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Abstract

In the fields of advertising design, artistic cre-
ation, and cultural dissemination, there is an
increasingly urgent demand for high-quality
images that cater to fine-grained aesthetic pref-
erences. Although existing large-scale mod-
els can generally meet basic requirements for
clarity and alignment with textual elements,
they still face significant bottlenecks in achiev-
ing precise control and aesthetic optimization.
To address this limitation, we propose a set
of comprehensive preference indicators across
two major dimensions, text-image consistency
and aesthetic quality, encompassing multiple
criteria ranging from exposure and clarity to vi-
sual guidance and innovativeness. Building on
these indicators, we have developed a genera-
tive framework named AesX to steer the model
consistently toward a generation path that more
closely aligns with human aesthetic sensibil-
ities. Our experimental findings demonstrate
that this approach yields significant improve-
ments in both target recognition accuracy and
overall visual aesthetic presentation.

1 Introduction

Image aesthetic quality that aligns with human pref-
erence is critically important and can play a signif-
icant role across a variety of fields and industries,
such as advertising design, fashion e-commerce,
and medical imaging. Current image generation
models already demonstrate strong capabilities in
producing high-quality images. For example, some
recent works align with human preferences and
achieve high aesthetic standards in aspects like text-
image consistency and image clarity (Huang et al.,
2024a,b), color richness (He et al., 2022). They
design aesthetic scores to align with human prefer-
ence (Li et al., 2024; Redies et al., 2024; Xiao et al.,
2024). However, these existing approaches gener-
ally do not analyze human preference at a finer
granularity, which leads to two primary problems:
first, the generated images are often not of suffi-

ciently high quality, and second, there is limited
controllability over the quality attributes of these
images. For example, while images that exhibit bet-
ter text-image consistency by accurately depicting
the described elements as shown in Fig. 1(b;) com-
pared with Fig. 1(a), our desired outputs require
more refined aesthetic attributes such as balanced
composition and emotional resonance as illustrated
Fig. 1(c). Compared with Fig. 1(bs), Fig. 1(c)
demonstrates better aesthetic effects in terms of
lighting and emotion.

We posit that one key solution to these two prob-
lems lies in designing more refined human prefer-
ences. Therefore, in this work, we first propose
a set of metrics that encompass both text-image
consistency and an aesthetic quality score. text-
image consistency is defined through image sub-
ject accuracy and image subject completeness; the
aesthetic quality score comprises exposure, clar-
ity, color, noise control, focusing, rules usage, vi-
sual guidance, simplicity, sense of balance, unique
perspective, creative expression, storytelling, emo-
tional conveyance, authenticity, resonance, aes-
thetic value, cultural connotation, era significance,
and innovativeness.

A second key solution is to integrate a knowl-
edge enhancement module into the image gen-
eration process, such that these refined human
preferences can be embedded within a Monte
Carlo-based approach. Concretely, we propose
a high-quality score image generation framework
named AesX where Aes stands for aesthetic quality
and X stands for extensibility '. AesX injects the
aforementioned metrics as explicit knowledge in-
structions into the image generation model, thereby
guiding it to produce images that more precisely
satisfy these fine-grained human preferences.

A third solution is to introduce a preference en-
hancement module that provides real-time discrim-
ination and control during the image generation
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Text: In the forest, a woman sits on a rock, surrounded by maple leaves. In the distance, there is a bridge, with a stream flowing beneath it.
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Figure 1: Comparing (a)’s text-image inconsistency with (b1)’s basic accuracy, as well as (b2)’s low aesthetic quality with (c)’s

refined composition and emotional resonance.

process. Specifically, at each step of image genera-
tion, we integrate a reward model that performs a
trade-off between depth and breadth. By compar-
ing the newly generated image with the previously
generated one and incorporating a referee mecha-
nism, the model is incentivized to follow an optimal
path toward producing higher-quality images.

2 Related Work

Text-to-Image Generation. Liang et al. (2024)
introduced more extensive human-feedback mech-
anisms to evaluate and optimize the interpretability
of text-to-image generation. Shi et al. (2024) uti-
lized existing pretrained models to achieve person-
alized text-to-image generation without fine-tuning,
thereby substantially enhancing efficiency. Wang
et al. (2024c¢) designed multimodal prompts and
post-processing mechanisms in text-to-image gen-
eration. Qin et al. (2024) constructed a language-
model—driven text-to-image generation system for
enhancing semantic expansion and cross-model in-
teroperability. Wang et al. (2024a) introduced a
cost-free method for preserving visual styles in text-
to-image outputs which requires no extra training.
Liao et al. (2024) proposed a specialized cross-
modal framework for abstract concepts. Zhou et al.
(2024b) introduced a plug-and-play customization
assistant for rapid adaptation in large models with-
out parameter tuning. Although these works have
made significant progress in text-to-image genera-
tion, and some align with human preferences, there
is still considerable room for improvement in gener-
ating images that meet human aesthetic standards.

Image Aesthetics Assessment. Huang et al.
(2024a) proposed a multimodal foundation model
for image aesthetic perception. = Huang et al.
(2024b) constructed an expert benchmark for mul-
timodal large-scale models and explored the limi-

tations and potential of such models in capturing
image aesthetic perception from multiple perspec-
tives. Chen et al. (2024) incorporated emotional in-
formation and a multibranch network to predict the
aesthetic distribution. Yan et al. (2024) presented
a hybrid CNN-Transformer—based meta-learning
approach for personalized image aesthetics assess-
ment. Soydaner and Wagemans (2024) employed a
multi-task convolutional neural network for image
aesthetic assessment. Jia et al. (2025) adopted a
self-supervised strategy to incorporate Transform-
ers into image aesthetic assessment tasks. Jia et al.
(2022) proposed a no-reference image quality as-
sessment method via non-local dependency mod-
eling, further advancing blind quality estimation
without relying on reference images. Xiao et al.
(2024) introduced a multi-granularity fusion net-
work to boost multimodal understanding by focus-
ing on both image aesthetics and sentiment analy-
sis. Mo et al. (2024) proposed a dynamic prompt-
optimization strategy to improve both the aesthetic
performance of generated images and alignment
with textual semantics. However, none of these
approaches have identified fine-grained image aes-
thetics features and integrated them into heuristic
reasoning paths to guide the model in enhancing
the aesthetic quality of generated images.

3 AesBench and Image Aesthetic Score
3.1 AesBench

We construct a novel aesthetic image benchmark
named AesBench which aims to evaluate the ca-
pabilities of text-to-image models in generating
high aesthetic images. We first design the image
generation task and then introduce specific met-
rics for high-quality images to quantitatively evalu-
ate large-scale image generation models. Approx-
imately 70,000 images are collected from GQA,
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COCO, and ImageNet, from which target objects
are extracted using GPT-40. Only those images
containing over five but no more than fifteen ob-
jects are retained, after which a dual validation pro-
cess involving both a large-scale model and human
annotators is conducted. Objects are not treated
as a fixed closed-set label ontology. Instead, they
are open-ended descriptions that capture the basic
semantic composition of each image. To gener-
ate the object list, we adopt the object-extraction
prompt proposed by Chen et al. (2025). Subse-
quently, GPT-40 is employed for self-validation to
verify whether the textual descriptions fully and ac-
curately capture all objects in each image, scoring
completeness and accuracy as binary indicators (0
or 1). We also adopt human evaluation for further
validation and ultimately obtain 5,000 entries. The
details of validation are introduced in Sec. A in
Appendix.

3.2 Image Aesthetic Score

The image aesthetic score consists of two key as-
pects, Text-Image Consistency and Image Attribute
Quality. Text-image consistency comprises two
components: image object accuracy, indicating
whether each depicted object aligns with the tex-
tual description, and image object completeness,
determining whether all mentioned objects are fully
represented. The image attribute quality encom-
passes i) Technical Quality, reflecting appropriate
exposure, clarity, color fidelity, noise control, and
focusing; ii) Composition Form, assessing the use
of compositional rules, visual guidance, simplicity,
and overall balance; iii) Creativity Expression, ex-
amining distinctive perspectives, novel techniques,
and storytelling elements; iv) Emotion resonance,
evaluating how effectively the image conveys emo-
tion and evokes viewer responses; and v) Aesthetics
Culture, emphasizing artistic value, cultural con-
text, temporal significance, and innovation.

Each image also receives a mean opinion score
(MOS) in the continuous range [0, 100] to represent
overall quality, assigned by three expert annotators
and subdivided into five ordinal levels (bad, poor,
fair, good, excellent). Additionally, each image
is annotated with an accuracy score (0 or 1) and
five aesthetic scores, each using the same contin-
uous [0, 100] scale and corresponding five-level
labels. Higher scores in these metrics indicate
better perceived quality. Specifically, the MOS,
accuracy score, and five aesthetic scores are all

human-annotated. The MOS and each aesthetic
score use a continuous [0, 100] scale subdivided
into five ordinal levels (bad, poor, fair, good, ex-
cellent); the accuracy score is binary (0 or 1). To
ensure the reliability of these human judgments,
inter-rater agreement is measured using Krippen-
dorff’s Alpha (IRA), and any ratings with an IRA
below 0.7 are deemed controversial and replaced
with descriptions from other images.

4 Methods

In this section, we design a framework named AesX
to enhance the aesthetic quality of images gener-
ated by text-to-image generation models. AesX
comprises two modules: a knowledge enhancement
module and a preference optimization module, as
illustrated in Figure 2.

4.1 Knowledge Enhancement

The knowledge enhancement module integrates the
above quantitative indicators into instructions to
guide text-based image generation. Formally, given
object set O, the pipeline proceeds through three
stages. The first stage converts the object list into
coherent text 7, = G¢on(O). The second stage
performs text-side aesthetic expansion to obtain
description-enhanced text Ty = Gaes(Te). The
third stage combines the predefined high-aesthetic
feature set C with T,; and the initial generated
image I to produce the aesthetically refined text
To = Gret(Ty, I, K).

In the first stage, we employ GPT-40 to convert
the object list into coherent text, enabling the im-
age generation model to understand relationships
among objects and produce a conventionally ac-
ceptable image. For example, the original text is
“In the forest, a woman sits on a rock, surrounded
by maple leaves. In the distance, there is a bridge,
with a stream flowing beneath it.” The prompt used
is: “Using the object list: {object_list}, write a
scene description that naturally incorporates all the
objects. Use simple sentences but do not make the
sentences too short.”

In the second stage, GPT-40 performs text-side
aesthetic expansion on this coherent text, adding
descriptive details to yield description-enhanced
text such as “In an autumn forest, a woman wear-
ing a Victorian-style gown sits on a moss-covered
rock, surrounded by red and golden maple leaves...”
This guides the model toward a coarse-grained aes-
thetic outcome. The prompt used is: “Based on the
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Figure 2: Framework of AesX.

above scene description, generate an aesthetically
enhanced version for text-to-image generation. Pre-
serve the original semantic content, object composi-
tion, and scene layout. Add rich and concrete visual
details, such as season, colors, textures, materials,
clothing style, architectural style, surrounding veg-
etation, light, and atmosphere. The output should
feel vivid, elegant, and cinematic, while remain-
ing faithful to the original scene.” Both prompts
were manually optimized through iterative prompt
engineering.

In the third stage, after the model generates an
initial image, we incorporate the predefined high-
aesthetic features /C into T, to form the aestheti-
cally refined text Ty, requiring the model to pro-
duce a higher-quality image satisfying these fea-
tures and to provide per-feature explanations such
as “Adjust the color to make the scene more vi-
brant...” Through these three stages, we generate
images that align with fine-grained human aesthetic
preferences.

4.2 Preference Optimization

The preference optimization module aims to se-
lect the higher aesthetic image from two candidates
at each iteration and repeat this process to gener-
ate the highest aesthetic image. The evaluation
criterion ensures that both images first satisfy text-
image consistency before comparing their aesthetic
scores. If one image fails the text-image consis-
tency requirement, it is discarded immediately. At
each generation step, GPT-40 serves as the reward
model to provide feedback. GPT-40 evaluates both
text-image consistency and aesthetics jointly, and
the reward function R(-) maps GPT-4o feedback
together with the current image and its correspond-
ing instruction text to a continuous scalar reward
score in [0, 100], derived by aggregating the five
aesthetic dimensions.

We first use the aesthetically-refined text 7, as
the instruction and conduct a Monte Carlo search
which balances breadth-first search (BFS) and
depth-first search (DFS) at the coarse-grained im-
age level to find better output paths. At node i,
the current candidate image is denoted as I; and
the corresponding refined instruction text as 7.
AesX generates multiple complete candidate im-
ages and evaluates them based on GPT-40 feedback
C; on the current image I; and instruction 7. The
image-level score is defined as:

Simage(1i) = R(Cy, 1;, T}") (H

Simultaneously, instead of evaluating isolated
local patches, we introduce a CLS token represent-
ing the global state of the entire image, including
overall composition, color harmony, style, and ob-
ject relationships, such that token-level search still
evaluates whole-image aesthetics. After generating
the current candidate image [;, we obtain GPT-40
feedback C’fls based on I; and T, and define the
token-level score as:

Stoken(Ii) = R(Cidsa Ii7 T’ia) (2)

Next, we design a gating mechanism to dynami-
cally choose the iteration granularity at each step,
introducing learnable weight parameters \; and
A2 to balance the depth and breadth of the image
generation process:

S(I;) = A1 Simage(Li) + X2Stoken (L) (3)

We then compare the fused score of the current
node with that of its parent node and define a binary

flag:
o {(1) if S(I;) > S(Ii_1)

otherwise

)
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where F; indicates whether the current candidate
achieves a higher fused aesthetic score than its par-
ent node. Each node n; stores the image I;, com-
ments C;, and flag F;.

This strategy better satisfies fine-grained human
aesthetic preferences, with every step being evalu-
ated by GPT-4o feedback. The process terminates
once no significant improvement is observed over
the most recent « iterations:

mex (S(L) — S(Ii-1)) <€ (5)

where € is a predefined threshold determined
through experiments. By iterating through these
preference-driven optimizations, our model pro-
gressively refines the image to achieve the high-
est aesthetic quality while maintaining strict text-
image consistency.

S Experiments

In this section, we design experiments to demon-
strate that the AesX effectively facilitates the gen-
eration of images that align more closely with fine-
grained human preferences.

5.1 Experimental Setup

In this study, we conduct image generation experi-
ments using eight A100 GPUs and a batch size of 8.
During the Monte Carlo search process, « is set to
5, meaning that generation terminates if no superior
image is produced in five consecutive steps. We
set Top-k to 16,384, Top-p to 1.0, and temperature
to 1.0 to accommodate diverse outputs. Emu3’s
output resolution is 512x512, and all other hyper-
parameters follow their respective model defaults
unless otherwise specified.

The computational cost of AesX is primarily
determined by the branching factor b and real-
ized search depth d, with practical complexity of
O(b-d). Since AesX only compares two candidate
images per iteration and terminates early after a=5
non-improving steps, both b and d remain tightly
bounded, preventing exponential growth. AesX is
therefore better suited to high-quality offline gen-
eration scenarios rather than latency-sensitive real-
time deployment.

5.2 Datasets, Baselines, and Metrics

We utilize SPAQ (Fang et al.,, 2020) and
TADG66K (He et al., 2022) for image-aesthetics
evaluation and adopt MSCOCO (Chen et al.,

Table 1: Comparison of results in models before and
after adding AesX in AesBench. TIC: Text-Image Con-
sistency, TQ: Technical Quality, CF: Composition Form,
CE: Creativity Expression, ER: Emotion Resonance,
AC: Aesthetics Culture.

(AesBench) | Accuracy Aesthetics Total, Total
Method TIC TQ CF CE ER AC
Diffusion-based
SDXL 0.743 327 3.14 226 276 1.80 | 2.65 0.637
+AesX 0.76 341 327 229 283 183|274 0.654
PixArt-alpha | 0.651 255 249 189 193 157 |2.09 0.535
+AesX 0.674 275 263 192 196 1.62|2.18 0.555
DALLE3 0.865 4.15 4.14 3.15 329 224|339 0.772
+AesX 0.883 423 427 320 331 228346 0.788
SD3 0.887 427 420 3.11 337 223|344 0.788

+AesX 0.890 428 433 3.17 339 226|349 0.794

Autoregressive-based

Show-o 0.712 3.13 3.01 213 244 1.68 | 248 0.604
+AesX 0.742 346 335 224 248 1.74 | 2.65 0.636
Transfusion | 0.783 356 355 234 277 198 | 2.84 0.676

+AesX 0.799 370 374 247 292 202|297 0.697
Chameleon | 0.595 237 244 172 188 134|195 0.493
+AesX 0.613 274 271 183 194 141|213 0.520
LlamaGen 0.528 212 206 155 1.74 121|174 0.438
+AesX 0.572 262 254 170 180 130 | 1.99 0.485
Emu3 0.843 408 3.890 295 285 213|318 0.740

+AesX 0.872 422 414 3.06 3.01 218|332 0.768
Average 0.734 328 321 234 256 1.80 | 2.64 0.631

Average 4 0.756 349 344 243 263 1.85|277 0.655
T 0.022 021 023 0.09 0.07 0.05 ) 0.13 0.024
(%) 2.997 6.40 7.17 385 273 278 | 4.59 1.958

Table 2: The effect of AesX on Image Aesthetics As-
sessment datasets.

SPAQ TAD66K

Method Accuracy Aesthetics Total | Accuracy Aesthetics Total
DALLE3 0.895 3.83 2.363 0.883 3.64 2.262

+AesX 0.903 3.92 2.412 0.897 3.75 2.324
Emu3 0.871 3.36 2.116 0.855 3.49 2.173

+AesX 0.883 3.54 2212 0.867 3.71 2.289
Average 0.883 3.60 2.242 0.869 3.57 2.220
Average g 0.893 3.73 2.312 0.882 3.73 2.306
T 0.010 0.13 0.070 0.013 0.16 0.087
(%) 1.133 3.61 2.372 1.496 4.48 2.988

2015), GenEval (Ghosh et al., 2023), T2I-
CompBench (Huang et al., 2023) and DPG-
Bench (Hu et al., 2024) as general text-to-image
benchmarks. Our baselines cover both autoregres-
sive and diffusion models as shown in Table 3 with
the details in Sec. B in Appendix. We use machine
and aesthetic metrics for evaluation. Machine met-
rics are similar as the previous work which are also
introduced in Sec. B in Appendix. For aesthetic
evaluation, we utilize SRCC (Spearman rank corre-
lation coefficient) to gauge the rank-order consis-
tency between objective measures and human MOS
(mean opinion score), which, alongside continu-
ous attribute scores for brightness, color, contrast,
noise, and sharpness, provides a more fine-grained
measurement of image quality.
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Table 3: The effect of AesX on Text-to-Image datasets.

MSCOCO
CLIP-I CLIP-T FID

GenEval
Overall

DPG-Bench
Average

T2I-CompBench
Color  Shape  Texture

Method

Diffusion-based

SDvl.5 0.667 0302  9.93 0.43 03730  0.3646  0.4219 63.18

DALLE2 - 0314 1093 0.52 0.5750 0.5464 0.6374 -

SDv2.1 - - - 0.50 0.5694 0.4495  0.4982 -

SDXL 0.674  0.310 - 0.55 0.6369 0.5408  0.5637 74.65

PixArt-alpha - - 7.32 0.48 0.6886  0.5582  0.7044 71.11

DALLE3 - 0.320 - 0.67 0.8110 0.6750  0.8070 83.50

DALLE3+AesX - 0.350 - 0.69 0.8201  0.6850 0.8132 84.42

SD3 - 0.74 - - - -
Autoregressive-based

Emu 0.656  0.286  11.60 -

Show-o - - 9.24 0.53

Transfusion - - 6.78 0.63

Chameleon - - 26.74 0.39

LlamaGen - - 12.80 0.32 - - - -

Emu3 0.689 0313  12.80 0.66 0.7913  0.5846  0.7422 80.60

Emu3+DPO 0.68 0312 19.30 0.64 0.7544  0.5706 0.7164 81.60

Emu3+AesX 0.683 0313 20.50 0.68 0.8125  0.6043  0.7601 82.31

Table 4: The effect of each module in AesX.

‘ Accuracy ‘ Aesthetics ‘ Total, Total 1 %)

| TIC |TQ CF CE ER AC |
Emu3 0843 | 408 389 295 285 213 | 318 0740 0028 3.784
wlo KnowE 085 | 410 398 298 291 214| 322 0747 0.021 2811
wlo PreE 0861 | 414 401 301 294 214| 325 0756 0012 1587

w/o image-level PreO 0.864 417 4.04 303 295 215| 327 0759 0.009 1.186
wl/o token-level PreO 0.870 4.18 4.08 3.03 3.00 218 | 329 0764 0.004 0.524
Emu3+AesX 0.872 422 414 306 3.01 2.18| 332 0.768 - -

5.3 Main Results

The results in Table 1 are obtained through ma-
chine evaluation. From Table 1, it is evident that all
models exhibit improvements in both text-image
consistency and aesthetic-related metrics after in-
corporating AesX. The average text-image consis-
tency increases from 0.734 to 0.756 (a gain of about
2.997%), the technical quality metric rises from
3.28 to 3.49 (an increment of roughly 6.4%), and
the aesthetic score moves up from 2.64 to 2.77
(an improvement of approximately 4.59%). For
diffusion-based methods like DALLE3 and SD3,
they already maintain high accuracy in target iden-
tification, yet AesX further enhances their perfor-
mance in more fine-grained aesthetic dimensions,
including composition and creative expression. For
autoregressive models like Emu3, the preference-
enhancement and multi-round feedback mecha-
nisms further optimize core metrics: text-image
consistency moves from 0.843 to 0.872, Average 4
rises from 3.18 to 3.32, and the final average in-
creases from 0.74 to 0.768.

From Table 2, it is evident that on the rel-
atively simple SPAQ dataset (mainly featuring

Attribute  From humans By AesX

TIC 0.924 0.873
TQ 0.862 0.813
CF 0.824 0.818
CE 0.783 0.735
ER 0.792 0.765
AC 0.753 0.724

Table 5: SRCC results between MOSs and image at-
tribute scores from humans and AesX, respectively.

single-object scenarios), both the diffusion-based
model exemplified by DALLE3 and the autore-
gressive model typified by Emu3 exhibit clear im-
provements in Accuracy and Aesthetics scores af-
ter the introduction of the AesX, suggesting that
AesX effectively augments target recognition and
aesthetic quality under relatively straightforward
image conditions. In contrast, on the more chal-
lenging TAD66K dataset, which features natural
landscapes and multi-element scenes, both mod-
els demonstrate even more pronounced gains, in-
dicating that, amid higher scene complexity and
aesthetic demands, AesX provides more substan-
tial benefits for both diffusion and autoregressive
paradigms, simultaneously bolstering scene pars-
ing accuracy and the refinement of aesthetic details.

From Table 3, we observe that both the autore-
gressive paradigm, represented by Emu3, and the
diffusion paradigm, represented by DALLE3, ex-
hibit relatively stable performance gains across
multiple mainstream text-to-image datasets upon
introduction of the AesX, demonstrating its strong
generalization capacity. More specifically, taking
Emu3 as an example: on GenEval, its overall score
increases from 0.66 to 0.68, while the Color, Shape,
and Texture metrics on T2I-CompBench improve
from 0.7913, 0.5846, and 0.7422 to 0.8125, 0.6043,
and 0.7601, respectively. Meanwhile, on DPG-
Bench, the average score rises from 80.6 to 82.3,
indicating that with AesX, the model achieves more
refined control over color, shape, and texture de-
tails and can better fulfill aesthetic and generation
requirements in complex scenarios.

5.4 Ablation Study

From Table 4, we observe that removing the
knowledge enhancement module exerts a com-
paratively larger impact, indicating that knowl-
edge enhancement plays a pivotal role in aug-
menting target recognition and scene detail. Ex-
cluding the preference enhancement module re-
duces the overall score, highlighting the critical
contribution of preference enhancement in balanc-
ing multi-dimensional aesthetic preferences and
textual alignment. A more granular perspective
shows that omitting image-level preference en-
hancement (w/o image-level preference enhance-
ment) and token-level preference enhancement
(wl/o token-level preference enhancement) causes
progressively smaller drops, yet both still provide
additional gains through multi-round iteration and
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Figure 3: Effect of AesX in the progression from (a) to (d) in text-image consistency and image artistic score.

localized fine-tuning.

From Table 5, we observe that across six metrics,
the Spearman rank correlation coefficients (SRCC)
derived from the AesX closely align with those
obtained from human evaluations, with overall dis-
crepancies typically remaining below 0.1. In par-
ticular, on composition form, the two SRCC val-
ues are nearly identical, indicating that the image
quality assessments conducted through the reward
mechanism in AesX exhibit a high degree of con-
gruence with human aesthetic judgments. This
observation underscores AesX’s reliability in eval-
uating aesthetic attributes and text alignment.

We further analyze the sensitivity of o and e.
Smaller a causes premature termination and in-
sufficient refinement. As « increases, quality im-
proves but quickly saturates, motivating our choice
of a=5. For ¢, we adopt a sample-relative stop-
ping threshold rather than a fixed absolute value,
since different samples exhibit substantially differ-
ent score-change scales. A stricter e risks missing
later valid refinements, while a looser € induces un-
necessary deeper search without consistent gains.

5.5 Case Study

We conduct a case study to validate the effect of
AesX in Fig. 3. The Fig. 3(a) column exhibits de-
ficiencies in text-image consistency and aesthetic
quality, whereas the Fig. 3(d) column demonstrates
significant improvements in object accuracy, com-
pleteness, and overall aesthetic expression. In the
first row, the absence of a person in Fig. 3(a) re-
sults in a mismatch between the textual description
and the generated image, whereas Fig. 3(d) clearly

presents the person, kites, beach, and ocean, en-
hancing text-image alignment, aesthetic quality,
emotional resonance, and cultural significance. In
the second row, although the teddy bear in Fig. 3(a)
aligns with the textual description, the scene lacks
emotional depth, while Fig. 3(d) employs warm
lighting and a more harmonious composition to
evoke a stronger emotional connection. Similarly,
in the third row, the zebras in Fig. 3(a) appear rela-
tively simplistic in detail, whereas Fig. 3(d) intro-
duces richer colors and enhanced depth, creating a
more visually appealing and artistically refined rep-
resentation. Consequently, Fig. 3(d) outperforms
Fig. 3(a) across all three rows in terms of text-
image alignment, aesthetic quality, emotional reso-
nance, and cultural significance.

6 Conclusions

Image aesthetic quality, which is critical for meet-
ing human preferences, has immense practical
value across diverse industries such as advertis-
ing, publishing, and digital arts. Despite the ca-
pacity of existing models to produce images with
relatively high clarity and text alignment, finer aes-
thetic demands and the controllability of image
quality remain unresolved challenges. Through our
defined “Text-image consistency” and “Image At-
tribute Quality” metrics, as well as AesX, the qual-
ity of generated images by various models gains
improvements in key aspects such as technical qual-
ity, composition form, etc. Experiments demon-
strate that AesX achieves better performance in
both target recognition accuracy and overall visual
aesthetic presentation.
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A Quality Validation of AesBench

We first adopt GPT-4o for self-validation to verify
whether the textual descriptions fully and accu-
rately capture all objects in each image, scoring
completeness and accuracy as binary indicators (0
or 1). Any image whose score is not 1 in either met-
ric is regenerated until both scores reach 1. Next,
30% of the data is sampled for manual inspection
by three graduate students; the completeness and
accuracy scores must again both be 1. If an image
fails to meet these requirements, the feedback is
returned to GPT-40 for modification, and the re-
maining 70% is revalidated until all scores are 1. A
different 30% subset is then sampled for a second
round of manual inspection, and the procedure is
repeated until the manual validation scores are 1
for all images with a 100% agreement among the
three annotators, ultimately yielding 5,000 entries.

B Details of Datasets and Baselines

The selected datasets contain image aesthetic
datasets, such as SPAQ (Fang et al., 2020) and
TAD66K (He et al., 2022), as well as text-
to-image datasets, such as MSCOCO (Chen
et al., 2015), GenEval (Ghosh et al., 2023),
T2I-CompBench (Huang et al., 2023) and DPG-
Bench (Hu et al., 2024).

Specifically, SPAQ comprises 11,125 real-world
images taken with 66 different smartphones, ac-
companied by EXIF metadata that facilitate further
analysis of scene brightness and camera settings.
TADG66K is a heavily annotated, thematically di-
verse image dataset with targeted evaluation crite-
ria, effectively mitigating long-tailed distributions.
MSCOCO 30K focuses on natural images contain-
ing multiple objects and associated captions, mak-
ing it ideal for assessing a model’s ability to handle
complex scenarios. GenEval deconstructs textual
prompts into discrete objects, attributes, and re-
lations, thereby evaluating the model’s capacity
to satisfy requirements at different compositional
levels. T2I-CompBench addresses multi-level com-
positional skills, such as color, shape, and texture
binding, and underscores the model’s robustness in
synthesizing multiple concepts. DPG-Bench sup-
plies 1,065 prompts containing numerous objects
and relationships in extended text descriptions, test-
ing semantic alignment and detail fidelity in com-
plex scenes.

The selected baselines contain autoregressive
models and diffusion models. Autoregressive mod-

els include Emu (Sun et al., 2023), Show-o (Xie
et al., 2024), Transfusion (Zhou et al., 2024a),
Chameleon (Team, 2024), LlamaGen (Sun et al.,
2024), and Emu3 (Wang et al., 2024b), which typ-
ically maintain tight text-image alignment via se-
quential generation strategies. Diffusion-based ap-
proaches encompass SDv1.5 (Ramesh et al., 2022),
SDv2.1 (Ramesh et al., 2022), DALLE2 (Ramesh
et al., 2022), SDXL (Podell et al., 2023), PixArt-
alpha (Chen et al., 2023), DALLE3 (Betker et al.,
2023), and SD3 (Esser et al., 2024), refining im-
ages progressively through the diffusion process to
achieve high-resolution outputs. Leveraging this
diverse range of baselines enables a thorough as-
sessment of AesX’s adaptability and performance
under different generation paradigms.

Specifically, SDv1.5 and SDv2.1 are based on
latent diffusion models, proposing a method for im-
age synthesis in latent space by executing the diffu-
sion process within a compressed, low-dimensional
representation. DALLE2 adopts a hierarchical
text-conditioned generation strategy, initially em-
ploying a diffusion prior to generate CLIP latents
from textual input and subsequently decoding these
embeddings into images via an image generation
module. SDXL improves upon the stable diffu-
sion framework by optimizing both model archi-
tecture and training procedures, thereby enhancing
the detail reproduction and complex scene restora-
tion capabilities in high-resolution image synthesis.
PixArt-alpha introduces a fast training methodol-
ogy for diffusion transformers, capitalizing on the
transformer’s ability to capture long-range depen-
dencies and fine structural details. DALLE3 builds
upon its predecessor by refining the processing of
captions and descriptions, leading to image outputs
that better correspond to the intended semantic ex-
pression and detail presentation. SD3 scales the
diffusion generation process by employing scaling
rectified flow transformers that strike a balance be-
tween detailed recovery and overall compositional
coherence in high-resolution images. Emu focuses
on generative pretraining in a multimodal context,
concurrently learning joint representations for both
text and images to bridge generation and under-
standing tasks across modalities. Show-o proposes
a unified transformer approach for multimodal un-
derstanding and generation, enabling efficient inter-
action and fusion of image and textual information
within a single model. Transfusion integrates next-
token prediction with the image diffusion process
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within one multimodal framework. Chameleon em-
ploys an early-fusion strategy for mixed modalities,
integrating disparate modal information at the ini-
tial stages of processing. LlamaGen challenges
conventional diffusion paradigms by adopting an
autoregressive approach based on the Llama archi-
tecture. Emu3 further advances this concept by
asserting that next-token prediction alone suffices,
contending that with adequate data and computa-
tional resources, autoregressive modeling is capa-
ble of capturing the complex distribution inherent
in generated images.

For machine metrics, zero-shot FID (Fréchet
Inception Distance) is computed following Wang
et al. (2024b) by randomly selecting 30,000 text
prompts from the validation set. We measure CLIP-
T and CLIP-I scores based on CLIP-ViT-B or CLIP-
ViT-L to assess text adherence and image quality.
Classifier-free guidance (Ho and Salimans, 2022)
is employed for image generation, with a default
guidance scale of 5.0 unless stated otherwise. For
the MSCOCO 30K dataset, performance results for
other models come from Sun et al. (2023); Wang
et al. (2024b); Xie et al. (2024); Zhou et al. (2024a).
On GenEval, covering six dimensions (Single Ob-
ject, Two Objects, Counting, Colors, Position, and
Color Attribute), we evaluate in line with Esser
et al.; Ghosh et al. (2023); Wang et al. (2024b); Xie
et al. (2024); Zhou et al. (2024a), report outcomes
using GPT-4V as a rewriter. For T2I-CompBench,
we adopt a BLIP-VQA model to evaluate color,
shape, and texture, referencing (Betker et al., 2023;
Chen et al., 2023; Feng et al., 2024). On DPG-
Bench, we rely on the mPLUG-large model to as-
sess generated images according to the methods in
Hu et al. (2024); Liu et al. (2024).

C Limitations

AesX currently relies on GPT-40 for prompt expan-
sion, data validation, and reward modeling. This
introduces concerns around reproducibility and po-
tential aesthetic bias, as GPT-40’s internal aesthetic
logic is not fully transparent. To mitigate circu-
larity, human annotation and manual validation
are incorporated in AesBench construction (Table
5). Future work may replace GPT-40 with open-
source alternatives and conduct cross-model valida-
tion. Additionally, abstract metrics such as cultural
connotation may not fully capture demographic-
specific nuances, and AesX should be understood
as one possible optimization scheme rather than a

universal aesthetic standard.
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