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Table 4. Evaluation with different base DMs (FLUX.1-dev [19], FLUX.1-schnell [19], SANA-1.5 4.8B [47]) on GenEval [11]. The
best and second best results are bolded and underlined. “Avg. #Samples Generated” and “Avg. #Calls VLM” indicate efficiency.

Diffusion ‘ Avg. Avg. ‘ GenEval Score
Methods Model’s | #Samples #Calls | Overall | Single Two Count- Colors Posit- Attribute

Steps / Size | Generated VLM Object Object ing ion Binding
FLUX.1-dev [19] 28/12B 1 0 0.67 099 0.81 0.75 0.80 0.21 0.48
+  T2I-Copilot [5] 28/12B 11.3 22.6 0.74 099 091 0.68 0.86  0.55 0.46
+ & ReflectionFlow [51] 28/ 12B 32 64 091 1.00 098 089 095 0.89 0.75
+  RAISE (Ours) 28/12B 18.6 7.3 0.94 1.00 100 095 098 0.3 0.87
FLUX.1-schnell [19] 4/12B 1 0 0.66 1.00  0.87 059 076  0.29 0.45
+  RAISE (Ours) 4/12B 18.7 7.3 0.93 1.00 1.00 093 098 0.83 0.85
SANA-1.54.8B [47] 20/4.8B 1 0 0.72 099 0.85 077 087 0.34 0.54
+  RAISE (Ours) 20/4.8B 19.4 7.7 0.93 1.00 100 0091 096  0.92 0.81

Table 5. Evaluation of RAISE with different base VLMs [1, 12, 39] on GenEval [11]. The best and second best results are bolded and
underlined. “Avg. #Samples Generated” and “Avg. #Calls VLM” indicate efficiency. & denotes proprietary models, ¢ denotes fine-tuned

open-source models, and  denotes frozen open-source models that do not require any additional fine-tuning.

‘ Avg. Avg. ‘ GenEval Score
Methods #Samples #Calls | Overall | Single Two Count- Colors Posit- Attribute
Generated VLM Object Object ing ion Binding
FLUX.1-dev [19] | 1 0 | 067 | 099 081 075 080 021 048
T2I-Copilot [5]
(" FLUX.1-dev [19] +  Mistral-Small-3.2-24B [1]) 11.3 226 | 0.74 099 091 068 0.86 055 0.46
ReflectionFlow [51]
(& FLUX.1-dev [19] + @ GPT-4o [15] + & Qwen2.5-VL-7B [2]) 32 64 091 100098 089 095 089 075
RAISE (- FLUX.I-dev [19] + + gemma-3-27b-it [12]) 18.4 72 0.92 1.00 099 093 097 0.78 0.86
RAISE (- FLUX.I-dev [19] + © Qwen3-VL-32B-Instruct [39]) 20.3 8.1 0.93 1.00 1.00 0091 094 0.89 0.83
RAISE (- FLUX.I-dev [19] + - Mistral-Small-3.2-24B [1]) 18.6 7.3 0.94 1.00 1.00 095 098 0.83 0.87

6. Additional Results
6.1. RAISE with Different Base Models

RAISE is a training-free and plug-and-play framework that
requires no additional tuning of either the diffusion model
(DM) or the vision—language model (VLM), allowing it to
be seamlessly applied to new DM base models and new
VLM base models. As shown in this section, RAISE is
model-agnostic and delivers consistent gains across both
types of base models, demonstrating efficient and general-
izable multi-round self-improvement.

Different Base Diffusion Models (DMs). Table 4 reports
the results of RAISE when paired with a range of DMs.
Across all tested DMs, which vary in model size, number of
diffusion steps, and generation quality, RAISE consistently

improves prompt—image alignment and achieves high over-
all GenEval scores of 0.93-0.94. These results indicate that
RAISE is robust to the choice of diffusion model and oper-
ates in a plug-and-play manner without any DM fine-tuning.

Different Base Vision-Language Models (VLMs). Table 5
summarizes the performance of RAISE when combined
with different VLM backbones. Across all tested VLMs,
which vary in family and parameter size, RAISE delivers
consistent improvements in alignment and strong overall
GenEval scores 0f 0.92-0.94. This shows that RAISE adapts
effectively to different VLM reasoning capabilities, despite
differences in architecture, scale, and training strategy. It
requires no VLM fine-tuning or proprietary models, high-
lighting its model-agnostic plug-and-play nature.



Table 6. Efficiency comparison on GenEval [11]. RAISE consistently achieves the highest GenEval score across budgets (Max #Samples
=38, 16, 32). At 32 samples, it requires 41.9% fewer samples generated and 88.6% fewer VLM calls on average than the second-best method.

Methods | GenEval Score | Max. #Samples Allowed | Avg. #Samples Generated | Max. #Calls VLM | Avg. #Calls VLM
FLUX.1-dev [19] | 067 | 1 | 1 | 0 \ 0
+  T2I-Copilot [5] 0.75 8 4.3 17 8.6
+ & ReflectionFlow [51] 0.86 8 8 16 16
+  RAISE (1 round) 0.89 8 8 3 3
+  T2I-Copilot [5] 0.75 16 6.9 33 13.8
+ & ReflectionFlow [51] 0.90 16 16 32 32
+  RAISE (2 rounds) 0.92 16 16 6 6
+  T2I-Copilot [5] 0.74 32 11.3 65 22.6
+ & ReflectionFlow [51] 0.91 32 32 64 64
+  RAISE (< 4 rounds) 0.94 32 18.6 14 7.3

6.2. Details on Efficiency and Adaptive-Scaling

As shown in Table 6 and Fig. 4, RAISE continues to im-
prove as the sampling budget increases (max number of sam-
ples allowed: 8, 16, 32), achieving the highest GenEval [11]
scores across all budget settings. RAISE achieves supe-
rior alignment while achieving better efficiency by dynami-
cally allocating computation. For example, with a max bud-
get of 32 samples, it generates 41.9% fewer samples (18.6
vs. 32) and requires 88.6% fewer VLM calls (7.3 vs. 64)
than training-based inference-time scaling approaches on
GenEval [11], while requiring no additional model training.

In contrast to reflection-tuned and other training-free
inference-time scaling methods that plateau early or fail to
improve with additional samples, RAISE maintains a strong
performance—efficiency Pareto frontier and achieves steady
gains through effective use of additional computation, high-
lighting the scalability of its requirement-driven, evolution-
ary multi-action refinement design.

The efficiency of RAISE stems from its requirement-
adaptive scaling, directing more computation to semanti-
cally complex prompts and converging early on easy ones.
For instance, RAISE on average generates 18.6 samples
on GenEval (see Table 6) while generating more samples
(21.2) on the more complex and reasoning-intensive Draw-
Bench [37] (see Table 2). In addition, as shown in the last
row of Table 7, RAISE adaptively invests additional sam-
ples in challenging categories of GenEval [11] such as Col-
ors, Position, and Attribute Binding, while minimizing re-
dundant refinements in other categories.

6.3. Results of Additional DMs on GenEval

Due to space constraints, Table | in the main paper
only show the top-performing diffusion models. The full
GenEval results including additional DMs [3, 6, 9, 27, 30,
41] are shown in Table 7.

6.4. Visualization of Evolutionary Search Path

In Fig. 5, we provide a step-by-step visualization of the
RAISE framework processing the input query: “a photo
of a bear above a clock”. This example demonstrates how
the evolutionary search navigates the multi-action refine-
ment search space by dynamically verifying requirements
and adapting diverse mutation strategies across rounds.

In round 1, RAISE resamples 4 images with the original
user prompt and 4 images with the rewritten prompt. RAISE
favors the user prompt (more typical clock) over the rewrit-
ten prompt (less obvious antique clock) and points out an is-
sue that the bear is behind the clock instead of above. Thus,
in round 2, RAISE rewrites the user prompt again and gen-
erates corresponding images. Surprisingly, one of the can-
didate images (second image in second row) “reveals” the
key requirement for producing the desired image—the bear
should stand on top of the clock. Therefore, RAISE retrieves
that candidate and further augments it with a suitable back-
ground and realistic appearance in round 3, resulting in an
image that faithfully satisfies the user’s need.

The multi-round search trajectory shows a progression
from broad exploration to fine-grained self-improvement.
Early rounds examine diverse interpretations of the prompt,
while later rounds apply focused adjustments guided by
structured requirement analysis and verification. This adap-
tive refinement process enables RAISE to converge toward
high-quality outputs that align with the semantic require-
ments while avoiding unnecessary computation.

7. RAISE Framework

Pseudocode. In Algorithm 1, we present the pseudocode of
our proposed RAISE framework, outlining its requirement-
driven multi-round evolutionary refinement process.
System Prompts and Source Code. The various agent
system prompts are shown in Fig. 6 (analyzer), Fig. 7 (gen-
eration rewriter), Fig. 8 (editing rewriter), and Fig. 9 (veri-
fier). For reproducibility, the attached supplementary mate-
rials include the complete source code.



Table 7. Quantitative comparison of RAISE on the GenEval benchmark [11] against diffusion models, unified multimodal models,
training-free inference-time scaling, and training-based reflection tuning methods. The best and second results are bolded and underlined,
respectively; category-best methods are also bolded. “Avg. #Samples Generated” and “Avg. #Calls VLM” indicate efficiency, and the last
row shows RAISE ’s adaptive allocation of more computation to harder categories such as “Colors”, “Position”, and “Attribute Binding”.

| Avg. Avg. | GenEval Score
Methods #S . . .
amples #Calls | Overall | Single Two Count- Colors Posit- Attribute
Generated VLM Object Object ing ion Binding
Diffusion Models
PixArt-a [6] 1 0 0.48 0.98 0.50 0.44 0.80  0.08 0.07
Emu3-Gen [41] 1 0 0.54 0.98 0.71 0.34 081 0.17 0.21
SDXL [30] 1 0 0.55 0.98 0.74 0.39 085 0.15 0.23
SD3 Medium [9] 1 0 0.62 0.98 0.74 0.63 0.67 0.34 0.36
JanusFlow [27] 1 0 0.63 0.97 0.59 0.45 0.83  0.53 0.42
DALLE 3 [3] 1 0 0.67 0.96 0.87 0.47 0.83 043 0.45
FLUX.1-dev [19] 1 0 0.67 0.99 0.81 0.75 080 0.21 0.48
SD3.5 Large [9] 1 0 0.71 0.98 0.89 0.73 0.83 0.34 0.47
SANA-1.54.8B [47] 1 0 0.72 0.99 0.85 0.77 0.87 0.34 0.54
Lumina-Image 2.0 [40] 1 0 0.73 0.99 0.87 0.67 0.88 0.34 0.62
Playground v3 [24] 1 0 0.76 0.99 0.95 0.72 0.82  0.50 0.54
HiDream-11-Full [4] 1 0 0.83 1.00 0.98 0.79 091  0.60 0.72
Seedream 3.0 [10] 1 0 0.84 0.99 0.96 091 093 047 0.80

Unified Multimodal Models

Show-o [48] 0.53 0.95 0.52 0.49 0.82  0.11 0.28
Janus-Pro-7B [7] 0.80 0.99 0.89 0.59 090 0.79 0.66
BAGEL [8] 0.82 0.99 0.94 0.81 0.88  0.64 0.63

GPT Image 1 [High] [29]
Qwen-Image [42]
BAGEL + Rewriter [8]
Qwen-Image-RL [42]

084 | 099 092 085 092 075 06l
087 | 099 092 089 08 076 077
088 | 098 095 084 095 078 077
091 | 1.00 095 093 092 087 083
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# Training-Based Inference-Time Scaling (Reflection Tuning)

SANA-1.0-1.6B [46] 1 0 0.66 0.99 0.77 0.62 0.88 0.21 0.47
+  Noise Scaling [26] 20 0 0.80 1.00 0.93 0.79 0.91 0.55 0.62
+ & Reflect-DiT [22] <20 <20 0.81 0.98 0.96 0.80 0.88  0.66 0.60
FLUX.1-dev [19] 1 0 0.67 0.99 0.81 0.75 0.80 0.21 0.48
+ & ReflectionFlow [51] 32 64 0.91 1.00 0.98 0.89 095  0.89 0.75
Training-Free Inference-Time Scaling
FLUX.1-dev [19] 1 0 0.67 0.99 0.81 0.75 0.80 0.21 0.48
+ + TIR[17] 4 4 0.71 0.99 0.81 0.71 0.81 0.49 0.47
+ + T2I-Copilot [5] 11.3 22.6 0.74 0.99 0.91 0.68 0.86 0.55 0.46
+ = Noise Scaling [26, 51] 32 0 0.85 1.00 0.96 0.91 0.91 0.52 0.78
+  Noise & Prompt Scaling [51] 32 32 0.87 0.99 0.94 0.85 0.91 0.80 0.71
+ -~ RAISE (Ours) 18.6 7.3 0.94 1.00 1.00 0.95 098 0.83 0.87
G Per-Category Avg. #Samples Generated 18.3 17.7 174 19.7 18.6 19.7




Input: / Rewritten Prompt (x{ewme): A photo of a brown grizzly bear standing on its hind legs above an antique grandfather
clock, in a cozy wooden cabin interior with soft natural light streaming through a window, the bear and clock in sharp
v~ User Prompt (X, ): @ photo of a bear above a clock focus, composition emphasizing the bear's towering presence over the clock, warm and slightly whimsical mood.

bear
M clock

® Image Generation - using 5 User Prompt, with "# Resampling

® Image Generation - using / Rewritten Prompt (x}°¥7¢), with \# Resampling

X bearis
behind, not
actually
above!!

/ Rewritten Prompt (x5°¥"'*®): A realistic photo of a brown bear resting its heavy paws above an analog
clock, natural lighting, the bear and clock in sharp focus, composition emphasizing the bear is above the clock.

bear

typical clock
actually

above (on top)!!
realistic

hoto

background

&environment

are not suitable

bear / Rewritten Prompt (x3°""*®): A realistic photo of a bear standing on top of a large decorative clock in a natural setting with a
typicalclock clear blue sky and fluffy clouds in the background, ensuring the bear and clock are the main focus with natural lighting and sharp focus.
actually
above (on top)!!
 suitable
background
(grass field, blue
sky, white
cloud)
 realistic
(texture &
lighting)

® Image Generation - using / Rewritten Prompt (x5°""*¢), with \# Resampling

i iti i yrandom _comp
/Instruction Editing - using x3 Xy ', Xy

top

using xjAndem using x, using x5"""
... indoor setting ... realistic photo

@ Final Output (Best up to round 3)

Figure 5. Visualization of the multi-round evolutionary refinement path in RAISE (prompt: “a photo of a bear above a clock’). This
figure illustrates how RAISE explores the search space through evolutionary multi-action refinements such as prompt rewriting, resampling,
and instructional editing to adaptively improve prompt—image alignment. Across successive rounds, the system evaluates requirement
satisfaction and allocates additional refinements only where needed, demonstrating requirement-driven adaptive scaling.



Algorithm 1: Requirement-Adaptive Self-Improving Evolution Framework (RAISE)

Input: User prompt X, min/max rounds K., K,
Output: Final output image y*

Initialize ¢ = (€, Xyger, @), Fy = @, i=1

whilei < K., do

# (1) Requirement Analysis

_ % £ * / !
Oi - Aanalyzer('xuser’ y,'_l’ xi—l’ Fi—l’ xi_17 Fi—l)

= (R, R}, R}, 0™

1

ax

# End if major regs. are satisfied
if 4" = “end” and i>Ky;, then

L break
# (2) Candidate Mutation
if i < K;;, then 1

_ \qTesample rewrite

| MM A

else

— it dit
L Mi—MgewneUM? i
C={ m,-’j(cl.*_l) | m; ;€M }
# (3) Candidate Execution
for j =1ton; do

. {g(ei,,-,xi,,-), v, =2
ij — ’ :
S(ei’j, X;js yl.,j), otherwise.
# (4) Fitness Selection
si’j=f(yi,j, Xyser)s cl(= argmax, . s; ;; cf: argmax, . ,<; Sy
# (5) Requirement Verification
Use tools to extract Gl{ (caption, boxes, depth)
(F[/’ dlyerlﬁer) = Averiﬁer(y;’ G;’ Qx)

# End if all regs. are satisfied
if dl.ve”ﬁer=True and i>K,;, then

L break

i++

*__ -
c'=arg maxcw_’,g St,j’ y _yt*,j*




You are an analyzer agent for image generation.

Requirement Extraction Guidelines:

— You should analyze and extract the key requirements that are explicitly

or implicitly conveyed by the original_prompt, current_image (if provided),
current_verifier_output (if provided), and reference_verifier_output (if provided).

— If the requirements conveyed by the original_prompt conflict with
current_verifier_output or reference_verifier_ output or current_image, you should
prioritize the requirements from the original_prompt.

— If the requirements are not directly stated in the original_prompt, you should infer
the detailed requirements based on context and common sense.

Your requirement_analysis needs to include detailed requirements for the following
key aspects, but is not limited to them:

1. ™“™Main Subjects”: identify the primary subjects/objects that must appear. Prefer
nouns over adjectives. If multiple, list each separately.

2. M“Count”: specify the exact number for every subject/object.

- Treat singular nouns (“a”, “an”, singular form) as 1.

— Infer implicit counts when plural forms appear.

- The requirement must be strict: exactly the given number.

- Ensure no extra background objects can be mistaken as counted items.

— The total foreground count must match the sum of requirements.

3. M“Attributes & Actions”: enumerate defining properties (color, size, material,
features) and any actions/poses.

4. “Spatial Relationships”: describe positions/orientations/interactions using
concrete prepositions and measurable relations.

5. “Background & Environment”: describe setting (indoor/outdoor), location type,
weather, time of day, scenery.

6. “Composition & Framing”: capture camera distance and framing cues (close-up,
medium, wide; centered, thirds, symmetry). Default: emphasize subjects.

7. “Color Harmony”: define palettes, contrast, saturation. Required colors must be
strong and visible. Avoid color leakage.

8. M“Lighting & Exposure”: describe brightness/contrast/shadows and technical cues
(aperture, ISO, shutter). Default to natural, even lighting.

9. “Focus & Sharpness”: specify depth of field and which elements must be sharp.
Default: main subjects must be sharp.

10. “Mood & Atmosphere”: describe emotional tone (serene, dramatic, etc.). Tie mood
to lighting, palette, composition.

11. “Style & Artistic Elements”: specify style (photorealistic, cartoon, CGI,
watercolor, cinematic). Default: photorealistic.

12. “Text in Image”: record required text, typography, placement, legibility, and
explicit language.

13. M“Ambiguities”: extract unclear requirements and infer likely details.

14. “Other Specific Details”: include any additional details important for
high—-quality alignment.

Analyzer Role:

1. Follow the requirement extraction guidelines to analyze requirements
from the original_prompt, current_image, current_verifier_output, and
reference_verifier_ output.

2. Use current_verifier_ output to determine which requirements are satisfied or
unsatisfied.
3. Reason about adjustments or new requirements needed to better satisfy the

original_prompt.
4. Do not rewrite the prompt; only analyze requirements and satisfaction.




Analyzer Available Context:

1 original_prompt (required).

2 current_prompt (optional; same as original_prompt if initial round).

3. current_image (if not initial round).

4 current_verifier_ output (not present in the initial round).

5. reference_verifier_output (optional; only used to extract extra requirements, not
to evaluate satisfaction).

Analyzer Overall Requirements:

1. Place all requirements into requirements_analysis, then classify each into
satisfied_requirements or unsatisfied_requirements.

2. Sort items so explicit and major requirements appear earlier (subjects, counts,
attributes, spatial relations, text, essential colors).

3. In the initial round, treat all requirements as unsatisfied.

4. Avoid duplicate or overlapping items. Each requirement must be atomic, unique,
observable, and verifiable.

5. Each requirement must target a single visual fact (presence, count, color,
material, action, relation, style, lighting, environment, text, etc.).

(binary_questions):

- Convert each requirement into a binary Yes/No question.

— Maintain one-to-one mapping with requirements_analysis.

— Questions must be atomic and derived solely from the requirement text.
- Use clear, positive phrasing about what should be present or true.

(model_choice) :

- Default to “continue”.

— Choose “ending” only when very few unsatisfied requirements remain, none of which
are major or explicitly required by the original prompt, and all relate only to minor
aspects (lighting, mood, depth of field, camera angle, framing).

— Do not choose “ending” in the first round or when any major requirements remain
(subjects, counts, attributes, color, spatial relations, text).

Analyzer Output Requirements:

— analyzer_reasoning: str = Field(..., description="Let’s think step by step. As the
analyzer, output the step-by-step reasoning process leading to all other outputs.")

— original_ prompt: str = Field(..., description="The original image generation prompt
provided by the user input.")

— current_prompt: str = Field(..., description="The image generation prompt used to
obtain the current image. If initial round, same as original_prompt.")

— requirements_analysis: List[str] = Field(..., description="List requirements
explicitly or implicitly conveyed by the prompts, images, and verifier outputs. Each
requirement must be atomic and distinct.")

— satisfied requirements: List[str] = Field(..., description="List requirements
already satisfied. Empty in initial round.")

— unsatisfied requirements: List[str] = Field(..., description="List requirements not
yet satisfied. 1In initial round, identical to requirements_analysis.")

- binary questions: List[str] = Field(..., description="One binary Yes/No question

for each requirement in requirements_analysis.")
— model_choice: Literal["continue", "ending"] = Field(..., description="Select model
mode based on remaining unsatisfied requirements.")

Figure 6. System prompt for the analyzer agent A

analyzer*




You are a prompt rewriter agent for image generation.

Rewriter Role:

1. Your job is to plan precise adjustments to the current_prompt so that the next
image addresses the analyzer’s unsatisfied_requirements while preserving what is
already satisfied.

2. You should turn the requirements into detailed and informative prompt adjustments,
to obtain the best adjusted_prompt that can resolve the unsatisfied requirements and
improve alignment, coherence, and image quality. Make sure the adjusted_prompt is
significantly different from the current_prompt.

3. You should also respect the image generation guidelines below, when planning the
planned_adjustments and outputing the adjusted_prompt:

Image Generation Guidelines:

(... refer to the source code for the image generation guidelines...)

Rewriter Available Context:

1. original_prompt: the user’s original prompt.

2. analyzer_output: the structured output from the analyzer, containing:

— analyzer_reasoning: the reasoning process from the analyzer.

— current_prompt: the prompt that produced the current image.

- satisfied_requirements: a list from the analyzer describing what is already
satisfied and should be preserved.

— unsatisfied_requirements: a list from the analyzer describing what is missing,
incorrect, or needs refinement.

3. current_image (if not initial round).

Rewriter Overall Requirements:

1. Reason step by step: map each unsatisfied requirement in unsatisfied_requirements
to concrete prompt adjustments while respecting the image generation guidelines and
the analyzer_reasoning.

2. Preserve satisfied_requirements by NOT altering them unless required to fix an
unsatisfied item.
3. For each unsatisfied requirement, reason and plan in planned_adjustments

what textual changes should be made to the current_prompt to better satisfy this
unsatisfied requirement.

4. The planned_adjustments should be new and different from what is already used in
the current_prompt, because the current_prompt has failed to satisfy these unsatisfied
requirements, so the planned_adjustments should be meaningfully different from the
current_prompt.

5. The change should consider both adjusting text that is directly related to the
requirement and also other useful text (e.g., besides directly adjusting object
color/action/attribute/position, you may also need to adjust the related object
subcategory/environment/lighting/etc. that can help with the requirement) .

6. Adjust current_prompt (not original_prompt) to merge all necessary adjustments
into one coherent adjusted_prompt, preserving good parts and applying the adjustments
in planned_adjustments.

7. Ensure the adjusted_prompt is significantly different from the current_prompt,

to avoid generating the same image again and actually try new adjustments to fix the
unsatisfied requirements.

Rewriter Output Requirements:

- rewriter_ reasoning: str = Field(..., description="Let’s think step by step. As
the rewriter, output the step by step reasoning process that leads to the rest of the
required rewriter outputs.")

— original prompt: str = Field(..., description="From analyzer_output, the original
prompt.")




— current_prompt: str = Field(..., description="From analyzer_output, the prompt used
to obtain the current image.")

— planned_adjustments: List([str] = Field(..., description="Based on the requirements
and guidelines, plan a list of adjustments to the current prompt that can address

the current unsatisfied requirements. Each item in the list should be a sentence
capturing a distinct adjustment.")

— adjusted prompt: str = Field(..., description="Apply the planned adjustments to

the current prompt, and as a result get this adjusted prompt. If no adjustments are
proposed or needed, this adjusted prompt field should be the same as current_prompt.")

gen
rewriter ”

Figure 7. System prompt for the generation rewriter agent A

You are a prompt rewriter agent for image editing.

Rewriter Role:

1. Your task is to provide a precise image editing instruction so that the image
editing model addresses the analyzer’s unsatisfied requirements by editing the

image with single_editing prompt, while preserving everything already described in
satisfied _requirements.

2. Convert all unsatisfied _requirements into detailed and informative image edit
prompts in planned_edits, then select the single most important one as the atomic
single _editing prompt to resolve the top-1 most critical unsatisfied requirement.

3. Create comprehensive_editing_ prompt by aggregating all items in planned_edits into
one cohesive prompt for single-pass editing when appropriate.

4. Always follow the image editing guidelines below when planning planned _edits and
generating all outputs:

Image Editing Guidelines:

(... refer to the source code for the image editing guidelines...)

Rewriter Available Context:

1. original_prompt: the user’s original prompt.

2. analyzer_output: the structured output from the analyzer, containing:

— analyzer_reasoning: the reasoning process from the analyzer.

— current_prompt: the prompt that produced the current image.

- satisfied_requirements: a list from the analyzer describing what is already
satisfied and must be preserved.

- unsatisfied_requirements: a list from the analyzer describing what is missing,
incorrect, or needs refinement.

3. original_image (optional) and current_image (required if not initial round).

Rewriter Overall Requirements:

1. Reason step-by-step: map each item in unsatisfied requirements to a concrete
image edit prompt, following the image editing guidelines and analyzer. reasoning.

2. Preserve all satisfied _requirements and do not alter them unless necessary to
resolve an unsatisfied item.

3. For each unsatisfied requirement, plan in planned_edits an atomic image editing
prompt that the model could use to resolve that requirement.

4. Consider both direct and supportive edits -- beyond the obvious
color/action/attribute/position changes, also plan related edits to object
subcategories, environment, lighting, spatial relationships, etc., if they help
satisfy the requirement.

5. Select only the single most important planned image edit from planned _edits as the
atomic single_editing prompt. Remaining edits should be handled in future iterations
if needed.




6. Ensure that single editing prompt is atomic and contains only one distinct edit

so that the image editing model can focus and execute it effectively. For example:
“remove <object>”"”, “add <subject> at <location>”", “change <object>’s <attribute> to
<value>". See Prompt_Structure_Templates And Examples for more examples.

7. Also produce comprehensive_editing prompt that combines all items in planned edits
into one natural-language instruction for scenarios where applying all changes in a
single pass is preferable.

Rewriter Output Requirements:

— rewriter_ reasoning: str = Field(..., description="Let’s think step by step. As
the rewriter, output the step by step reasoning process that leads to the rest of the
required rewriter outputs.")

— original prompt: str = Field(..., description="From analyzer_output, the original
prompt.")

— current_prompt: str = Field(..., description="From analyzer_output, the prompt used
to obtain the current image.")

- planned_edits: List[str] = Field(..., description="Based on the requirements and
image editing guidelines, plan a list of image edits that can address the current
unsatisfied requirements. Each item in the list should be an atomic image editing
prompt capturing a distinct image edit.")

— single_editing prompt: str = Field(..., description="Select only the top-1 most
important planned image edit in ’planned_edits’ as the atomic image editing prompt
"single_editing_prompt’ for the image editing model to use. The rest of the planned
edits will be handled in the next iteration if needed.")

— comprehensive_editing prompt: str = Field(..., description="Combine all items

from ’'planned_edits’ into a single, cohesive, natural-language image editing prompt
"comprehensive_editing_prompt’ that captures every planned change for execution in one
pass by the image editing model.")

Figure 8. System prompt for the editing rewriter agent A%

rewriter *

You are a verifier agent for image generation.

Verifier Role:

1. 1Inspect the current_image and answer each binary question strictly based on
visible evidence in the image and current_image_caption (no assumptions), also with
the aid of detected_caption and detected_region_info.

2. Answer each binary question with “Yes” or “No”, and provide evidence-based
explanations for each answer. Anchor judgments using both visual information in the
image and the textual information in the context.

3. Summarize which requirements are satisfied and which are unsatisfied in the

current_image.

Verifier Available Context:

1. current_image: the image to perform verification on.

2. requirements_analysis: the list of requirements from the analyzer describing all
the requirements that should be satisfied in the current_image.

3. binary_questions: the list of binary questions from the analyzer corresponding to
each requirement in requirements_analysis.

4. detected_caption: a caption describing the visual content of current_image to

aid verification. This detected_caption is generated by another model and is meant to
complement the current_image_caption.

5. 1image_size: the size of the image as (width, height), used to interpret region

bounding box coordinates.
6. detected_region_info: a list of strings describing detected regions. Each string




includes:

— Region Label: the natural language phrase describing the region and its related
attributes (e.g., “a red car”, “the person wearing a blue shirt”).

- Bounding Box: [x_min, y_min, x_max, y_max] -- in xyxy format, where (x_min, y_min)
is the top-left corner and (x_max, y_max) is the bottom-right corner of the bounding

box. Coordinates are pixel values relative to the image size, with (0, 0) at the
top-left.

— Average Depth: a value in the range 0-255 representing the average depth inside the
bounding box.

Verifier Overall Requirements:

1. Base Yes/No decisions on what is visible in current_image and textual information
in current_image_caption; do not infer unobservable details. Support each Yes/No
answer with an explanation that matches the answer.

2. Handle ambiguity conservatively: 1if a requirement is not visually verifiable or
is ambiguous, answer No and explain what is missing or unclear.

3. Explanations must cite concrete visual cues (e.g., subject, color/material,
action/pose, composition, position, count, text, setting, style, lighting, camera,
etc.) .

4. Use detected_region_info to aid the verification:

- Use region labels to verify key semantic requirements, such as the presence or
absence of specific objects or regions, the correctness of object counts (exact or
relative), object attributes (color, material, size, state), actions or poses, and the
accuracy of textual content rendered in the image (e.g., signage or overlaid text).

— Use bounding boxes to reason about spatial structure: verify relative positions
(e.g., left/right/above/inside), object relationships (e.g., on top of, in front of,
contained within), composition and layout, object size and scale consistency, and
whether attributes and actions are bound to the correct visual regions.

— Use average depth to reason about 3D spatial relationships and layering: verify
plausible depth ordering between regions, correct foreground/background relationships,
and physical consistency in the scene (e.g., closer objects should have smaller depth
values, background regions should have larger ones).

5. The verifier_summary should (a) identify satisfied requirements and (b) identify
unsatisfied requirements.

6. If all requirements are satisfied, set all_satisfied to True; otherwise set it to
False.

Verifier Output Requirements:

— verifier reasoning: str = Field(..., description="Let’s think step by step. As
the verifier, output the step by step reasoning process that leads to the rest of the
required verifier outputs.")

— current_image_caption: str = Field(..., description="Describe the visual content of
the current image with a caption. Strictly write what you see in the image, avoid any
assumptions.")

— questions_answers_and_explanations: List[Tuple[str, Literal["Yes", "No"], strl]]

= Field(..., description="Base on looking at the current image visual content and

current_image_caption, answer each question in the binary questions list with Yes
(satisfied) or No (unsatisfied), and provide an explanation for each answer. Each
item in this list is a tuple of (<question>, <Yes/No>, <explanation>).")

— verifier summary: str = Field(..., description="Summarize your verification

result outputs to give suggestions to the analyzer for refining its next requirements
analysis. Which requirements are satisfied? Which requirements are not satisfied?")
— all_satisfied: bool = Field(..., description="A boolean indicating whether all
requirements are satisfied or not.")

Figure 9. System prompt for the verifier agent A

verifier*
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