The improvement is more pronounced on
challenging samples: among the 100 lowest-
performing samples under w/o Train, selected

Train History Sel. CLIP↑ PSNR↑ SSIM↑ LPIPS↓
✗ – 0.895 27.781 0.756 0.310
✓ Best-Worst 0.920 30.638 0.799 0.255
✓ Random 0.932 29.979 0.803 0.246
✓ All 0.925 29.801 0.802 0.245

Table 5: Ablation on training history selection, compar-
ing three strategies for selecting prompt–feedback pairs.

Train Sample Sel. CLIP↑ PSNR↑ SSIM↑ LPIPS↓
✗ – 0.895 27.781 0.756 0.310
✓ Random 0.920 30.638 0.799 0.255
✓ Diversity 0.928 29.643 0.804 0.248
✓ Nearest-Neighbor 0.932 29.908 0.806 0.246
✓ Metric 0.927 29.940 0.806 0.244

Table 6: Ablation on training sample selection. Each
strategy selects 15 of 100 candidates. Random randomly
selects samples, Diversity selects samples with diverse
similarity to the test input, Nearest-Neighbor selects the
most similar samples, and Metric selects samples with
the highest combined metric scores.

based on the combined metric score (CLIP +
PSNR/50+SSIM−LPIPS), the performance
gap between w/o and w/ Train increases substan-
tially. We provide further analysis with varying
numbers of challenging samples in Appendix B.

We attribute the advantage over In-Video Instruc-
tion to two main factors. First, directly overlaying
instructions on the conditioning image can degrade
generation quality, as the instructions may remain
in the output. Second, relying solely on 2D vi-
sual cues is susceptible to 3D ambiguity, partic-
ularly in translation, leading to incorrect motion
directions (Fig. 3). Fig. 4 further provides a qual-
itative comparison with 3D-Fixup (Cheng et al.,
2025). Since its code is not publicly available, we
restrict the comparison to qualitative results. Over-
all, despite not fine-tuning the underlying genera-
tive model, our method achieves 3D-aware editing
performance qualitatively comparable to that of
3D-Fixup, which is fine-tuned for this task, while
preserving source image quality.

5.4 Results on the Video Generation Task

Tab. 2 reports the results of our method using
either veo-3.1-fast-generate-preview (Deep-
Mind, 2024) (hereafter Veo3.1) or Wan2.2 (Wan
et al., 2025), together with a quantitative com-
parison against In-Video Instruction, a baseline
designed for controllable video generation. On
Veo3.1, our method substantially outperforms the
baseline even in the w/o Train setting, and perfor-
mance further improves slightly in the w/ Train
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Train # Samples CLIP↑ PSNR↑ SSIM↑ LPIPS↓
✗ – 0.895 27.781 0.756 0.310
✓ 5 0.926 29.546 0.802 0.250
✓ 15 0.920 30.638 0.799 0.255
✓ 30 0.926 29.780 0.801 0.253

Table 7: Ablation on the number of training samples.

Train # Iterations CLIP↑ PSNR↑ SSIM↑ LPIPS↓
✗ – 0.895 27.781 0.756 0.310
✓ 5 0.920 30.638 0.799 0.255
✓ 10 0.933 30.217 0.808 0.237

Table 8: Ablation on the number of ICSR iterations.

setting. We additionally report results with Wan2.2,
where the proposed framework yields strong per-
formance, suggesting compatibility with different
video generation models. The performance im-
provement from w/o Train to w/ Train becomes
more pronounced for the worst-performing sam-
ples in the w/o Train setting, consistent with the
trend observed in the image editing results.

The reason for the performance gap between the
baseline and our method becomes clear from the
qualitative results in Fig. 5. In In-Video Instruction,
the 2D Visual Prompts written directly on the ini-
tial frame are often interpreted as part of the scene
and remain visible, leading to unintended motion.
Moreover, because the method relies solely on 2D
guidance, it is more susceptible to depth ambigu-
ity and may misinterpret occlusion relationships,
resulting in incorrect motion paths. In contrast,
our method captures the front–back relationships
among surrounding objects, leading to more accu-
rate motion generation.

5.5 Ablation Study
We comprehensively evaluate key components and
design choices of our framework on the image-
editing translation task using the 100 challenging
samples defined above.

MLLM Selection. We evaluate different
MLLMs for the Translator and Verifier, includ-
ing gemini-3.1-pro-preview, GPT-5.1, and
Qwen3-VL-8B-Instruct (Bai et al., 2025), as well
as cross-model configurations. As shown in Tab. 3,
w/ Train settings consistently outperform their
corresponding w/o Train settings across different
MLLMs, demonstrating that our framework
is not tied to a specific MLLM and supports
plug-and-play model replacement. Meanwhile, the
observed performance differences across MLLMs
suggest that our framework may further benefit

# Rendered Images CLIP↑ PSNR↑ SSIM↑ LPIPS↓
2 (front & top) 0.895 27.781 0.756 0.310
3 (front & top & side) 0.930 29.786 0.795 0.257

Table 9: Ablation on the number of rendered images.

Factor Compared Settings Preferred Preference

Visual Prompt 3D vs. 2D 3D 78%
Training w/ vs. w/o Train w/ Train 71%

Table 10: Pairwise preference evaluation using GPT-5.1.
3D vs. 2D is evaluated w/o Train, while w/ vs. w/o Train
is evaluated with 3D Visual Prompts.

from future advances in MLLM capabilities. The
results in Tab. 4 show comparable performance
between Gemini and GPT, indicating limited
sensitivity to the summarizer choice, while both
substantially reduce context length compared with
direct history input.

Training History Selection. We compare strate-
gies for selecting prompt–feedback pairs from the
training histories. As shown in Tab. 5, all strate-
gies achieve comparable performance, suggesting
that selecting a compact subset can maintain per-
formance while potentially reducing the input cost
associated with redundant histories.

Training Sample Selection. We further examine
the selection of training samples from the candidate
set. As shown in Tab. 6, all strategies substantially
outperform the w/o Train setting, with relatively
small differences among them, suggesting that the
performance improvement is not strongly depen-
dent on the sample selection strategy.

Training Configuration. As shown in Tab. 7,
performance improves with only five training sam-
ples, demonstrating the effectiveness of our frame-
work with limited training data. Tab. 8 further
shows that increasing the number of iterations from
5 to 10 tends to improve performance overall, al-
though the differences remain relatively small, sug-
gesting that five iterations are sufficient to achieve
most of the improvement.

3D Visual Prompt Design. Tab. 9 shows that in-
creasing the number of rendered viewpoints from
two to three tends to improve performance. This
suggests that additional viewpoints can help inter-
pret 3D spatial information.

Spatial Expressiveness. We conduct a pairwise
preference evaluation using GPT-5.1 to examine
whether 3D Visual Prompts and ICSR improve the
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3D Visual Prompt Generated Video

Figure 6: Advanced application examples.

Train Perturbation CLIP↑ PSNR↑ SSIM↑ LPIPS↓
✗ None (Default) 0.895 27.781 0.756 0.310
✓ None (Default) 0.920 30.638 0.799 0.255
✓ Quantization (Lv. 100) 0.921 30.083 0.796 0.259
✓ Quantization (Lv. 10) 0.927 30.446 0.808 0.243
✓ Noise ([0, 50)) 0.929 30.321 0.806 0.245
✓ Noise ([0, 150)) 0.925 30.115 0.801 0.252

Table 11: Robustness to perturbations in 3D Visual
Prompts. Quantization discretizes the depth dimension
into 100 or 10 levels. Noise adds uniform noise within
the specified range to each rendered image pixel.

Input method Time (s) V-CLIP↑ V-PSNR↑
Text Prompting 143.4 - -
2D Visual Prompting 21.9 0.876 29.537
3D Visual Prompting 25.0 0.923 32.129

Table 12: Usability analysis on input methods.

spatial expressiveness of the prompts generated by
the Translator. As reported in Tab. 10, 3D Visual
Prompts are preferred over 2D Visual Prompts in
78% of comparisons, while w/ Train is preferred
over w/o Train in 71%. These results support our
framework as a general interface layer for convey-
ing 3D intent to frozen 2D generative models.

5.6 Robustness Analysis

We evaluate robustness to perturbations in 3D Vi-
sual Prompts on the same 100 challenging samples
(Tab. 11). Performance remains comparable to the
unperturbed w/ Train setting across different per-
turbations, with all perturbed settings consistently
outperforming w/o Train across all metrics. These
results indicate that the MLLM can effectively in-
terpret 3D Visual Prompts even with noisy depth,
and that highly accurate 3D reconstruction is not
required. This robustness may also stem from our
framework not directly feeding noisy 3D Visual
Prompts into the generative models.

5.7 Usability Analysis

We conducted a usability study with four non-
author participants, each using three input methods
on five video-generation tasks: Text Prompting,
GUI-based 2D Visual Prompting, and GUI-based
3D Visual Prompting. Tab. 12 indicates that text
prompting requires substantially more input time
than both Visual Prompting methods, while 3D
Visual Prompting achieves higher fidelity than 2D
Visual Prompting with a small input-time overhead.

5.8 Advanced Applications

In the preceding experiments, we restricted the
evaluation to simple geometric transformations to
enable quantitative comparison. However, a key
strength of our method lies in its ability to support
more flexible forms of manipulation. To demon-
strate this, we further applied our approach to video
generation using more advanced hand-drawn 3D
Visual Prompts. Fig. 6 shows representative re-
sults. These examples suggest that our method can
accommodate expressive free-form user inputs.

6 Conclusion

In this paper, we introduced 3D Visual Prompting,
a model-agnostic framework for 3D-aware visual
manipulation. By integrating intuitive 3D geomet-
ric constraints into existing 2D generative models,
our method enables precise 3D-aware control over
image and video generation. Moreover, incorpo-
rating In-Context Self-Refinement (ICSR) enables
more accurate single-pass 3D control without mod-
ifying the underlying architecture. Extensive exper-
iments demonstrate consistent improvements over
conventional 2D Visual Prompting across image
and video tasks, as well as the flexibility and ro-
bustness of our framework across different models
and design choices.
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Limitations

Our framework is fully modular: the Generator,
Translator, and Verifier can all be replaced without
fine-tuning. However, this flexibility also means
that the overall system performance depends heav-
ily on the capabilities of the selected models. There-
fore, to achieve high-precision visual manipula-
tion, it is necessary to select models that are well
matched to the target task. As our experiments
suggest, this does not require models explicitly
trained to be 3D-aware, but it does require suffi-
ciently strong visual understanding and generation
capabilities.

This limitation is particularly clear when the
component models are mismatched to the task. For
example, a Generator specialized for style trans-
fer is unlikely to handle motion-related edits, such
as object translation, effectively. Likewise, if the
Translator or Verifier fails to correctly interpret
Visual Prompts—for instance, by misreading the
direction of an arrow—the system may produce
incorrect outputs. In practice, reliable performance
depends on strong generative models, such as those
adopted in this work.

However, this dependency also highlights an im-
portant advantage of our framework. Because it
does not rely on task-specific fine-tuning, it can
directly benefit from advances in general-purpose
MLLMs and generative models. As these models
continue to improve and become more accessible,
the overall system can improve accordingly without
any modification to the framework itself.

Ethical Considerations

Our framework is designed to enable flexible visual
manipulation and is not intended to cause direct
negative social impacts. Nevertheless, its use is
ultimately determined by the user, and its outputs
depend on the behavior of the underlying models
incorporated into the system. As a result, harmful
or offensive images and videos may still be gener-
ated under certain inputs or model configurations.

Accordingly, users should be aware of these po-
tential risks and use the system responsibly. In par-
ticular, the framework should not be deliberately
used to generate abusive, harmful, or otherwise in-
appropriate content targeting specific individuals.
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A Implementation Details of the 3D-to-2D
Projector

2D-to-3D Lifting. For lifting the source image
into a point cloud, we use MoGe (Wang et al.,
2025c) and perform floor alignment based on per-
centile statistics. This floor alignment ensures that,
regardless of the input capture conditions, the ren-
dered views, such as the front and top views, are
geometrically consistent; specifically, the angle be-
tween the ground plane and the optical axis of the
rendering camera is kept constant.

Camera Look-at Point in Blender. The cam-
era look-at point is determined according to the
availability of a clearly identifiable target object.
When the target category can be explicitly specified,
we apply segmentation with SAM3 (Carion et al.,
2025) and use the centroid of the segmented point
cloud as the look-at point. Since the Motion-X
dataset targets only humans, we adopt this strat-
egy for that dataset. In contrast, for the OBJECT

dataset, we use the centroid of the entire point cloud
as the look-at point.

3D-to-2D Rendering Camera Transformation.
We define the front, top, and side views using two
elliptical camera orbits centered on the target object
in Blender coordinates: a vertical orbit on the XZ
plane and a horizontal orbit lying on a plane par-
allel to the XY plane. To improve the visibility of
the 3D Visual Prompt, the front view is placed on
the horizontal orbit with an elevation offset of 30%
along the vertical direction (for Motion-X, we use
10% instead). The top view is taken from a major-
axis vertex of the horizontal orbit. The side view is
taken from a major-axis vertex of the vertical orbit
that passes through the front-view position. For
each dataset, the axis lengths of the elliptical orbits
are determined empirically based on the distance
between the target object and the source camera,
such that the rendered view covers approximately
2× to 4× that distance. When a larger number of
rendered views is required, we render images by
moving the camera at uniform intervals along these
orbits. All 2D renderings are performed at a fixed
resolution of 1024× 768.

B Analysis on Challenging Samples

We further analyze the effect of ICSR on chal-
lenging samples by varying the size of the worst-
performing subset. Specifically, we rank samples
based on the combined metric score (CLIP +

PSNR/50 + SSIM − LPIPS) under the w/o
Train setting and evaluate w/ Train and w/o Train
on the worst-K samples for different values of K.

Figures 7a and 7b demonstrate that the perfor-
mance gap between w/ Train and w/o Train is con-
sistently larger for smaller K across the image-
editing translation and rotation tasks. As K in-
creases to include easier samples, the gap gradually
decreases across the evaluation metrics. A similar
trend is observed for video generation in Fig. 8,
where the improvement from training is particu-
larly pronounced for smaller worst-K subsets.

These results indicate that ICSR is particularly
effective on challenging samples where the zero-
shot setting struggles, while maintaining improve-
ments as the evaluation expands to a broader set of
samples.

C Details of Usability Analysis

C.1 Participants and Consent

Four participants were voluntarily recruited
through personal contacts without compensation.
Before participation, all participants received a
written description of the study and provided writ-
ten informed consent. Participants were informed
that they could withdraw their consent at any time
without disadvantage.

We collected only the inputs produced during the
study (i.e., text prompts or drawn trajectories) and
the time required to complete each input. Partici-
pants were informed that the collected data would
be used only for research purposes and that re-
sults reported in academic publications would be
anonymized or aggregated.

C.2 Instructions and Interface

Instructions Given to Participants. We pro-
vided the following task instructions to all partic-
ipants before the study. The original instructions
were provided in Japanese; we report an English
translation below.
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(a) Image-editing translation task.
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(b) Image-editing rotation task.

Figure 7: Effect of ICSR on challenging samples for image editing. Performance on the worst-K samples ranked
under the w/o Train setting. Smaller K corresponds to more challenging samples.
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Figure 8: Effect of ICSR on challenging samples for
video generation. Performance on the worst-K sam-
ples ranked under the w/o Train setting. Smaller K
corresponds to more challenging samples.

In this study, you will watch a four-second
video of a person moving and create an
input for generating a video with the same
motion.
You will use each of the following three
input methods for five videos:

- Text Prompt: Enter an English text
prompt describing the motion.
- 2D Visual Prompt: Draw an arrow on a
two-dimensional image.
- 3D Visual Prompt: Draw an arrow in
three-dimensional space.

Before the experiment, you will complete
several practice trials. Once the
experimenter starts the application on the
PC, please begin creating the input.

This experiment is not intended to
assess your individual abilities. If you
experience any physical or psychological
discomfort during the experiment, please
inform the experimenter. You may stop the
experiment at any time.

Interface and Generation Procedure. Fig. 9
shows the interfaces used for 2D and 3D Visual
Prompting.

Text Prompting. Participants watched the refer-
ence video and typed an English prompt to describe
its motion. The text prompt was directly used as
input for video generation.

2D Visual Prompting. Participants watched the
reference video and drew an arrow directly on its
first frame, as shown in Fig. 9a. For video genera-
tion, the arrow was overlaid on the first frame, and
the resulting image was directly used as input.

3D Visual Prompting. Participants watched the
reference video and drew an arrow on a top-view
projection obtained by lifting the first frame into
3D. Since the Motion-X samples used in our study
primarily involved planar motion, the top view
served as a suitable default for specifying motion.
As shown in Fig. 9b, we also provided an interac-
tive 3D visualization tool that allowed participants
to inspect the lifted scene and projected arrow. The
specified 3D Bézier curve was then re-rendered in
Blender and used as a 3D Visual Prompt. The re-
sulting prompt was processed by our framework
with the w/ Train setting to generate the video.

D Details of Pairwise Preference
Evaluation

For the pairwise preference evaluation, we use
GPT-5.1 with high reasoning effort to compare
the final editing prompts produced by two settings.
To avoid bias toward a particular method, the two
prompts are presented anonymously as Prompt A
and Prompt B. The evaluator is instructed to se-
lect the prompt that expresses the intended mo-
tion more three-dimensionally based solely on the
prompt text. We apply this evaluation to compare
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3D and 2D Visual Prompts and to compare w/ Train
and w/o Train. The evaluator returns the preferred
prompt together with a one-sentence justification
in JSON format. The evaluation prompt is shown
below:

You compare two short English editing
prompts for an image model.
Decide which prompt expresses motion more
three-dimensionally.

Do not assume either label corresponds
to any particular pipeline. Base your
judgment only on the text.

Prompt A:
—
{Prompt A}
—

Prompt B:
—
{Prompt B}
—

Reply with a single JSON object and
nothing else:
{"winner":"A" or "B","reason":"one short
sentence"}

E Prompt Templates

Figures 10–23 present the prompts provided to the
Translator, Verifier, and History Summarizer.
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(a) Example interface for 2D Visual Prompting.

(b) Example interface for 3D Visual Prompting.

Figure 9: Interfaces used in the usability study. In 2D Visual Prompting, participants draw an arrow directly on
the first video frame. In 3D Visual Prompting, participants draw an arrow on the top-view projection of the lifted
scene while inspecting its 3D visualization.
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# Role:
You are a helpful assistant for 3D-aware {image editing/video generation} tasks.
Your goal is to generate an optimized prompt for the intended 3D-aware {image editing/video
generation}.
To achieve this, first you need to understand the editing intention and the source image{ (the
first frame of the video)}, then generate an optimized prompt.

Figure 10: System prompt template for the Translator

# Step1 [Source Image Analysis]:
You are given a source image before editing. Analyze the source image following the instructions
below.

## Visual Contexts:
- Source Image (The image before the motion. We define the camera that captured this image as
the "Reference Camera.")

## Task:
1. Describe the location of the category(s) and orientation in the source image in detail. Be
careful not to become ambiguous depending on the viewpoint.
2. Please interpret the meaning of any visual cues or text added to the image.

Figure 11: User Prompt template for the Translator: Step 1

# Step2 [Motion Description]:
The {category}(s) begin moving or rotating from the position shown in the Source Image. Analyze
the motion following the instructions below.

## Visual Contexts:
- **Point Cloud:** The point cloud from the Source Image viewed from different perspectives.
{description of visual prompts}
- **Camera Frustum Marker:** Indicates the Reference Camera’s position and orientation for the
Source Image.

## Expected Motion Indicators:
Interpret the movement by identifying which of the following indicators are present (one or more
may appear). Identify by Color.
- **Red** Arrow: The arrow head indicates the {category}(s)’s expected motion trajectory.
- **Cyan** Triangle: The apex of the triangle indicates the {category}(s)’s expected orientation
change at specific points along the trajectory.
- **Green** Circular Arrow: Indicates that the {category}(s) spins on the spot. The arrow’s
direction and angle define the spin’s rotation.

## Task:
Describe the {category}(s)’s 3D movement in detail while also taking into account the interpreted
meaning of the visual cues provided in the Source Image. Focus specifically on the depth-wise
final position/orientation relative to the initial state.
Be careful not to become ambiguous from different viewpoints. Use forward to describe the
direction closer to the camera, and backward to describe the direction farther from the camera.

Figure 12: User prompt template for the Translator: Step 2

47071



# Step3 [Prompt Generation]:
Create a clear and concise prompt that is optimized for {model_name} for {image editing/video
generation} while following the instructions below.

{Meta-Strategy}

## Strict Constraints:
- NO mention of texts, arrows, marks, or symbols overwritten on the image or point cloud (e.g.,
"moving toward the red marker").
- NO adding texts, arrows, marks, or symbols that were not in the original image (e.g., "add a
blue marker to the image").
- Avoid creating too long or too complex a prompt.

## Task:
Summarize the {category}(s)’s 3D movement and camera motion as a prompt while focusing on the
depth-wise final position/orientation relative to the initial state.
If there was no mention of camera motion, assume the camera is stationary. Use the surrounding
objects as reference points for your description.

Figure 13: User prompt template for the Translator: Step 3

# Step4 [Feedback-based Revision] (Loop):
{An image/A video} was generated using the prompt you just created, and a Verifier assessed
whether the generated {image/video} met the expected outcome. Revise the prompt based on the
feedback while following the instructions below.

## Verifier Feedback on the Generated {image/video}
"{feed_back}"

## Strict Constraints:
- NO mention of texts, arrows, marks, or symbols overwritten on the image or point cloud (e.g.,
"moving toward the red marker").
- NO adding texts, arrows, marks, or symbols that were not in the original image (e.g., "add a
blue marker to the image").
- Avoid creating too long or too complex a prompt.

## Task:
Fix only the problematic parts of the previous prompt based on the feedback, and create a prompt
that is optimized for {model_name} for {image editing/video generation}.
If there are no significant issues, please paraphrase and recreate the whole prompt while
preserving its intent.

Figure 14: User prompt template for the Translator: Step 4

# Role:
You are a strict verifier responsible for the verification of 3D-aware {image editing/video
generation} models.

Figure 15: System prompt template for the Verifier
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# Step1 [Checklist Generation] Task:
Generate a comprehensive verification checklist to evaluate if a "Generated Image" (to be
provided in the next step) has successfully transformed the "Source Image" to match the "Target
Image".
The checklist must facilitate a three-way comparison between the Source Image, the Target Image,
and the Generated Image.

## Visual Contexts:
A concatenated image is provided for comparison:
- Left: The Source Image (Before editing)
- Right: The Target Image (Desired edited result)
The {category} undergoes a specific transformation (e.g., translation, rotation) in the Target
Image relative to the Source Image. Carefully identify the transformation and generate a
checklist accordingly.

## Expected Motion (from prompt or prior analysis, if any):
- {category}: {expected_subject_motion}

## Requirements
- The checklist must consist of at least 60 items.
- Include at least 5 negative constraints.

## Output checklist format:
*checklist*
1. <question 1>
2. <question 2>
3. ...

Figure 16: User prompt template for the Verifier: Step 1 (Image Editing)

# Step1 [Checklist Generation] Task:
Generate a comprehensive verification checklist to evaluate how well a "Generated Video" (to be
provided in the next step) matches the "Target Video", using the first frame as the reference.
The checklist must facilitate a three-way comparison between the first frame, the Target Video,
and the Generated Video, frame by frame, sequentially.

## Visual Contexts:
{num_frames} sequential video frames are provided:
- Key Frames from Target Video (Desired generated video)
The {category} undergoes a specific transformation (e.g., translation, rotation) in the Target
Video. Carefully identify the transformation and generate a checklist accordingly.

## Expected Motion (from prompt or prior analysis, if any):
- {category}: {expected_subject_motion}
- Camera: {expected_camera_motion}

## Requirements
- The checklist must consist of at least 60 items.
- Include at least 5 negative constraints.
- Include verification of {category}’s motion and trajectory, according to the expected motion
and the Target Video.
- Include verification of the camera motion and perspective trajectory, according to the
expected motion and the Target Video.

## Output checklist format:
1. <question 1>
2. <question 2>
3. ...

Figure 17: User prompt template for the Verifier: Step 1 (Video Generation)

47073



# Step2 [Verification] Task:
Verify the generated image against the checklist by answering each checklist item.

## Visual Contexts:
A concatenated comparison is provided:
- Left: The Source Image (Before editing)
- Middle: The Target Image (Desired edited result)
- Right: The Generated Image (After editing)

## Output format:
*verification results*
1. <answer to the question 1> (If the answer is negative, provide a concise description (<= 20
words))
2. <answer to the question 2> (If the answer is negative, provide a concise description (<= 20
words))
3. ...

Figure 18: User prompt template for the Verifier: Step2 (Image Editing)

# Step2 [Verification] Task:
Verify the generated video against the checklist by answering each checklist item.

## Visual Contexts:
{num_frames} sequential video frames are provided.
- Key Frame from Generated Video (Actually generated video)

## Output format:
*verification results*
1. <answer to the question 1> (If the answer is negative, provide a concise description (<= 20
words))
2. <answer to the question 2> (If the answer is negative, provide a concise description (<= 20
words))
3. ...

Figure 19: User prompt template for the Verifier: Step2 (Video Generation)

# Step3 [Improvement Feedback] Task:
Provide improvement feedback on the prompt used for {image editing/video generation} based on
the verification results.
Do not enumerate or quote checklist questions in the feedback.

## Prompt used for {image editing/video generation}:
{prompt}

Figure 20: User prompt template for the Verifier: Step3
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# Task:
Analyze the provided JSON data, focusing on the motion description. Each sample has a "best"
pair (prompt that worked well and its feedback) and a "worst" pair (prompt that performed poorly
and its feedback). Based on these best vs worst examples, extract universal and generalized
principles for crafting effective {image editing/video generation} prompts.
**Set aside your usual assumptions, and focus your analysis on what can be directly inferred
from JSON data.**

# Output Format:
## Prompt Generation Guidelines

### 1. Good Motion Description Characteristics
* Identify key elements that lead to successful execution
* ...
### 2. Poor Motion Description Characteristics
* Identify common pitfalls that cause failure or AI confusion
* ...
### 3. Overall Characteristics of Best Prompts
* Optimal sentence length
* Writing style for maximum impact
* ...

# Data (best/worst pairs per record):
{
"samples": ...
}

Figure 21: User prompt template for the History Summarization with an MLLM

# Prompt Examples (All Attempts) The following JSON contains, per record, all attempts with
prompt and feedback.
Each sample has "record_name" and "attempts": a list of { "attempt": N, "prompt": "...",
"feedback": "..." }.
Use these examples when generating or analyzing prompts.

Figure 22: Prompt header for history summarization without an MLLM using full histories

# Prompt Examples
The following is the best/worst prompt and feedback pairs per record (JSON).
Each sample has "best" (prompt that worked well and its feedback) and "worst" (prompt that
performed poorly and its feedback).
Please refer to these examples when generating your prompts.

Figure 23: Prompt header for history summarization without an MLLM using best/worst histories
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