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ABSTRACT
Despite recent advances in text-to-image (T2I) models,
they often fail to faithfully render all elements of complex
prompts, frequently omitting or misrepresenting specific ob-
jects and attributes. Test-time optimization has emerged as
a promising approach to address this limitation by refining
generation without the need for retraining. In this paper,
we propose a fine-grained test-time optimization frame-
work that enhances compositional faithfulness in T2I gen-
eration. Unlike most of prior approaches that rely solely
on a global image–text similarity score, our method decom-
poses the input prompt into semantic concepts and eval-
uates alignment at both the global and concept levels. A
fine-grained variant of CLIP is used to compute concept-
level correspondence, producing detailed feedback on miss-
ing or inaccurate concepts. This feedback is fed into an
iterative prompt refinement loop, enabling the large lan-
guage model to propose improved prompts. Experiments
on DrawBench and CompBench prompts demonstrate that
our method significantly improves concept coverage and
human-judged faithfulness over both standard test-time op-
timization and the base T2I model. Code is available at:
https://github.com/AmirMansurian/NoConceptLeftBehind

Index Terms— Text-to-Image Generation, Test-time Op-
timization, Compositionality

1. INTRODUCTION

Text-to-image (T2I) generation has seen rapid progress with
models such as DALL·E [1], Stable Diffusion [2], and
FLUX [3, 4], which can synthesize realistic images from
natural language descriptions. Despite impressive zero-shot
capabilities, these models often struggle with compositional
faithfulness: faithfully representing all objects, attributes, and
relations described in the prompt [5, 6].

A promising direction to mitigate such failures is test-time
optimization. Instead of retraining large models, one can re-
fine the input prompt or generation process iteratively, guided
by a scoring function. Recent frameworks demonstrate that
large language models (LLMs) can be used at inference time
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Fig. 1. Overall diagram of the proposed framework. Input
prompt is first processed by the Concept Extractor module,
which extracts key concepts from the initial prompt. Then, in
each step, the Generator module uses an LLM to rewrite di-
verse prompts based on both overall and concept-level scores,
and a T2I model generates candidate images. The Scorer
module evaluates these candidates using a fine-grained vari-
ant of CLIP, and the scores are fed back to the generator. Af-
ter a certain number of iterations, the final image is produced.
Concept-level scores help the LLM address missing concepts
from previous steps and rewrite improved prompts.

to generate and refine candidate prompts, while an external
scorer evaluates image–text alignment [7, 8, 9, 10]. This loop
can progressively improve results without additional training
data. One such framework is MILS [10] (Multimodal Iterative
LLM Solver), which leverages an LLM to propose prompts
and a global CLIP-based [11] scorer to evaluate generated
images. While MILS demonstrates the potential of test-time
iterative optimization, it is limited by its reliance on a single,
coarse similarity score. A global CLIP similarity may assign
a high score even if some prompt concepts are missing, since
it measures overall match rather than concept-level fidelity.

Contributions. We propose a fine-grained test-time op-
timization framework for text-to-image generation that im-
proves compositional fidelity (Figure 1). Our approach ex-
tends iterative prompt refinement by introducing concept ex-



traction and a fine-grained CLIP scorer that evaluates both
global prompt–image alignment and per-concept correspon-
dence. By feeding these detailed scores back to the LLM,
the system is guided to explicitly recover missing objects,
attributes, and relations, resulting in images that more faith-
fully capture all aspects of the input prompt while maintaining
overall semantic alignment.

2. RELATED WORK

T2I generation has rapidly advanced from early GAN-based
approaches to transformer-based and diffusion models that
achieve striking visual quality [12, 13, 1, 14, 2]. Recent large-
scale diffusion models, including DALL·E 2 [1], Stable Dif-
fusion [2], and FLUX [3] demonstrate impressive zero-shot
generation capabilities across diverse prompts. Despite these
advances, even state-of-the-art models remain prone to com-
positional errors, often omitting or misrepresenting specific
objects, attributes, or spatial relations when prompts become
complex or multi-object in nature.

One promising direction for addressing this challenge is
test-time optimization, which adapts or refines model behav-
ior during inference without additional training, often improv-
ing robustness and alignment with task-specific requirements.
Several recent studies have demonstrated that prompt opti-
mization at test time can significantly enhance performance.
For instance, [7] iteratively rewrites prompts by obtaining
feedback from a visual question answering model, another
variant refines prompts using a multimodal large language
model [9], and MILS [10] introduces an iterative framework
driven by CLIP-based feedback. To reduce the inference-
time burden of such methods, [8] also proposes a fast, single-
iteration prompt alignment.

3. METHOD

3.1. Overview

Given an input prompt P , we first extract its key semantic
concepts (e.g., objects, attributes, relations), and then evalu-
ate generated images with both a global similarity score and
per-concept scores computed via a fine-grained CLIP model.
This feedback is used in an iterative loop to refine candidate
prompts proposed by an LLM, leading to images that more
faithfully capture all prompt elements. Figure 1 illustrates the
overall diagram of the proposed method.

3.2. Concept Extraction

Let P be the input prompt, decomposed into a set of k con-
cepts: C(P ) = {c1, c2, . . . , ck}. Concepts include objects,
attributes, and relations. We obtain C(P ) using a syntactic
parser or an LLM-based semantic extractor.

3.3. Fine-Grained Scoring

Given the input prompt P and the generated image I from the
T2I model, we compute two types of similarity scores:

Sglobal(I, P ) = CLIP(I, P ), (1)
si(I, ci) = CLIP(I, ci), i = 1, . . . , k, (2)

where CLIP(·, ·) denotes cosine similarity in the joint embed-
ding space of a fine-grained CLIP variant. The global score
measures alignment with the entire prompt, while si evaluates
the presence of each concept individually.

3.4. Optimization Formulation

The standard MILS [10] framework optimizes only the global
score:

max
I

Sglobal(I, P ). (3)

In contrast, we formulate the problem as a multi-objective op-
timization:

max
I

Sglobal(I, P ) +
1

k

k∑
i=1

si(I, ci), (4)

where this objective explicitly encourages generated images
to satisfy all extracted concepts.

3.5. Iterative Refinement

At each iteration, the LLM proposes a batch of candidate
prompts. For each candidate P̃ , images are generated and
scored using the above objective. The top-ranked candidates,
along with detailed per-concept scores, are fed back into the
LLM to guide subsequent generations. This loop continues
until convergence or a fixed number of iterations.

3.6. Signal Processing Viewpoint

Our method can be interpreted through the lens of signal pro-
cessing. The prompt P is analogous to a composite signal
with semantic “frequency components” {ci}. A global sim-
ilarity score reflects total signal energy, which may remain
high even if some bands are missing. By projecting the gen-
erated image I onto each concept ci via si(I, ci), we perform
a filter-bank–like decomposition. Iteratively refining prompts
with these projections resembles adaptive equalization, ensur-
ing all components are preserved. This perspective grounds
our method: it enforces both global alignment and the faith-
ful preservation of individual concepts, akin to maintaining
overall energy and spectral detail in classical signal recon-
struction.



Table 1. Quantitative results comparison on T2I CompBench and DrawBench prompts.

Method T2I CompBench DrawBench

VQA CLIP (L) Captioning (L) GPT4-o VQA CLIP (L) Captioning (L) GPT4-o

FLUX 0.865 0.272 0.687 0.717 0.620 0.279 0.645 0.719
MILS 0.925 0.287 0.694 0.744 0.665 0.299 0.671 0.765
Our 0.955 0.295 0.701 0.810 0.715 0.304 0.677 0.827

Fig. 2. Win rate comparison judged by human evaluation.

4. EXPERIMENTS

4.1. Datasets and Evaluation Metrics

We evaluate our method using two widely adopted bench-
marks. First, DrawBench [14], a set of 200 prompts designed
to test text-image alignment, across 11 categories. Second,
a curated subset of T2I-CompBench [15], where we select
200 prompts distributed across 8 compositional categories.
Details about the categories and sampling procedure are pro-
vided in Appendix A.1.

For evaluation, we employ both human and automated
metrics. Human evaluation follows a win-rate protocol
against the baseline under clear guidelines to reduce subjec-
tivity, with three evaluators whose judgments are aggregated
by majority vote. Automated evaluation consists of several
complementary metrics: Visual Question Answering (VQA)
using BLIP [16], CLIP Score [17] measuring text–image sim-
ilarity in the CLIP embedding space, and Captioning Score,
which computes the similarity between the BLIP-generated
caption and the original prompt in the CLIP text embedding
space. We further introduce a GPT Score, where GPT-4o
rates alignment between prompt and image on a [0, 1] scale,
using category-specific prompts (e.g., attributes, spatial rela-
tions, numeracy) to capture different types of compositional
alignment. Details about the evaluation metrics are provided
in Appendix A.2.

4.2. Implementation Details

We extend the MILS [10] codebase by integrating several key
components. As the scorer, we employ FG-CLIP [18], a fine-
grained variant of CLIP trained for region-to-word alignment.
For text-to-image generation, we adopt FLUX.1 [schnell] [3],
and for re-writing prompts and extracting concepts from the
input, we utilize LLaMA-3.1-8B-Instruct [19].

During optimization, 50 new prompts are generated at
each iteration, while the top 20 prompts from the previous
step are retained. The process runs for a total of 10 itera-
tions. Prompt templates for re-writing and concept extraction
are provided in the Appendix B.

4.3. Quantitative and Qualitative Results

Table 1 presents the evaluation metrics for the base gener-
ator method (FLUX), the MILS baseline, and our proposed
method on two datasets. As shown in the table, our method
consistently outperforms the baselines across all metrics,
demonstrating the effectiveness of incorporating fine-grained
views to enhance compositional faithfulness in T2I genera-
tion. In particular, our method yields significant improve-
ments over the FLUX baseline and achieves a clear margin
of superiority over the MILS framework across nearly all
metrics.

Furthermore, Figure 2 illustrates the win rate of our
method compared with FLUX and MILS in terms of both
image quality and text faithfulness. The results confirm that
images generated by our method are more frequently pre-
ferred in human evaluations.

In addition, Figure 3 provides a qualitative comparison
between our method and the baselines. It can be observed
that the proposed method enhances the quality of generated
images across various categories, including counting, spatial
relationships, text rendering, and conflicting prompts.

4.4. Ablation Study

To further validate the effectiveness of the proposed method,
we conducted ablation studies. Figure 4 presents the results
of our method across different iterations and evaluation met-
rics on both datasets. It can be observed that even in the
first iteration, our method achieves strong performance com-
pared to the FLUX baseline and almost consistently outper-



M
IL
S

A banana on the 
left of an apple

Four cars on the 
street

A rabbit on the 
right of a wallet

A fish eating a 
pelican

A bridge connecting 
Europe and North 

America

New York Skyline with 
'Diffusion' written with 

fireworks on the sky

Six keys

Fl
u
x

O
u
rs

Fig. 3. Qualitative comparison with FLUX and MILS baselines on sample prompts from DrawBench and CompBench across
different categories.
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Fig. 4. Per-step comparison of our method with Flux and
MILS baselines across two metrics on the DrawBench and
CompBench prompts.

forms MILS at every iteration. As noted earlier, test-time
optimization methods typically introduce additional compu-
tational overhead; however, our method surpasses the base-
lines even at the first step. This flexibility allows practitioners
to obtain strong results with minimal overhead, while further
improvements can be achieved by increasing the number of
iterations if additional computation is acceptable.

In addition, Figure 5 presents an ablation study of our
method’s performance across different prompt categories in
comparison to the FLUX and MILS baselines. The results
show that our method achieves performance that is consis-
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Fig. 5. Comparison of GPT4-o scores for the proposed
method against FLUX and MILS baselines across different
prompt categories on DrawBench and CompBench.

tently better than or on par with MILS across all categories.
Notably, it performs marginally better in challenging cat-
egories such as counting, spatial relationships, and color
prompts, which is consistent with the qualitative comparisons
presented earlier in Figure 3. Thanks to the fine-grained view
of our method, compositional improvements are achieved
throughout the process, leading to marginally better results in
certain categories. Examples of generated images and their
corresponding prompts at intermediate iterations are provided
in the Appendix C.



5. DISCUSSION

Fine-grained scoring provides interpretable feedback, explic-
itly identifying which concepts are underrepresented. This
enables the LLM to focus its refinements on the missing ele-
ments rather than making generic changes. The result is im-
proved compositional fidelity without sacrificing visual qual-
ity. The main limitation lies in concept extraction accuracy
and the reliance on CLIP for semantic judgments. Future
work could explore combining fine-grained CLIP with object
detectors or segmentation models for more robust scoring.

6. CONCLUSION

We presented a fine-grained test-time optimization method
for text-to-image generation. By decomposing prompts into
concepts and scoring them with a fine-grained CLIP model,
our approach supplies detailed feedback to an iterative refine-
ment loop. This yields images that more faithfully capture
all aspects of the input prompt, outperforming both MILS
and raw T2I generation baselines. Our method highlights the
promise of concept-aware test-time optimization for improv-
ing the compositionality of generative models.
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A. DATASETS AND EVALUATION METRICS

A.1. Datasets

For a comprehensive evaluation, we employ two complemen-
tary datasets that test different aspects of compositional text-
to-image generation. The first dataset is DrawBench [14],
which consists of 200 prompts carefully constructed to probe
a wide spectrum of linguistic and visual phenomena. The
prompts are grouped into eleven categories that reflect key
challenges in text-to-image generation: ... This dataset is
particularly useful because it provides short and interpretable
prompts that isolate specific sources of compositional error,
enabling controlled comparisons across methods.

In addition to DrawBench, we also evaluate on a curated
subset of T2I-CompBench [15], a benchmark designed to rig-
orously test compositional generalization. From this bench-
mark, we select 200 prompts divided evenly across eight cate-
gories, with 25 prompts in each. The selected categories cover
color binding, texture binding, shape binding, 2D spatial rela-
tion, 3D spatial relation, non-spatial relation, numeracy, and
complex. This controlled subset allows us to systematically
probe distinct forms of compositional reasoning while keep-
ing the evaluation scale manageable and consistent across cat-
egories.

A.2. Evaluation Metrics

To assess the quality of generated images, we adopt both
human-based and automated evaluation metrics. Human

evaluation follows a win-rate protocol in which three inde-
pendent annotators compare outputs from our method and
the baseline model. For each prompt, the annotators are pre-
sented with the text prompt and two corresponding images
side by side, without any indication of which image comes
from which method. They are asked to judge which image
better reflects the compositional alignment with the prompt.
We then compute the average win rate across annotators to
produce a robust measure of human preference. This setup
ensures fairness and minimizes bias by anonymizing the
image sources.

Prompt for Concept Extraction

Task:
Extract multiple essential key or compositional phrases
from the image description. These phrases should repre-
sent:

• Visually grounded object descriptions

• Compositional variants (e.g., Big wooden teddy →
big teddy, wooden teddy)

• Object–Subject–Relation (e.g., big wooden teddy
stands under green tree → teddy stands under tree)

Do not add extra interpretation or paraphrasing. Extract
only from the sentence.
Generate only extracted tokens in comma-separated format
(e.g. big teddy, wooden teddy, teddy stand under tree, ...)

###image description:
{init description}
###extracted tokens:

Fig. 6. Prompt template used for extracting concepts.

Alongside human evaluation, we employ several auto-
mated metrics. Visual Question Answering (VQA) accuracy
is measured by applying models such as BLIP [16], which
answer automatically derived questions about the generated
images. CLIP Score [17] is computed as the cosine similarity
between the CLIP embeddings of the prompt and the gen-
erated image, offering a widely used proxy for text–image
alignment. To further capture semantic correspondence, we
also calculate a Captioning Score: for each generated image,
a BLIP captioning model [16] produces a textual descrip-
tion, which is then compared against the original prompt in
the CLIP text embedding space following [17]. Finally, to
make the evaluation more diverse and robust, we include a
GPT-based metric, in which GPT-4o is provided with both
the prompt and the generated image and asked to return a
scalar score in the range [0, 1] that reflects the alignment be-
tween the two. This multimodal assessment complements
traditional metrics by incorporating reasoning abilities from
a state-of-the-art vision-language model.



Prompt for Description Rephrasing

You need to expand and rephrase the provided description
for image generation to make the best image, by maximiz-
ing the image score:

• Overall score: how well the full description matches
the generated image.

• Word scores: how well individual key tokens (ob-
jects, attributes, relations) from the description align
with the image.

Current Description:
{init description}

Here are some example rephrases and the corresponding
image scores and token-level alignment scores:
{descriptions}

Instruction:
Generate 50 new descriptions that maximize both the over-
all and token-level scores. Produce substantive rewrites that
strengthen weak tokens and preserve high-scored tokens
from prior examples. Place each instruction on a separate
line, with a numeric counter (e.g., “1. ... 2. ...”), and ensure
each is concise (<77 words).

Fig. 7. Prompt template used for generating improved image
descriptions.

B. PROMPTS

In this work, two carefully designed prompt templates form
the foundation of our optimization framework. The first, il-
lustrated in Figure 6, is dedicated to concept extraction. Its
purpose is to decompose an input description into a set of
visually grounded and semantically essential units—objects,
attributes, and relations—without introducing additional in-
terpretation beyond the original text. This process ensures
that every critical element of the description, such as “blue
pizza” or “teddy stands under tree,” is explicitly identified as
an independent concept. To achieve this, the prompt enforces
a structured output format, which provides a reliable basis for
fine-grained alignment checks at the level of individual con-
cepts.

The second prompt, shown in Figure7, is designed for de-
scription rephrasing and expansion. At this stage, both global
and per-concept scores are leveraged to iteratively refine the
input description. The prompt instructs the model to generate
multiple rewritten versions of the original description, with
the dual goal of maximizing overall semantic alignment and
strengthening weaker tokens flagged by concept-level scores.
For example, if an object such as a “red mouse” is consistently
underrepresented in generated images, the rewritten descrip-
tions place stronger emphasis on that element in subsequent
iterations. At the same time, the prompt encourages preserva-

tion of concepts already aligned well, thereby ensuring com-
prehensive coverage without introducing redundancy.

Together, these two prompts create a closed feedback
loop. The concept extraction prompt isolates and formalizes
the essential building blocks of the description, while the
rephrasing prompt integrates global and fine-grained feed-
back to reinforce underrepresented elements. This iterative
interaction allows the optimization process to systematically
recover missing details while maintaining fluent and natural
phrasing. By alternating between structured decomposition
and score-guided rewriting, the framework ensures that gen-
erated images not only reflect the overall intent of the prompt
but also faithfully capture each constituent concept.

C. METHOD OUTPUT EXAMPLES

The iterative nature of our method makes it possible to gener-
ate more faithful images by improving the prompt at each iter-
ation of the optimization process. Figure 8 shows the outputs
of the method across iterations for several samples in different
prompt categories such as coloring, position, and counting. It
also presents the corresponding generated prompt for each it-
eration.

As can be seen, at each iteration the LLM re-generates
improved prompts based on feedback from the scorer, which
provides both overall and concept-level scores. This guides
the LLM to avoid missing any concepts in the prompt.

In the first row, the FLUX model is prompted with “A blue
colored pizza”. It initially produces a normal pizza with a blue
background. At the first step, however, our method generates
the correct image corresponding to the input prompt. In sub-
sequent steps, our method continues to generate a blue pizza,
but with progressively better quality. This demonstrates that
our method can achieve strong results even in the early iter-
ations, allowing inference time to be reduced by limiting the
number of steps.

In the second row, we again observe that the FLUX model
fails to generate the correct output. In contrast, our method
produces more faithful images at steps 1 and 5, with further
improvements in quality by step 10.

In the final example, the method still fails to produce the
correct image by the 9th step, as the number of objects is in-
correct. However, by the 10th step, our method successfully
generates the correct image with good quality. This further
validates the effectiveness of the fine-grained feedback incor-
porated in our proposed method.



Prompt: A blue coloured 
pizza

Step1: The image of a 
blue pizza is a treat for 

the eyes

Step2: A blue pizza that's both 
visually stunning and 

incredibly delicious, with a 
unique flavor profile

Step10: A beautiful blue pizza 
that's both visually stunning 
and mouthwatering, with a 

unique flavor profile

Prompt: a cat on the top 
of a candle

Step1: A cat sits at the 
top of a lit candle, 
enjoying the view

Step5: A peaceful scene unfolds 
as a cat sits on the top of a 

candle, surrounded by gentle 
shadows and a sense of calm

Step10: In a peaceful 
atmosphere, a cat is sitting on 

the top of a candle, its 
presence a soothing influence

Prompt: four cups and 
three ships

Step2: Four tiny cups 
and three majestic ships 

set sail

Step9: Four delicate cups and 
three majestic ships glide across 
the open waters, a picturesque 

scene of serenity

Step10: In the calm and serene 
ocean, four lovely cups and three 

majestic ships set sail, their 
serenity a true marvel

Fig. 8. Improved images are generated at each iteration of the proposed method, along with the corresponding prompts. In each
iteration, the prompt is optimized by the LLM, leading to higher-quality output images.
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