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3rd Image is the best Remove the partial 
small brown bear 

Add a white tiger 
to the left Good!

Prompt: Glacier-to-savannah cinematic panorama: icy side (blue ice, snow) has polar bear, arctic fox, 
woolly mammoth, white tiger in a straight line; warm grassy side has brown bear, red fox, elephant, 
orange tiger aligned opposite, each facing its counterpart. Seamless transition, no barriers. Soft cinematic 
light, animated realism, epic scale.

Prompt: Two horses eating grass with three kites flying in the background. A guitar is kept in front of a 
table with four cakes kept on top of the picnic table. Toys are scattered underneath the table.

Prompt: Four ducks are standing on the ground, and a tiny pink giraffe is standing in front of them. Five 
novels are placed on the ground behind the ducks. The image is in a cartoon style.

Prompt: Two horses eating grass with three kites flying in the background. A guitar is kept in front 
of a table with four cakes kept on top of the picnic table. Toys are scattered underneath the table.

Prompt: Four ducks are standing on the ground, and a tiny pink giraffe is standing in front of 
them. Five novels are placed on the ground behind the ducks. The image is in a cartoon style.

3rd Image is the best

2nd Image is the best

A horse is missing, 
Add another one

Move the guitar to 
the front. Good!

Good!

Prompt: Glacier-to-savannah cinematic panorama: icy side (blue ice, snow) has polar bear, arctic 
fox, woolly mammoth, white tiger in a straight line; warm grassy side has brown bear, red fox, 
elephant, orange tiger aligned opposite, each facing its counterpart. Seamless transition, no 
barriers. Soft cinematic light, animated realism, epic scale.

…

…

…

Good!Make space behind the 
duck to put novels

Remove the novels 
near the duck Good!

Figure 1. Iterative refinement during inference time enables high fidelity generation of complex prompts on which traditional inference-
time scaling strategies such as parallel sampling can fail to generate a fully accurate image even at high num. of samples as shown above.

Abstract

Text-to-image (T2I) models have achieved remarkable001
progress, yet they continue to struggle with complex002
prompts that require simultaneously handling multiple ob-003
jects, relations, and attributes. Existing inference-time004
strategies, such as parallel sampling with verifiers or sim-005
ply increasing denoising steps, can improve prompt align-006
ment but remain inadequate for richly compositional set-007
tings where many constraints must be satisfied. Inspired008
by the success of chain-of-thought reasoning in large lan-009
guage models, we propose an iterative test-time strategy010
in which a T2I model progressively refines its generations011
across multiple steps, guided by feedback from a vision-012
language model as the critic in the loop. Our approach is013
simple, requires no external tools or priors, and can be flexi-014
bly applied to a wide range of image generators and vision-015
language models. Empirically, we demonstrate consistent016

gains on image generation across benchmarks: a 16.9% 017
improvement in all-correct rate on ConceptMix (k=7), a 018
13.8% improvement on T2I-CompBench (3D-Spatial cate- 019
gory) and a 12.5% improvement on Visual Jenga scene de- 020
composition compared to compute-matched parallel sam- 021
pling. Beyond quantitative gains, iterative refinement pro- 022
duces more faithful generations by decomposing complex 023
prompts into sequential corrections, with human evaluators 024
preferring our method 58.7% of the time over 41.3% for 025
the parallel baseline. Together, these findings highlight it- 026
erative self-correction as a broadly applicable principle for 027
compositional image generation. 028

1. Introduction 029

Large language models (LLMs) have achieved remarkable 030
progress in recent years, as a result of simply scaling test- 031
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Figure 2. Our iterative inference-time strategy achieves strong
benefits over computation-matched parallel inference time scaling
on multiple state-of-art image generation models.

time compute [4, 27, 31]. A particularly influential develop-032
ment has been the use of chain-of-thought (CoT) prompting,033
where models are instructed to “think step by step” [16, 31].034
Despite its simplicity, this strategy enables models to ex-035
hibit sophisticated behaviors such as self-correction, error036
checking, and iterative refinement, ultimately leading to sig-037
nificant gains on reasoning-intensive benchmarks. These038
behaviors highlight the potential of LLMs not only as static039
predictors but as systems that can actively refine their out-040
puts through structured intermediate reasoning.041

The success of CoT reasoning in LLMs is closely tied042
to their pre-training data. During training, LLMs are ex-043
posed to large volumes of text that naturally contain traces044
of human step-by-step reasoning – mathematical deriva-045
tions, logical arguments, and instructional writing. This046
supervision on the internet implicitly provides the prior047
that chain-of-thought prompting later exploits, enabling the048
model to perform multi-step reasoning. By contrast, text-049
to-image (T2I) models are trained on large-scale datasets050
of image–caption pairs that lack such structured reasoning051
traces. As a result, these models do not inherently develop052
capabilities like self-correction or iterative refinement, in-053
stead rely on one-shot generation strategies that limit their054
robustness in complex settings.055

In this work, we investigate how can we enable self-056
correction in T2I models. Our central idea is to lever-057
age complementary modules that together mimic the iter-058
ative reasoning process observed in LLMs. Concretely,059
our framework integrates four components: (i) a text-to-060
image (T2I) model to generate an initial image, (ii) a vision-061
language model (VLM) critic to propose corrections by062
comparing the generated image with target prompt, (iii) an063
image editor to apply suggested edits, and (iv) a verifier to064
evaluate alignment between final image and target prompt.065
This pipeline allows the model to iteratively refine its out-066
puts rather than relying solely on a single forward pass.067

We compare our approach against the widely adopted068
strategy of parallel sampling [21, 40], where multiple im-069
ages are generated independently and the best one is se-070
lected using a verifier. While parallel sampling increases071

diversity, it does not fundamentally change the underlying 072
generation process, nor does it allow the model to revise 073
or build upon earlier outputs. As a result, it struggles with 074
complex compositional prompts. For example, consider a 075
prompt requiring dozens of concept bindings: if the model’s 076
attention heads cannot jointly resolve all bindings in a single 077
forward pass, the pass@k will remain near zero regardless 078
of how many samples are drawn. 079

In contrast, our approach explicitly reuses intermedi- 080
ate generations and progressively improves them through 081
guided corrections. This factorization allows the model to 082
handle only a subset of bindings at each step, compound- 083
ing previously resolved components over time. Such se- 084
quential, step-by-step refinement—analogous to chain-of- 085
thought reasoning— is crucial for reliably generating highly 086
compositional images. 087

Figure 1, highlights the capability of our approach to 088
generate complex compositional prompts. Given the cap- 089
tion on top, parallel sampling simply is unable to build on 090
top of the previous steps thus being unsuccessful even af- 091
ter 4 passes through the generative model. In contrast, it- 092
erative refinement successfully generates the final image, 093
while using the same amount of compute. Quantitatively in 094
Figure 2, we demonstrate that this leads to consistent per- 095
formance improvements: our approach achieves a 16.9% 096
higher all-correct rate on ConceptMix [35] (for concept 097
binding=7) and a 13.8% gain on T2I-Bench 3D Spatial 098
category [14] relative to compute-matched parallel sam- 099
pling. An alternate family of methods—such as GenArtist 100
[29] and CompAgent [30]—also performs sequential sam- 101
pling by building on top of previous generations. How- 102
ever, these approaches rely on a large toolbox of auxiliary 103
modules (e.g., layout-to-image models, bounding-box de- 104
tectors, dragging tools, and object-removal systems). Be- 105
cause these toolchains evolve at different rates and often lag 106
behind foundation model capabilities, the overall pipeline 107
becomes brittle: errors from individual tools can accumu- 108
late rather than help the generation process for complex 109
prompts. Other methods such as RPG [36] similarly show 110
gains via increased test-time compute, but still depend on 111
complex region-wise priors and bespoke pipelines not read- 112
ily applicable to black-box foundation models. 113

In contrast, with recent advances in VLMs and modern 114
image-editing models, we find that many of these special- 115
ized tool-based pipelines are no longer necessary for effec- 116
tive test-time scaling. Across all benchmarks, simply com- 117
bining a strong VLM critic feedback generator with a stan- 118
dard image-editing model is sufficient to achieve state-of- 119
the-art compositional image generation – without relying on 120
heavy tool stacks or model-specific training and engineering 121
pipelines. As shown in Figure 4, methods such as GenArtist 122
and RPG under-perform substantially in highly composi- 123
tional settings, whereas our approach delivers a consistent 124
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∼ 9+% point improvement under matched compute. Fur-125
ther, our framework naturally extends to the recent Visual126
Jenga scene decomposition task [2] as detailed in sec. 4.3.127

Our findings further suggest that self-correction—long128
recognized as a key ingredient in LLM reasoning—also129
serves as a powerful inductive principle for generative vi-130
sion models. Introducing a simple and general refinement131
pipeline enables behaviors traditionally associated with lan-132
guage models to naturally transfer into image generation,133
yielding tangible performance gains. More broadly, this134
work points to the promise of designing generative systems135
that not only produce outputs but also critique and improve136
upon them, moving towards a more unified view of reason-137
ing across modalities.138

2. Related Work139

Text-to-Image Inference-Time Strategies. Recent ad-140
vances in text-to-image (T2I) generation have demonstrated141
impressive capabilities in producing high-quality and di-142
verse images from natural language prompts [1, 11, 12].143
However, complex prompts with multiple objects, relations,144
and fine-grained attributes remain challenging. Inference-145
time strategies such as classifier-free guidance [13], parallel146
sampling [5, 9], and grounding-based methods [19, 20] im-147
prove prompt fidelity but often fail to scale to richly com-148
positional prompts. Iterative refinement methods, includ-149
ing SDEdit [23], InstructPix2Pix [3], and See-Think-and-150
Draw [6], attempt to progressively improve image align-151
ment with prompts by using multiple generation steps and152
feedback mechanisms. Human-preference-guided evalua-153
tion and optimization, as in [15, 18, 34], further highlight154
the importance of incorporating adaptive guidance at infer-155
ence time. T2I models [17, 25, 26, 33] and compositional156
methods such as IterComp [39], RPG [36], GenArtist [29],157
PARM [38], LLM Diffusion [20] and CompAgent [30] are158
related to our method, but either make use of tool-calling,159
regional generation priors or reinforcement learning objec-160
tives to improve compositionality. In contrast, our method161
is a training free method with simply a VLM-critic uti-162
lized in loop with an image generation and editing model,163
and empirically demonstrates stronger performance benefits164
across different T2I model families.165

Chain-of-Thought Reasoning in Large Language166
Models. Chain-of-thought (CoT) prompting has been167
shown to elicit multi-step reasoning and improve perfor-168
mance on complex language tasks [28, 31, 37]. Iterative and169
self-refinement approaches [22] further demonstrate that170
models benefit from decomposing a problem into sequential171
reasoning steps with feedback loops. Drawing inspiration172
from these strategies, our method applies a similar iterative173
reasoning paradigm to T2I generation: the critic functions174
analogously to a CoT process, first evaluating candidate175
generations and then issuing targeted refinement prompts,176

enabling high-fidelity compositional image synthesis. 177

3. Method 178

Given a complex text prompt P , our goal is to generate 179
an image I that faithfully captures all entailed entities and 180
compositions. We adopt an iterative inference-time refine- 181
ment scheme in which a generator progressively improves 182
its outputs under critic guidance, subject to an inference- 183
time computational budget B that we allocate as T refine- 184
ment rounds across M parallel streams. 185

Setup. Let G denote a text-to-image generator, E 186
a image-to-image editor, V a verifier that scores align- 187
ment between a candidate image and prompt P , and 188
C a critic that outputs (i) a refinement sub-prompt pt 189
to guide subsequent updates, and (ii) an action at ∈ 190
{STOP,BACKTRACK,RESTART,CONTINUE} indicating 191
how the refinement should be applied. We assume an 192
inference-time budget B, allocated into T refinement 193
rounds over M parallel streams (i.e., B = T × M unit 194
refinement operations). This parameterization exposes a 195
controllable depth–breadth trade-off, where each unit cor- 196
responds to a single call to the text-to-image generator G or 197
the image-to-image editor E. The action space of the critic 198
C is as follows: 199
• STOP: terminate the process upon completion satisfaction 200

and return the current image. 201
• BACKTRACK: revert to the previous generation It−1 and 202

refine it using the new sub-prompt pt. 203
• RESTART: discard the current trajectory and regenerate 204

from scratch conditioned on P and new sub-prompt pt. 205
• CONTINUE: refine the current best candidate I∗t directly 206

using new sub-prompt pt. 207
Unlike standard single-shot or naive parallel sampling, our 208
method unfolds over T refinement rounds and M parallel 209
streams under a fixed budget B, where intermediate gener- 210
ations are evaluated, critiqued, and selectively improved. 211

Iterative refinement over parallel streams with critic 212
feedback. At t = 0, each parallel stream m initializes a 213
candidate Im0 ← G(P ), where P is the user image prompt. 214
At iteration t, the verifier scores smt ← V (Imt , P ) and the 215
critic proposes (amt , pmt ) ← C(Imt , P ). Depending on amt , 216
we either stop, backtrack to Imt−1, restart from G(P, pmt ), or 217
continue editing Imt via E. The process terminates when a 218
STOP action is emitted for all streams or when the budget 219
B (parameterized by T and M ) is exhausted. 220

This procedure enables T2I models to decompose com- 221
plex compositional prompts into a sequence of refinement 222
steps, akin to chain-of-thought reasoning in LLMs. The 223
verifier ensures consistent prompt alignment, while critic 224
provides targeted feedback to correct systematic errors. 225

Note that the verifier V is not an oracle or benchmark 226
evaluator; rather, it is a lightweight VLM used solely to pro- 227
vide automatic test-time guidance and improvement signals 228
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Figure 3. Given a complex text prompt Xp, a generator G produces an initial image I0. A test-time verifier V and critic C, conditioned on
Xp, output an action–sub-prompt pair (at, pt). The previous image It−1 and sub-prompt pt are fed to an editor E to yield the next image
It. This process repeats under an inference-time budget B, allocated as T iterative rounds over M parallel streams, until a STOP action is
emitted or B is exhausted.

during refinement. We outline the pseudo-code of our iter-229
ative refinement technique in Algorithm Block 1.230

Algorithm 1 Iterative Image Refinement over Parallel
Streams with Critic Feedback

1: Input: Prompt P , generator G, non-oracle test-time
verifier V , critic C, parallel streams M , max iterative
rounds T ; inference-time budget B allocated as T ×M
unit updates

2: Initialize {Im0 }Mm=1 ← {G(P )}Mm=1

3: for t = 1 to T do
4: for m = 1 to M in parallel do
5: Score candidate smt ← V (Imt , P )
6: Critic outputs (amt , pmt )← C(Imt , P )
7: if amt = STOP then
8: Mark stream m as complete
9: else if amt = BACKTRACK then

10: Revert to Imt−1 and refine: Imt+1 ← E(Imt−1, p
m
t )

11: else if amt = RESTART then
12: Reset Imt+1 ← G(P, pmt )
13: else if amt = CONTINUE then
14: Update Imt+1 ← E(Imt , pmt )
15: end if
16: end for
17: Select best across all streams: I∗t ← argmaxm smt
18: if all streams stopped then
19: return I∗t
20: end if
21: end for
22: return I∗T

4. Experiments231

We conduct experiments with three state-of-the-art text-232
to-image model families – Qwen-Image [33], Gemini 2.5233
Flash Image (NanoBanana), and GPT-Image-1. Qwen-234
Image being the open-sourced among the three. We evalu-235
ate models across three prominent compositional generation236
benchmarks: ConceptMix [35], T2I-CompBench [14], and237

TIIF-Bench [32]. ConceptMix measures a model’s ability 238
to bind multiple concept categories (objects, textures, col- 239
ors, shapes, styles, relations, etc.) under increasing com- 240
positional complexity, ranging from one to seven concept 241
combinations. T2I-CompBench evaluates open-world com- 242
positionality, including attribute binding, object–object re- 243
lationships, numeracy, and multi-object reasoning. TIIF- 244
Bench focuses on fine-grained instruction following across 245
diverse scenarios such as 3D perspective, logical negation, 246
precise text rendering, and 2D spatial relations. We further 247
evaluate our method on the Visual Jenga scene decompo- 248
sition benchmark which tests a model’s ability to progres- 249
sively remove objects from a scene in a physically plausible 250
manner. 251

For all benchmarks, we follow their respective eval- 252
uation protocols and use a strong multimodal language 253
model (MMLM) (Gemini-2.5-Pro or GPT-4o depending 254
on dataset original specification) to assess prompt–image 255
consistency. For ConceptMix and TIIF-Bench, ques- 256
tion–answer prompts are provided to the evaluator MMLM 257
along with the generated image which outputs binary/yes 258
no answers. For T2I-CompBench, we adopt their MMLM- 259
based scoring protocol (using GPT-4V), which outputs a 260
continuous alignment score between 1 and 100. Impor- 261
tantly, our in-the-loop critic and verifier is a weaker MMLM 262
different from the final benchmark evaluator. For primary 263
experiments, we use Gemini-2.5-Flash as the in-loop veri- 264
fier and critic. As detailed in section ??Further implemen- 265
tation details and baselines are provided in appendix. 266

4.1. Compositional Image Generation 267

We first evaluate on ConceptMix and T2I-CompBench. For 268
each model (Qwen-Image, Gemini, GPT-Image), we run 269
two variants of our method – fully iterative (Iter) and it- 270
erative+parallel (Iter-Par) – under a matched inference- 271
time compute budget B. For Qwen-Image, we set B=16 272
for Conceptmix and B=8 for T2I-Bench (given reduced 273
prompt complexity). Accordingly, for Iter-Par, we consider 274
2 parallel steps and B/2 iterative steps. As detailed in Sec- 275
tion 4.4, we find this configuration to be an optimal trade-off 276
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ConceptMix full solve rate (%) T2I-CompBench VLLM (GPT4o) score (1 to 100)

Model k=1 k=2 k=3 k=4 k=5 k=6 k=7 Spatial 3DSpat Numer Shape Color Texture Non-Spat Cmplex

Qwen Parallel 92.8 82.5 74.3 69.2 60.1 51.2 49.6 82.3 63.1 87.0 87.2 92.6 96.2 92.8 93.4
Qwen Iter (ours) 96.1 91.4 87.0 82.1 79.6 67.4 64.3 87.4 77.3 91.1 91.2 92.4 95.1 94.8 94.8
Qwen Iter.+Par. (ours) 96.5 91.7 87.4 82.2 78.9 71.8 66.5 89.4 76.9 93.3 90.1 92.6 95.8 94.7 95.0

+3.7 +9.2 +13.1 +13.0 +18.8 +20.6 +16.9 +7.1 +13.8 +6.3 +2.9 +0.0 -0.4 +1.9 +1.6

Nano-Banana Parallel 93.8 88.8 86.6 78.4 65.8 61.7 55.4 84.7 81.2 84.3 88.5 89.8 95.0 96.8 91.0
Nano-Banana Iter (ours) 94.1 90.4 87.2 81.3 73.5 64.6 63.6 90.6 87.8 93.9 89.9 89.7 95.1 95.8 94.7
Nano-Banana Iter.+Par. (ours) 93.8 91.0 87.5 82.8 71.4 69.8 63.7 91.1 89.1 94.1 88.8 92.1 94.8 96.7 94.5

+0.0 +2.2 +0.9 +4.4 +5.6 +8.1 +8.3 +6.6 +7.9 +9.8 +0.3 +2.3 -0.2 -0.1 +3.5

GPT-Image Parallel 94.2 89.2 88.1 76.7 71.0 69.5 51.3 87.5 83.9 88.6 88.5 91.6 92.5 95.3 92.9
GPT-Image Iterative (ours) 96.0 91.4 90.6 85.4 72.0 69.6 58.9 89.6 90.0 92.7 92.1 91.9 92.0 95.5 93.0
GPT-Image Iter.+Par. (ours) 97.7 94.2 91.1 84.6 79.5 76.8 61.9 91.0 89.6 93.2 90.9 91.1 92.3 95.3 93.1

+3.5 +5.0 +3.0 +7.9 +8.5 +7.3 +10.6 +3.5 +5.7 +4.6 +2.4 -0.5 -0.2 +0.0 +0.2

Table 1. Performance comparison of parallel sampling, iterative refinement, and combined strategies across three state-of-the-art text-
to-image models on ConceptMix [35] and T2I-CompBench [14]. Our iterative approach (Iter.) and combined iterative+parallel strategy
(Iter.+Par.) consistently outperform traditional parallel-sampling baselines, with gains most pronounced on complex compositional tasks
(ConceptMix k=4–7) and precise spatial and numeric reasoning (T2I-CompBench spatial, 3D spatial, and numeracy categories).

under a fixed compute budget. As a strong budget-matched277
parallel-only baseline (Parallel), we generate B images in278
parallel with different random seeds. We use the same VLM279
(Gemini-2.5-Flash) as the in-loop verifier in both iterative280
and parallel steps to select the best image (from the final set281
of images). This image is then passed to the benchmark-282
specific evaluator. Note, for GPT-Image and Gemini, we283
set B=12 (for Conceptmix) and B=8 (for T2I), and evalu-284
ate on a subset of 150 prompts for each category due to their285
higher inference cost and closed-source nature.286

ConceptMix: As shown in Table 1, both Iter and Iter-287
Par consistently outperform the parallel-only baseline, with288
the largest gains on complex compositions (ConceptMix289
k=4–7). For Qwen-Image, we observe improvements of290
18.8%, 21.6%, and 16.9% at binding complexities k =291
5, 6, 7, respectively. We also see significant gains for Nano-292
Banana and GPT-Image, with improvements of 8.3% and293
10.6% at k = 7, respectively. Notably, improvements294
are also present for smaller binding complexities such as295
k = 1, 2, 3, indicating effectiveness even at simpler com-296
positions. Further, in Appendix Fig. 9, we show mean ac-297
curacy across ConceptMix categories for Qwen-Image; the298
largest improvements are observed in Spatial, Style, Shape299
and Size categories. In comparison, Object and Color cate-300
gories do not show strong improvements, possibly as model301
has strong capabilities for these categories and does not per-302
form poorly for them even at high concept bindings.303

T2I-CompBench: As shown in Table 1, we observe304
strong gains across multiple categories of T2I-CompBench.305
For Qwen-Image, improvements of 7.1%, 13.8%, and 6.3%306
are achieved on Spatial, 3D-spatial, and Numeracy, respec-307
tively, suggesting that iterative refinement particularly helps308
in generation of images that entail precise spatial and nu-309
meric reasoning. We observe significant gains for Nano-310
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Figure 4. Comparison against existing test-time scaling methods.
As can be seen methods such as GenArtist [29] and RPG [36] are
difficult to scale due to their reliance on tools or regional priors.

Banana and GPT-Image as well, with Nano-Banana improv- 311
ing by 6.7%, 7.9%, and 9.8% on the same set of categories 312
respectively. However, on categories such as Color, Non- 313
Spatial and Texture we do not find strong benefits. This 314
could be as the model is already strong in these categories 315
and thus iterative refinement may not be required. 316

Comparison with Compositional Methods. We also 317
compare the application of our iterative refinement method 318
with prominent compositional generation frameworks such 319
as IterComp [39], RPG [36], and GenArtist [29]. As shown 320
in Fig. 4, while most methods have similar performance 321
at initial binding complexities, our method shows stronger 322
gains as the number of concepts increase. This is potentially 323
due to our method’s usage of a simple general VLM-critic 324
and editor in loop to iteratively critique and refine the image 325
without usage of task-specific tools such as object detec- 326
tors, super resolution generation, layout planners, etc that 327
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…

Full Prompt: A mouse hidden by a key

Action:

Continue


Prompt:

H i d e t h e m o u s e 
behind the large key, 
showing only its eyes 
and whiskers while 
the key dominates the 
foreground.

Action:

Continue


Prompt:

Reposition the mouse 
so it is almost entirely 
obscured behind the 
gigantic metallic key, 
with only one dark eye 
and whiskers peeking 
from the key’s right 
edge.

Action:

Continue


Prompt:

Ensure the gigantic 
metallic key completely 
obscures the mouse's 
nose and snout, with the 
key dominating the 
composition

Score: 1.0

Action:

Restart


Prompt:

A huge metallic bee 
s tyl ized with bold 
geometric shapes and 
s t r o n g c u b i s t 
fragmentation. A tiny 
bright-red, angular 
cubist carrot is clearly 
visible inside the bee’s 
main body or head. Score: 1.0

Action:

Continue


Prompt:

Put the carrot inside the 
bee’s body. Emphasize 
the cubist style with 
increased fragmentation, 
abstract geometry, and 
multi-perspective forms 
on the huge metallic bee 
sculpture.

Action:

Continue


Prompt:

R e w o r k t h e i m a g e 
entirely into a highly 
abstract and fractured 
Cubist oil painting.

…

Full Prompt: The image shows a tiny red carrot positioned inside a huge metallic bee, depicted in a cubist style.

Action:

Continue


Prompt:

Set the scene in a 
rainforest, with thick 
tropical foliage all 
around.

Score: 1.0

Action:

Continue


Prompt:

M a k e t h e fl a m i n g o 
animated and pink

Action:

Backtrack


Prompt:

Change the flamingo's 
color to pink and make it 
spread its wings and 
dance

…

Full Prompt: A lively pink flamingo spreading its wings as it dances in a rainforest.

Figure 5. Each row shows a different prompt and the corresponding sequence of critic-guided refinement steps. The critic issues actions
(Continue, Restart, Backtrack) and targeted sub-prompts, allowing the generator to progressively correct errors—e.g., hiding the mouse
behind the key, placing the carrot inside the metallic bee in a cubist style, and adjusting the flamingo’s pose. The final images satisfy all
compositional constraints with high fidelity. See appendix for more examples and failure cases (figs. 11 and 12).

41.3% 58.7%

Baseline Ours

Figure 6. Human preference rate. As can be seen our method is
preferred over the parallel only baseline by the human evaluators.

may introduce intermediate artifacts and compound errors328
over longer concept lengths. For GenArtist, we maintain329
the same base model Qwen-Image, while for RPG, we use330
the recent IterComp implementation [39] which uses stable331
diffusion as the base model. Additional details and baseline332
discussions are provided in the appendix.333

TIIF-Bench: In Appendix Table 6, we report results on334
the TIIF-Bench benchmark which evaluates basic and ad-335
vanced instruction-following capabilities of image genera-336
tion models. We set Qwen-Iter+Par achieves state-of-the-art337
results among open-source methods, including a 5.0% im-338
provement over Qwen-Parallel on basic reasoning prompts,339
2.7% on advanced Relation+Reasoning, and 4.0% on text340
rendering. These results underscore the generality of our341
method and its applicability across diverse compositional342
text-to-image scenarios requiring varied reasoning skills.343

4.2. Qualitative analysis and human evaluation344

Here, we qualitatively analyze intermediate generations345
alongside the critic’s refinement prompts and actions. In346

Fig. 5, we show three examples covering different refine- 347
ment patterns. In the first example (prompt: “A mouse 348
hidden by a key”), the initial image incorrectly depicts the 349
mouse holding the key. The critic selects Continue and 350
proposes a refinement prompt to hide the mouse behind 351
the large key so only whiskers and eyes are visible. The 352
next edit still leaves the mouse only partially hidden, so the 353
critic again selects Continue and emphasizes that the mouse 354
should be almost entirely obscured behind the metal key. 355
The subsequent image improves but remains unconvincing, 356
prompting another Continue action with a refinement to en- 357
sure the key dominates the composition and fully obscures 358
the mouse. The final image convincingly depicts a mouse 359
hidden by a key. 360

In the second example (prompt: “a tiny red carrot po- 361
sitioned inside a huge metallic bee, depicted in a cubist 362
style”), the initial image lacks the cubist style. The critic 363
chooses Restart (Fresh Start), yielding a more cubist ren- 364
dering but with the carrot outside the bee. The critic then 365
selects Continue and refines the prompt to place the carrot 366
inside the bee while reinforcing the cubist style. The next 367
image improves on both criteria, and a final Continue in- 368
structs a highly abstract, cubist oil-painting treatment. The 369
resulting image convincingly shows a tiny red carrot inside 370
a metallic bee in a cubist style. 371
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Iteration 1 critic feedback: 
Incorrect
The small wooden ladder has
been removed, and the books
behind it have been inpainted
correctly. However, the shadow
of the ladder remains visible 
on the ground, which is a
leftover artifact that makes the
scene look unnatural. There is
also a slight change in the image
texture/sharpness.

Iteration 1 proposer prompt: Remove ONLY the
small wooden ladder that is leaning on the books
while keeping everything else the same.

Iteration 2 proposer prompt: Remove the small
wooden ladder and the shadow it casts on the
ground while keeping everything else the same.

Iteration 1 critic feedback: 
Incorrect
The request was to remove the
top red book, which should
result in a shorter stack (7
books). However, the edited
image still contains 8 books,
meaning the top book was
replaced or a new book was
added. Additionally, the
sequence of the remaining
books has been altered 

Iteration 1 proposer prompt: Remove ONLY the
single red book at the very top of the stack, while
keeping everything else the same.

Iteration 2 proposer prompt: Take out just the single
red book that is the highest book in the staircase
formation, while keeping everything else the same.

Iteration 1 
critic feedback: 
Incorrect
The object was
not removed. The
second image is
almost identical to
the first.

Iteration 2 proposer prompt: Erase only the single
glass cup sitting in the very front, on top of the stack
of books.

Iteration 2 
critic feedback: 
Incorrect
The requested object
was removed correctly
and the inpainting on the
book is very good.
However, the person in
the background has
completely changed.

Iteration 3 proposer prompt: Take out only
the single, transparent glass in the foreground,
while keeping everything else the same.

Iteration 4 proposer prompt: Remove ONLY the
clear drinking glass positioned in the very front
completely, while keeping everything else the same.

Iteration 3 
critic feedback: 
Incorrect
Object still there. The
transparent glass in
the foreground was
not removed. The
edited image is close
to the original.

Iteration 1 proposer prompt: Erase ONLY the
single, upside-down glass tumbler in the very front,
while keeping everything else the same.

Figure 7. Qualitative analysis on Visual Jenga [2] scene decomposition task. The top row shows how the VLM critic is able to identify
errors (such as shadow residual artifact in first case or incorrect book removal in second case) and issue corrective feedback that the proposer
incorporates for next step instruction. The bottom row shows an example where three rounds of feedback are required to generate correct
removal with critic able to identify even subtle changes such as change of person appearance in background (see iteration 2).

GPT-Parallel GPT-Iter (ours)

Full solve rate (%) (↑) 64.29 76.79

Table 2. Results on Visual Jenga full scene decomposition.
Iterative refinement significantly improves full solve rate over
compute-matched parallel sampling.

Finally, in the third example (prompt: “a lively pink372
flamingo spreading its wings as it dances in a rainforest”),373
the initial image incorrectly shows a flamingo grazing in374
a grass field. The critic selects Continue and refines the375
prompt to set the scene in a rainforest; the next image376
places the flamingo there. The critic then proposes to make377
the flamingo more animated, but this yields an overly “an-378
imated” stylization rather than a lively pose. The critic379
Backtracks to the previous image and refines the prompt380
to make the flamingo lively—explicitly asking it to spread381
its wings and dance in the rainforest. The resulting im-382
age shows a wing-spread, dancing flamingo in a rainforest,383
closely matching the prompt.384

Human Evaluation: We conducted a user study on385
150 randomly sampled prompts from ConceptMix and T2I-386
CompBench. For each prompt, three raters answered a set387
of questions about the generated image, related to the cor-388
rectness of each concept, attribute and relation mentioned in389
the prompt. We also collected preference judgments by pre-390
senting two images side-by-side along with the text prompt391
and asking raters to select their preferred image. A sample392
UI and additional details are provided in the supplemen-393
tal. As shown in Fig. 6, our method is preferred 58.7% of394
the time versus 41.3% for the parallel-only baseline. Inter-395
annotator agreement among humans is 85.3%. The average396
agreement between humans and the language model for the397
same set of images is 83.4%, indicating that the language398
model based evaluator (MMLM) is sufficiently reliable.399

4.3. Visual Jenga Scene Decomposition400

Here, we extend our iterative refinement framework to401
the recent Visual Jenga [2] full scene decomposition task,402

where the goal is to progressively remove objects from a 403
cluttered scene in a physically plausible sequence while 404
maintaining correctness at every intermediate generation. 405
Starting from an initial scene image, the system selects the 406
next object to remove, produces a removal phrase (e.g., “re- 407
move the red mug from the table”), and generates the next 408
scene representation with that object removed. We provide 409
further details of the experimental setup in appendix sec. 7. 410

We use GPT-Image-1.5 as the base generator and editor, 411
and compare against a budget-matched parallel sampling 412
baseline that generates 4 candidates per removal step and 413
uses the same VLM critic as verifier to select the best can- 414
didate. We evaluate on the full decomposition subset con- 415
sisting of 56 unique scenes, and report the full solve rate: a 416
scene is counted as solved only if the method completes the 417
entire decomposition sequence with all intermediate steps 418
satisfactory to human evaluation. As shown in Table 2, 419
applying iterative feedback through VLM critic feedback 420
improves full decomposition solve rate from 64.29% (with 421
parallel sampling) to 76.79%. 422

In Fig. 7, we illustrate how the VLM critic identifies er- 423
rors in candidate removals and how the proposer incorpo- 424
rates this feedback to correct the removal phrases. In the 425
top row first case, removing only the small wooden ladder 426
leaves behind its shadow; the VLM critic identifies this in 427
its feedback, and in the next iteration, the proposer outputs 428
prompt to remove both the ladder and the shadow it casts, 429
producing a correct intermediate scene generation. The sec- 430
ond case in the top row similarly shows the critic detect- 431
ing incorrect removal of the top red book (with the count 432
of books unchanged) and providing precise corrective feed- 433
back. The bottom case shows how three rounds of feedback 434
progressively refine the prompt until the frontmost glass is 435
correctly deemed by critic to be successfully removed. 436

Overall, these results further underscore the benefit of 437
iterative refinement in providing corrective feedback to 438
improve intermediate generations, which is not captured 439
in compute-matched parallel sampling thereby leading to 440

7



CVPR
#XXXX

CVPR
#XXXX

CVPR 2026 Submission #XXXX. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

lower performance in scene decomposition as well.441

4.4. Ablations442

Trade-offs between iterative and parallel compute. We443
analyze the trade-offs between iterative and parallel com-444
putation under different inference-time compute budgets.445
Given a total budget B, we study the allocation be-446
tween iterative steps I and parallel steps P (where I ×447
P = B). As shown in Appendix Table 4, we evalu-448
ate (I, P ) configurations for B ∈ {1, 2, 4, 8, 16}. Due449
to the high computational cost entailed, we conduct this450
analysis on the open-source Qwen-Image model, using451
200 randomly sampled prompts from ConceptMix (bind-452
ing lengths k ∈ {5, 6, 7}) and 100 prompts from T2I-453
CompBench (complex, 3D spatial, numeracy, spatial, color,454
texture). Across larger budgets (B ≥ 4), iterative alloca-455
tion yields higher accuracy than parallel. For B=4, purely456
iterative (I=4, P=1) achieves 48.4% on ConceptMix and457
86.4% on T2I-CompBench, compared to 41.1% and 84.9%458
for purely parallel (I=1, P=4). Similarly, fully-iterative459
(I=B,P=1) outperforms fully-parallel (I=1, P=B) on460
ConceptMix by 15.2% and 17.1% at B=8 and B=16.461

At B=16, the best allocation is I=8, P=2, achieving462
69.6% on ConceptMix and 92.6% on T2I-CompBench,463
compared to I=16, P=1 (69.2% and 92.1%). This indi-464
cates that, at higher budgets, a mixed strategy – primarily465
iterative refinement with a small amount of parallel sam-466
pling – can outperform purely iterative or purely parallel467
approaches. We believe this could be due to diminishing468
returns beyond a certain number of iterative refinements.469
Instead of doing unnecessary refinement steps, allocating470
a portion of compute to parallel candidates improves ex-471
ploration and prevents over-refinement. Note that even472
within mixed allocations, skewing the budget toward iter-473
ation rather than parallelism performs best (Table 4). As474
shown in Fig. 8, settings with higher I (green and red lines475
denoting I=4 and I=8, respectively; purple dot denoting476
I=16) consistently achieve higher solve rates than settings477
with lower I (blue and orange lines denoting I=1 and I=2)478
at the same budget B.479

Choice of VLM critic model and action space Here,480
we analyze the impact of the backbone VLM critic model481
and the action space of the critic model. As shown482
in table. 3, we analyzed usage of Gemini-Pro, GPT-5483
and Qwen3-VL-30B models as the critic models for our484
method on a subset of Conceptmix prompts. As shown,485
with Gemini-Pro as well as GPT-5 as the critic models,486
we achieve 2̃.5% performance improvement than our de-487
fault used Gemini-2.5-Flash model. However, using the488
small open-source Qwen3-VL-30B shows 2.8% perfor-489
mance degradation indicating that recent improvements in490
the foundation model capabilities are critical to our im-491
provement. In Appendix Table 5, we analyze the impact492

1x 2x 4x 8x 16x
Inference Compute Budget (B = I × P)
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Figure 8. Comparison of iterative and parallel compute alloca-
tions. Given a budget of B = 16, mixed allocations of 8 iterative
with 2 parallel generally outperform purely parallel or purely iter-
ative strategies. See app. table 4 for full numeric breakdown.

Critic VLM Solve rate (%).

Gemini-2.5-Flash 69.7
Gemini-Pro 72.2
GPT-5 72.0
Qwen3-VL-30B 66.9

Table 3. Impact of choice of critic VLM on performance.

of the action space of the critic model. As shown, with full 493
action space, we achieve the best accuracy. 494

5. Conclusion 495

We introduced iterative refinement as a simple but broadly 496
applicable inference-time strategy to improve composi- 497
tional image generation capabilities of text-to-image (T2I) 498
models. Our approach combines an image generation and 499
editing model with a vision-language model (VLM) critic 500
in the loop that progressively enables refinement of gen- 501
erated outputs. We show our method achieves strong per- 502
formance benefits over traditional inference-time scaling 503
methods such as parallel sampling on prominent T2I models 504
including Nano-Banana, Qwen-Image and GPT-One. Our 505
framework achieves state-of-art performances across com- 506
positional image generation benchmarks including Con- 507
ceptmix, T2I-CompBench and TIFF as well as the Visual 508
Jenga scene decomposition task. We further perform qual- 509
itative analysis to illustrate how our method works, human 510
evaluation to concretely verify our method beyond bench- 511
marks. We also conduct ablations studying tradeoffs be- 512
tween iterative and parallel compute allocation, and the im- 513
pact of the VLM critic model and its actions space. 514
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Appendix

I P I × P CMix(k{5, 6, 7}) T2I-Avg

1 1 1 32.3 79.8

1 2 2 35.6 82.3
2 1 2 37.2 82.6

1 4 4 41.1 84.9
2 2 4 41.3 84.7
4 1 4 48.4 86.4

1 8 8 44.8 86.5
2 4 8 43.9 87.4
4 2 8 57.6 90.2
8 1 8 60.0 89.9

1 16 16 52.1 87.9
2 8 16 53.4 89.0
4 4 16 66.3 91.7
8 2 16 69.6 92.6
16 1 16 69.2 92.1

Table 4. Average accuracy of configurations sorted by total com-
pute; I = iterative steps, P = parallel steps. A higher proportion
of iterative compute w.r.t. to parallel compute consistently leads
to better results across different computation budgets.

Action Space Solve rate (%).

Full action space 69.7
w/o Backtrack 68.4
w/o Fresh Start 68.1
w/o Backtrack & Fresh Start 67.9

Table 5. Impact of action space components on performance.

6. Further qualitative examples.686

We visualize further samples in the attached interactive687
HTML webpage for different prompt types showcasing our688
method (Iterative Refinement) compared to the baseline689
(best chosen sample out of 16 parallel samples) for 3 model690
families – Qwen-Image, GPT and NanoBanana.691

Limitations and selected failure modes Our qualitative692
analysis reveals two primary failure modes:693

(i) Incorrect VLM reasoning: When the VLM critic694
or verifier produces faulty reasoning, it generates an incor-695
rect verification signal. This can cause genuine errors in696
the generated image to go undetected, or conversely, lead to697
unnecessary refinements of correct images.698

(ii) Inability of editor to make prompted changes: We699
also observed cases where the editor was unable to make700
the desired changes to the image, even though the prompt701
was clear. This is likely due to the complexity of the im-702
age and the limitations of the image editing model. The703
prompt “The image features a heart-shaped giraffe, a tiny704
pink screwdriver, and a huge robot. The screwdriver is po-705
sitioned at the bottom of the robot, touching it.” is an ex-706
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Figure 9. Per-category level improvement for ConceptMix with
Qwen-Image. As can be seen the largest improvement for iterative
refinement comes from Spatial, Size, Style and Shape categories.

Figure 10. Example of model correcting ‘glass-shaped’ chicken
over steps (see full example in visualization html page).

ample of a prompt where the editor was unable to make the 707
desired changes. 708
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Model Overall Basic Following Advanced Following Designer

Avg Attribute Relation Reasoning Avg Attr+Rel Attr+Reas Rel+Reas Style Text Real World

FLUX.1 [dev] [17] 71.1 83.1 87.1 87.3 75.0 65.8 67.1 73.8 69.1 66.7 43.8 70.7
SD 3 [8] 67.5 78.3 83.3 82.1 71.1 61.5 61.1 68.8 51.0 66.7 59.8 63.2
Janus-Pro-7B [7] 66.5 79.3 79.3 78.3 80.3 59.7 66.1 70.5 67.2 60.0 28.8 65.8
MidJourney v7 [24] 68.7 77.4 77.6 82.1 72.6 64.7 67.2 81.2 60.7 83.3 24.8 68.8
Seedream 3.0 [10] 86.0 87.1 90.5 89.9 80.9 79.2 79.8 77.2 75.6 100.0 97.2 83.2
Qwen-Parallel [33] 85.2 85.2 89.7 88.3 77.7 80.6 81.9 79.6 77.8 89.7 93.7 90.4

Qwen-Iter 85.4 85.0 92.0 80.5 82.3 81.3 80.8 80.1 80.2 86.2 97.6 88.4
Qwen-Iter+Par 87.4 88.1 90.5 88.1 85.4 81.5 81.4 82.0 80.5 90.0 97.7 92.0

Table 6. Performance comparison across prominent open source text-to-image models on TIFF [32] benchmark (short descriptions only;
full long description results in suppl.). Qwen-Iter+Par achieves state-of-art and is especially beneficial on Basic Reasoning scenario as well
as Attr+Reas, Rel+Reas and Text-writing categories. Compute-matched Qwen-Parallel has overall poorer performance to iterative variants.

Figure 11. Example of a failure case due to verifier not detecting
giraffe is not heart shaped (see full example in visualization html
page).

7. Further experiment details709

We provide further experiment details here regarding mod-710
els used and how they were accessed. Upon acceptance, we711
will release the codebase.712

Image Generation Models:713
• Qwen-Image and Qwen-Image-Edit: Weights obtained714

from the Hugging Face model hub.715
• GPT-Image-One: Run on ’auto’ inference setting (for716

cost reasons) with official closed-source OpenAI API us-717
ing model id: gpt-image-one.718

• NanoBanana: Run on default inference set-719
ting with Google GenAI API using model id:720
gemini-2.5-flash-image.721
Verifier and Critic Models:722

• Gemini-2.5-Flash-Lite: Used for our primary experi-723
ments as the in-loop critic and verifier with Google GenAI724

Figure 12. Example of a failure case where editor is not able to
add carrot in front of pine tree.

API using model id: gemini-2.5-flash-lite. 725
• Gemini-2.5-Pro: Used for ablation studies and as final 726

evaluation verifier for ConceptMix. 727
• GPT-4o: Used for T2I-CompBench and TIIF-Bench as 728

official VLM evaluator (following benchmark protocol). 729
• GPT-5-Mini: Used for ablation on ’auto’ thinking com- 730

plexity (for cost reasons) with official closed-source Ope- 731
nAI API using model id: gpt-5. 732

• Qwen3-VL-32B-Instruct: Used for ablation studies with 733
weights obtained from official Hugging Face model hub. 734

Visual Jenga iterative refinement setup: At each step, 735
given the current scene, a VLM proposer suggests the next 736
object and corresponding removal phrase, which is passed 737
to the editor to generate the next scene. We then feed both 738
the previous and next images to a VLM critic that checks 739
(1) the specified object was removed correctly, and (2) no 740
other violations occurred (hallucinations, artifacts, identity 741
drift, or physically implausible changes). If a violation is 742

12
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detected, the critic returns structured feedback that is fed743
back into the proposer to generate a more precise removal744
phrase or to choose an alternate next object, and the step is745
retried. This continues until the step is verified by the critic746
or the per-step compute budget is exhausted (in which case747
the highest scoring candidate is selected). We report results748
using GPT-Image-1.5.749

We provide system and user prompts provided to the750
VLM critic at each turn below.751

User Prompt (Provided to critic after each iteration)

Full complex prompt: In an abstract ink style im-
age, a corgi stands near a large tree. Nearby, there
are three tiny hills with a metallic texture.

Your previous step prompts were:
• Step 1: In an abstract ink style image, a corgi

stands near a large tree. Nearby, there are three
tiny hills with a metallic texture.

• Step 2: Change the texture of the three hills in the
foreground to be shiny and metallic.

The most recently generated image had the fol-
lowing verifier scores:
• Does the image contain corgi?: 1
• Does the image contain hills?: 1
• Does the hill have a metallic texture?: 1
• Is the style of the image abstract?: 0
• Is the style of the image ink?: 1
• Is the hill tiny in size?: 1
• Is the number of hills exactly 3?: 1
• Cumulative mean binary score: 0.857

The maximum number of editing steps is 4. This is
step 3 of image editing and you will have 1 step left
to complete the task. Decide the next step prompt
accordingly.

752

System Prompt for Critic

You are a helpful assistant that given a complex im-
age generation prompt and previously generated im-
age along with verifier scores, generates the best
next step prompt for an image editing model.
The idea is to generate the image over multiple edit-
ing and refinement steps, so the next step prompt
should either edit the previous image to improve it
or add new elements to the image. Some suggested
guidelines are:
• Check if previous step worked correctly
• Identify any important missing element from full

prompt
• Check if there is space for new elements to be

added in the current frame. If not, then prompt
model to zoom out and make space first.

• In case of errors, prompt model to fix them or
delete the incorrect element.

You have to choose from the following actions:
1. CONTINUE: Continue editing the most recently

generated image to improve it with your pro-
posed prompt.

2. BACKTRACK: Backtrack to image before the
most recently generated image, and edit that im-
age with your proposed prompt.

3. FRESH START: Start entirely from scratch with
your proposed prompt due to major unfixable er-
rors over steps.

4. STOP: Stop the editing process due to comple-
tion of the task

You will be provided following inputs:
• The full complex prompt
• Your previously proposed step prompts
• The most recently generated image (which is at-

tached for your reference) along with verifier
scores (sometimes verifier can be wrong for at-
tribute counts questions)

You have to output two things:
1. The action to be taken
2. The next step prompt that will be given to the

image editor or generator
The maximum number of editing steps is 4. This is
step 1 of image editing and you will have 3 steps left
to complete the task. Decide the next step prompt
accordingly.
Output your response in the following format:

Action: [action to be taken]
Prompt: [next step prompt]

753

Further compositional generation baselines. We com- 754
pare against prominent methods including IterComp [39], 755
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Figure 13. User interface for the pairwise preference question
showing two generated images side-by-side along with the cor-
responding text prompt.

RPG, and GenArtist [29]. For IterComp and RPG, we756
use their official codebases and checkpoints from https:757
//github.com/YangLing0818/IterComp and758
https : / / github . com / YangLing0818 / RPG -759
DiffusionMaster, respectively. For GenArtist, we760
use code from https://github.com/zhenyuw16/761
GenArtist and initialize the image generator and edi-762
tor with Qwen-Image and Qwen-Edit for fair comparison,763
which we empirically found to perform better than their764
original Stable Diffusion [23] models. We adopt all other765
tools as specified in their original codebase.766

7.1. Human evaluation details767

To conduct our human evaluation for the images, we first768
selected a random subset of 150 images from Concept-769
Mix [35]. From the k=5, 6, 7 groups we selected 45, 50,770
and 55 images, respectively. We then generated images for771
these prompts using the Qwen [33] model with inference-772
time budget of 16 computational steps under two settings:773
(i) baseline best parallely sampled image, and (ii) our itera-774
tive method’s best refined image. We defined each image’s775
score as the number of evaluation questions the model an-776
swered ”yes” to out of the total number (5, 6, or 7) of eval-777
uation questions for that image. This produced 150 pairs of778
images, each with an associated score. We randomly shuf-779
fled these pairs and partitioned them into 25 blocks of 6780
image-pair tasks. For each block, three participants eval-781
uated every image using that image’s ConceptMix yes/no782
evaluation questions. Within each pair, the images gen-783
erated by our iterative method and by the parallel sam-784
pling method were shown in random order. After answering785
the yes/no questions for each image, participants were also786
asked, given the prompt, which of the two images they pre-787
ferred. Examples of our form UI can be seen in Figure 13788
and Figure 14. In total, we collected responses from 75789
unique participants (3 participants per block), providing the790
data used in our human evaluation analysis.791

We computed several key metrics from this human evalu-792
ation study. As seen in Table 7, Human evaluators achieved793
a mean net solve rate of 91.0% and a mean perfect solve rate794
of 55.7% across all participants. For human–model agree-795
ment, images generated with 8 iterative refinement steps796

Figure 14. User interface for the yes/no evaluation questions
used to assess whether each concept, attribute, and relation in the
prompt is correctly depicted in the generated image.

Participant Net Solve Rate Images Perfect Perfect Solve Rate

Participant 1 0.905 165/300 0.550
Participant 2 0.912 169/300 0.563
Participant 3 0.912 167/300 0.557

Mean 0.910 0.557

Table 7. Human evaluator solve rates across all participants. Net
solve rate represents the percentage of questions marked as ‘cor-
rect’ by evaluator for given images, while perfect solve rate repre-
sents the percentage of images where all questions were answered
correctly.

showed higher agreement with human evaluators (88.9% 797
net agreement, 30.6% perfect agreement) compared to the 798
highest-rated image out of 8 images generated in paral- 799
lel with a single iterative step each (82.1% net agreement, 800
18.7% perfect agreement). In Table 8, when comparing 801
the two generation methods directly, the net agreement for 802
images produced with 8 iterative steps is slightly higher 803
than for images generated in parallel with a single step 804
(86.1% vs. 84.8% net agreement), and our method’s im- 805
ages achieve higher perfect agreement rates as well (37.3% 806
vs. 33.3%). This preference is most pronounced for k=6 807
prompts (66.7% preference for our method) and somewhat 808
weaker for k=5 (57.3%) and k=7 (54.7%) prompts. 809

7.2. Additional experiment specifications 810

We show cumulative results over different models for Con- 811
ceptMix k = 1 to k = 7 in Figure 15. As illus- 812
trated, our iterative refinement approach consistently out- 813
performs the parallel-only baseline across all three models 814
(Qwen-Image, Nano-Banana, and GPT-Image) and across 815
all prompt complexity levels. The performance benefits are 816
most pronounced for Qwen-Image, where we observe sub- 817
stantial improvements particularly at higher binding com- 818
plexities (k = 5 through k = 7), with gains exceeding 15% 819
in solve rate. These results demonstrate the robustness and 820
generalizability of our method across different model archi- 821
tectures and compositional difficulty levels. 822

We show further results of our compute-budget alloca- 823
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Image Type Agreed Questions Total Questions Percentage

Perfect Agreements

Para. 50 150 33.3%
Iter. 56 150 37.3%

Net Preferences by k Category

k Category Para. Iterative Iter. vs Para.

k=5 42.7% 57.3% +14.6%
k=6 47.3% 64.7% +17.4%
k=7 45.3% 54.7% +9.4%

Table 8. Human-iteration agreement analysis comparing images
generated with 1 iterative step vs. images generated with 8 itera-
tive steps. Perfect agreements represent images where all human
evaluators agreed on all questions. Net agreements represent total
agreed questions across all evaluators. Preferences show the per-
centage of cases where each method was preferred by humans for
different complexity levels (k), and the rightmost column reports
the improvement of 8 iterative steps over 1 iterative step.
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Figure 15. Performance of experimented models on Concept-
Mix k=1 to k=7 comparison for different models. As shown, our
method consistently improves over the baseline across models and
prompt complexities.

tion experiments for T2I Bench in Figure 16. As shown,824
higher iterative compute is linked to higher T2I-Avg score,825
and mixed allocations of 8 iterative to 2 parallel gener-826
ally outperform purely parallel or purely iterative strategies.827
This follows a similar pattern to conceptmix results reported828
in original paper.For these experiments, we used a subset of829
30 prompts for each T2I-Bench category for compute rea-830
sons.831
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Figure 16. Comparison of iterative and parallel compute alloca-
tions on T2I-Bench. Given a budget of B = 16, mixed allocations
of 8 iterative to 2 parallel generally outperform purely parallel or
purely iterative strategies.
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