OnelG-Bench: Omni-dimensional Nuanced Evaluation
for Image Generation
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Abstract

Text-to-image (T2I) models have garnered significant attention for generating high-
quality images aligned with text prompts. However, rapid T2I model advancements
reveal limitations in early benchmarks, lacking comprehensive evaluations, for
example, the evaluation on reasoning, text rendering and style. Notably, recent state-
of-the-art models, with their rich knowledge modeling capabilities, show promising
results on the image generation problems requiring strong reasoning ability, yet
existing evaluation systems have not adequately addressed this frontier. To system-
atically address these gaps, we introduce OnelG-Bench, a meticulously designed
comprehensive benchmark framework for fine-grained evaluation of T2I models
across multiple dimensions, including prompt-image alignment, text rendering
precision, reasoning-generated content, stylization, and diversity. By structuring
the evaluation, this benchmark enables in-depth analysis of model performance,
helping researchers and practitioners pinpoint strengths and bottlenecks in the
full pipeline of image generation. Specifically, OneIlG-Bench enables flexible
evaluation by allowing users to focus on a particular evaluation subset. Instead of
generating images for the entire set of prompts, users can generate images only for
the prompts associated with the selected dimension and complete the corresponding
evaluation accordingly. Our codebase and dataset are now publicly available to
facilitate reproducible evaluation studies and cross-model comparisons within the
T2I research community.

1 Introduction

Recent years have witnessed remarkable advancements in text-to-image (T2I) models across image
quality, semantic alignment, text rendering precision, and knowledge-driven reasoning in image gen-
eration [55} 146,119,160, 138} 53} 145]. However, the development of evaluation systems has significantly
lagged behind model progress: most existing benchmarks remain confined to single-dimensional
assessments, lacking comprehensiveness. For instance, T2ICompBench [34], GenEval [25], and
DSG-1k [16] focus on short-text semantic understanding, while DPG-Bench [31] introduces dense
prompt evaluation but lackly coverage of limited dimensions like style and text. Although World-
GenBench [80] addresses world knowledge and reasoning, a more comprehensive multi-dimensional
evaluation framework is urgently needed to provide scientific model assessments and guide techno-
logical development.

To drive the advancement of text-to-image models, we posit that the development of a holistic
benchmark framework capable of evaluating models across multiple interconnected dimensions is
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https://huggingface.co/datasets/OneIG-Bench/OneIG-Bench
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Figure 1: Overview of OnelG-Bench. OnelG-Bench comprises six core categories, each designed to evaluate
targeted capabilities across distinct generative dimensions, with approximately 200 carefully curated prompts
per category to ensure comprehensive coverage of diverse scenarios.

imperative for fostering rigorous, comprehensive assessment. We introduce OnelG-Bench shown
in Figure[T} comprising over 1000 omni-dimensional prompts, primarily sourced from real-world
user inputs, systematically designed to comprehensively evaluate text-to-image models across diverse
generative capabilities. Based on distinct generative themes, we classify the evaluation dataset into
six core assessment categories: General Object, Portrait, Anime and Stylization, Text Rendering,
Knowledge and Reasoning and Multilingualism. By leveraging our framework for the taxonomic dif-
ferentiation of generative themes, we enable a more nuanced evaluation of models’ multidimensional
capabilities. Consequently, this systematic assessment allows users to identify models with tailored
capabilities that align precisely with their specific application requirements.

For different evaluation dimensions, we have carefully devised quantitative indicators, taking into
account various factors to ensure the comprehensiveness and objectivity of the evaluation. These
indicators are designed to precisely measure the model’s performance in different aspects related
to specific subject domains, enabling a more accurate and in-depth assessment. Specifically for
the evaluation of General object, Portrait, Anime and Stylization, we have developed an evaluation
system for the ability to comply with input prompts. Regarding Anime and Stylization, we also
incorporate the stylistic similarity into our evaluation system, specifically designed to assess models’
capabilities in reproducing diverse artistic styles. In the Text Rendering evaluation segment, we focus
on three core metrics: the edit distance between generated text and ground truth, the text completion
rate in one visual output, and the overall text generation accuracy. For the Knowledge and Reasoning
part, our assessment centers on whether the model possesses the required domain knowledge and can
accurately interpret user intent, thereby enabling the generation of semantically coherent and logically
consistent images. For the Multilingualism part, we evaluate the alignment between the images
generated from cultural element prompts and the corresponding cultural elements. Additionally, we
also evaluate the diversity across all six dimensions.

We summarize our key contributions in the following three points:

* We present OnelG-Bench, which consists of six prompt sets, with the first five — 245
Anime and Stylization, 244 Portrait, 206 General Object, 200 Text Rendering, and 225
Knowledge and Reasoning prompts — each provided in both English and Chinese, and 200
Multilingualism prompts, designed for the comprehensive evaluation of current text-to-image
models.

* A systematic quantitative evaluation is developed to facilitate objective capability ranking

through standardized metrics, enabling direct comparability across models. Specifically, our
evaluation framework allows T2I models to generate images only for prompts associated



with a particular evaluation dimension, and to assess performance accordingly within that
dimension.

* State-of-the-art open-sourced methods as well as the proprietary model are evaluated based
on our proposed benchmark to facilitate the development of text-to-image research.

2 Related Works

2.1 Text to Image Models

Text-to-image (T2I) generation aims to develop models that produce images semantically consistent
with given text descriptions. Early explorations during the generative adversarial network (GAN) [26}
57| era laid foundational work, but these methods suffered significant limitations due to mode
collapse, often failing to generate even simple subject matters accurately. In recent years, generative
approaches based on the diffusion model paradigm have emerged as a dominant trend [30, 59]].
Notable advancements include Unet-based architectures like Stable Diffusion XL [46]], Diffusion
Image Transformer (DiT)-based models [9} [10} 42]], double-stream MMDIT frameworks [60, [19],
and hybrid designs combining double-stream and single-stream networks [[78l [73} 38]]. These models
have achieved remarkable progress in generating high-quality images that closely align with textual
semantics. With technological advancements, the evaluation framework for T2I models must evolve
from single-dimensional attribute assessments (e.g., color, shape) to multi-layered evaluations,
encompassing semantic alignment, stylistic consistency, and text rendering accuracy. Meanwhile,
autoregressive-based models [12} 51} 1541|611 [77} 163} 68 [74]] have demonstrated unique strengths in
knowledge modeling and complex text comprehension, necessitating the integration of systematic
reasoning capability evaluations into the assessment framework. In summary, the rapid development
of T2I generation underscores the urgent need for a comprehensive and rigorous evaluation system to
accurately measure model performance, identify strengths and weaknesses, and foster sustainable
progress in the field.

2.2 Text to Image Evaluation

In the early stages of text-to-image development, researchers typically employed some metrics to
evaluate image generation quality, such as FID [28]](Fréchet Inception Distance), SSIM [69](Structural
Similarity Index Measure), PSNR(Peak Signal to Noise Ratio), etc. However, these methods do not
provide a comprehensive understanding of the model’s capabilities and fail to capture the model’s
ability to comprehend higher-order semantics.

In recent years, the technology of text-to-image models has been evolving rapidly, and the corre-
sponding evaluation system urgently needs to be innovated and upgraded. Taking the evaluation of
Stable Diffusion 1.5 [55] and Stable Diffusion XL [46] as examples, most of the existing benchmark
evaluations (Attend [7]], Hrs-bench [3]], CC500 [20]) focus on judging the degree of restoration of
the core elements in the prompts. In the face of the rapid evolution of model technology, it has
become difficult to comprehensively and accurately measure the actual performance and innovative
potential of the models. Subsequently, evaluation methods such as PartiPrompt [77], DrawBench [56],
TIFA [32], Gecko [[70], EvalAlign [62], T2ICompBench [34], T2ICompBench++ [33]], GenEval [25],
EvalMuse [27], DPG-Bench [31], and GenAI-Bench [39] introduced Visual Language Models
(CLIP [49],BLIP [41], MLLMs [3,167.[14]) as evaluators. These approaches aim to maximize the
utilization of model capabilities for jointly assessing prompts and images. However, these evaluation
methods primarily focus on the prompt following ability of text-to-image models, often neglecting
other critical aspects. Some alternative methods(MJHQ-30K [40], HPSv2 [72], Pick-a-pic [37]])
have attempted to assess the aesthetic quality of images generated by these models. Recently, to
keep up with the advances in text-to-image models, evaluation frameworks such as WISE [43]],
WorldGenBench [80], Commonsense-T2I [22]], and PhyBench [48] have been developed to assess
the models’ knowledge and reasoning capabilities.



3 Benchmark

3.1 Benchmark Overview

With the rapid advancement of text-to-image (T2I) models, the existing evaluation frameworks for T2I
models urgently require improvement to measure model strengths and weaknesses comprehensively.
Early studies have explored evaluation methods from diverse perspectives, such as compositional
text-to-image generation tasks [7} 34} 22], including concept correlation, attribute binding (focusing
on color attributes), and spatial relationship modeling. However, evaluations solely focusing on
compositional content exhibit significant limitations [25, 131,127, failing to adequately address broader
natural language understanding and other quantitative image assessment dimensions.

In response, recent evaluation frameworks like GenEval [25]], EvalMuse [27], and DPG-Bench [31]]
adopt an object-centric structured paradigm to quantify T2I model performance on specific tasks.
Nevertheless, these methods predominantly rely on vision-language models (VLMs) [2} 4]], object
detection models [[15[11] or visual question answering (VQA) [1]] models for element-level alignment
assessment, suffering from notable deficiencies in evaluating style consistency and text rendering
accuracy, with a lack of high-precision metrics. Additionally, human-based evaluation is prohibitively
costly in terms of time and resources, making automated evaluation with limited prompts increasingly
critical. Notably, with the rapid development of reasoning-oriented models [45], this study proactively
introduces reasoning task evaluation to accurately measure models’ knowledge representation and
reasoning-driven image generation capabilities.

Table [I] systematically reviews the advantages and disadvantages of recent evaluation methods,
presenting a comprehensive framework named OnelG-Bench from six dimensions: scene coverage,
prompt distribution diversity, evaluation content, multilingualism support, automation level and
leaderboard availability. OnelG-Bench covers core T2I scenarios (e.g., style image generation, text
rendering, reasoning-based drawing), supports multi-format prompt inputs (including long/short texts
and phrase/tag-based prompts), and employs customized automated metrics for different scenarios.
Experimental results demonstrate that this framework effectively identifies performance bottlenecks
and strengths of current models, providing a scientific basis for T2I model optimization. Hereafter,
unless otherwise specified, OnelG-Bench refers to OnelG-Bench-EN.

Table 1: Comparison between OnelG-Bench and other previous benchmarks. In the column of prompt
diversity, L denotes long prompt, S denotes the short prompt, NP denotes the natural language prompt, T denotes
the tag-based prompt, and P denotes the phrase-based prompt.

Scenes Prompt Diversity Evalution E T; E
Benchmark = - g =y & = 5
s & & 2|3 & S |2 & & & |2
PartiPrompt [77] L,S NP 1,600
DrawBench [56] S NP 200
TIFA [32] S NP 4,000
T2ICompBench [34] S NP 6,000
GenEval [39] S NP 553
EVALALIGN [62] S NP 100
WISE [43] S NP 1,000
EvalMuse [27] S NP 199
DPG-Bench [31] L NP 1,065
OnelG-Bench \ | LS NPTP 2440% | \ \ \

*:0nelG-Bench consists of two subsets: OnelG-Bench-EN and OnelG-Bench-ZH. OnelG-Bench-EN
includes 245 Anime and Stylization prompts, 244 Portrait prompts, 206 General Objectz prompts, 200 Text
Rendering prompts, and 225 Knowledge and Reasoning prompts. OnelG-Bench-ZH comprises manually
translated and verified Chinese versions of the prompts in OneIG-Bench-EN, along with additional prompts
from the Multilingualism category, totaling 1, 320 prompts. In total, OneIlG-Bench contains 2, 440 prompts.
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Figure 2: The construction pipeline of OneIG-Bench. The construction pipeline comprises four methodical
steps to derive our final assessment prompts, ensuring the diversity and comprehensiveness of the benchmark.

3.2 Benchmark Construction

In constructing the evaluation prompt set, as illustrated in Figure 2] we have established four core
steps to ensure the diversity and comprehensiveness of the prompt set, aligning with the design
principles of our benchmark framework.

In the first step, we curated prompts and generation scenes by filtering publicly accessible internet
data, user inputs, and some established datasets, thereby ensuring that the benchmark focuses on
content aligned with real-world user needs rather than rare or specialized contexts.

In the second step, we apply a clustering approach to balance the distribution of prompts across
different scenes and semantic dimensions, ensuring that no single category dominates. Within each
cluster, we identify some prompts with high semantic overlap, which can compromise evaluation
diversity; thus, we implement a deduplication pipeline that filters out redundant prompts based on
cosine similarity to the cluster center embeddings. Besides, we endeavor to maintain a relatively
consistent proportion of prompts across the five defined dimensions during prompt selection.

Following deduplication and subset curation, we employ a large language model (LLM) to rewrite
the original prompts. Concurrently, constraints are applied to the word-level length distribution of
prompts, enabling a structured analysis of model performance across varying text complexities. The
prompt corpus is intentionally structured into three length categories: concise texts (fewer than 30
words), mid-complexity scenarios (30—60 words), and elaborate texts (exceeding 60 words). The
corresponding ratio of three categories is around 1:2:1.

Finally, we performed manual reviews to filter out prompts containing sensitive content or conflicting
semantics, ensuring the rationality of all benchmark prompts. This critical step not only enhances
the dataset’s quality and reliability but also guarantees its suitability for fair and unbiased model
evaluation across diverse generative scenarios.

Through a rigorously designed construction pipeline, this structured evaluation framework facilitates
a granular assessment of model performance across multiple dimensions.

4 Evaluation

4.1 Metrics

To illustrate the metrics used in our benchmark, we provide the following general definitions. Given
the text prompt set T = {13, 75, ...,T,,}, for each T}, € T, the generated images are defined as
Gk = {G%,G%, ..., Gk }, where m denotes the number of generated images, and a total of m x n
images are generated as evaluation images.. To evaluate the style score, for each style-specific prompt
Ty € T, we define R = { R}, RS, Rk} as the set of corresponding style reference images, where !
denotes the number of reference images. For text rendering, the original target text string in 7 is
defined as s, and the generated string in the corresponding image is defined as .

Semantic alignment. We follow the method introduced in DSG [16] on General Object, Portrait,
Anime and Stylization to assess the semantic matching degree of each text-image sample. For each
prompt, we initially leverage GPT-40 [44] to generate a question dependency graph. In the process



of constructing the graph, our focus lies in formulating questions related to the overall information,
spatial relationships, and the attributes of diverse objects. During the evaluation, Qwen2.5-VL-7B [4]
is utilized to answer questions derived from the corresponding prompt and the generated image. A
score of 1 is assigned for each correctly answered question. However, when calculating the aggregate
score for a prompt, leaf node scores are conditionally validated: they contribute to the total score
only if the root node question is answered correctly; otherwise, leaf node scores are reset to 0. The
final score for each prompt is computed as the sum of validated scores divided by the total number of
questions.

Text Rendering. To accurately evaluate the text-generation capability of text-to-image models,
we designed specialized text evaluation metrics. To extract the generated string 5, we first use a
state-of-the-art Vision-Language Model (VLM, e.g., Qwen2.5-VL-7B [4]) to parse the text string and
then clean it by removing symbols and consecutive spaces The metrics are as follows:

(1) Edit Distance (ED): It is defined as the average edit distance between the generated text of
evaluation images and the ground-truth text to be generated. We define the edit distance score of
the i-th evaluation image as ED; = L(8;, s;), where L(+) denotes the Levenshtein distance function.

Therefore, the overall edit distance score of the model is: ED = nim Z?:le ED;.

(2) Completion Rate (CR): It is defined as the proportion of the number of evaluation images
with completely correct generated text to the total number of evaluation images. We define that the
score for the i-th generated image in this criterion is CR; = 1 if and only if the edit distance score
of the i-th image is 0, i.e., ED; = 0. Therefore, the overall CR score of the model is defined as

CR =Y""""CR;/(m x n).

(3) Word Accuracy (WACQ): It is defined as a metric representing the ratio of all correctly generated
words to the total number of words in the original target text strings among all prompts.

Based on our analysis on the evaluation results, we define the edit distance upper bound as ¢, and
edit distance exceeding ¢ indicate deficiencies in the model’s text-rendering capability. To facilitate
metric ranking and readability, we integrated three metrics into a composite metric and defined the
text score(Sext) as follows:

Siext = 1 — min(¢, ED) (1 — CR) (1 — WAC) /¢ (1)

where ¢ = 100 in OnelG-Bench. Considering that Chinese characters typically occupy twice as
many bytes as English letters, we use ¢ = 50 in Equation |I| when computing the text score for
OnelG-Bench-ZH, in order to maintain a comparable normalization scale.

Knowledge and Reasoning. We perform the evaluations using GPT-40 [44] and LLM2CLIP [35].
Specifically, GPT-4o is responsible for generating the textual reasoning answers, which serve as
the core reference for evaluation. LLM2CLIP then measures the alignment between text and image
by calculating the cosine similarity between the GPT-40-generated answer and the corresponding
generated image.

Style. For stylization evaluation, we curated multiple reference images per style and employed a dual-
style extraction framework to mitigate bias and enhance robustness. Specifically, the CSD [S8]] model
and OnelG style image encoder(fine-tuned from CLIP [49], using images generated by CSGO [76]])
are leveraged to encode the images and generate the corresponding embeddings. Subsequently, for
each encoder, we quantitatively assess the model’s style capacity by computing the cosine similarity
between the style embeddings of generated images and those of reference images. For each generated
image, we choose the maximum similarity as the score of the image. The style similarity(Scsd,oncig])
of one style image encoder is defined as:

n m

S[csd,oneig] = % Z [1 Z <IHaX COS(]:(G?), f(R?)))

m
k=1 i=1 N 7

@

where F(-) denotes the corresponding style image encoder. The final style score Sy is defined as
Sstyle = (Scsd + Soneig)/2~

Diversity. In addition, we apply a form of similarity calculation to evaluate the diversity of the
generation of the model introduced in [23]]. The calculation of diversity is defined as follows: for a
given model, we first compute the pairwise cosine similarity between every pair of images generated



from the same prompt within a set of multiple generated outputs. These similarities are averaged
per prompt to yield an intra-prompt similarity score. We then aggregate these intra-prompt averages
across all prompts in the evaluation dataset using a global mean, resulting in an overall diversity
metric. Following [23]], we also applied DreamSim [21]] to compute the cosine similarity and the
formula is as follows:

SIM;; = cos(F(GY), F(GY)) 3)

where SIM?- denotes the cosine similarity between images generated by one text prompt, F(+)
represents DreamSim [21]] model. Thus, the diversity score(Sgiversity) can be defined:

Sdiversity = % Z OLQ Z Z (1 — SIMZ) . @)

k=1 | 7™ i=1 j=i+1

4.2 Results and Analysis

We evaluate a range of well-known image generation models on our benchmark, including unified
multimodal models (Janus-Pro [[13]], BLIP3-o [8], BAGEL [18]], Show-02 [75], OmniGen2 [71]),
open-source models (Stable Diffusion 1.5 [155]], Stable Diffusion XL [46], Stable Diffusion 3.5 [60],
Flux.1-dev [38]], CogView4 [78]], SANA [73], Lumina-Image 2.0 [47], and HiDream-I1-Full [29]])
with A800 GPUs, as well as closed-source models (Imagen3 [36]], Recraft V3 [66], Kolors 2.0 [64]],
Seedream 3.0 [24]], Imagen4 [17] and GPT-4o0 [45]]). To present a comprehensive comparison, we
aggregate evaluation metrics across multiple dimensions, as summarized in Table 2] We define
the sets of images generated based on the OnelG-Bench prompt categories General Object O,
Portrait P, Anime and Stylization A (prompts without stylization), S (prompts with stylization),
Text Rendering T, Knowledge and Reasoning KR and Multilingualism L. A more detailed,
fine-grained analysis of individual dimensions on OnelG-Bench and the quantitive results on OnelG-
Bench-ZH follows in the subsequent sections and the appendix.

Table 2: Overall quantitative comparison of different methods on OneIG-Bench. The table showcases the
results of five core metrics for various methods. indicate the first, second, third, fourth, and fifth
performance, respectively.

Method Alignment 1 Text 1 Reasoning 1 Style 1 Diversity 1
Assessment Sets O,P,AS T KR S O,P,AS, T, KR
Janus-Pro [13] 0.553 0.001 0.139 0.276 0.365
BLIP3-o0 [8] 0.711 0.013 0.223 0.361 0.229
BAGEL [18] 0.769 0.244 0.173 0.367 0.251
BAGEL+CoT [18) 0.793 0.020 0.206 0.390 0.209
Show-02-1.5B [75] 0.798 0.002 0.219 0.317 0.186
Show-02-7B [75] 0.817 0.002 0.226 0.317 0.177
OmniGen?2 [71] 0.804 0.680 0.271 0.377 0.242
Stable Diffusion 1.5 [55] 0.565 0.010 0.207 0.383 0.429
Stable Diffusion XL [46] 0.688 0.029 0.237 0.332 0.296
Stable Diffusion 3.5 Large [60] 0.809 0.629 0.294 0.353 0.225
Flux.1-dev [38] 0.786 0.523 0.253 0.368 0.238
CogView4 [78] 0.786 0.641 0.246 0.353 0.205
SANA-1.5 1.6B (PAG) [73] 0.762 0.054 0.209 0.387 0.222
SANA-1.5 4.8B (PAG) [73] 0.765 0.069 0.217 0.401 0.216
Lumina-Image 2.0 [47] 0.819 0.106 0.270 0.354 0.216
HiDream-I1-Full [29] 0.829 0.707 0.317 0.347 0.186
Imagen3 [36] 0.843 0.343 0.313 0.359 0.188
Recraft V3 [66] 0.810 0.795 0.323 0.378 0.205
Kolors 2.0 [64] 0.820 0.427 0.262 0.360 0.300
Seedream 3.0 [24] 0.818 0.865 0.275 0.413 0.277
Imagen4 [17] 0.857 0.805 0.338 0.377 0.199
GPT-40 [45] 0.851 0.857 0.345 0.462 0.151

4.2.1 Semantic Alignment and Diversity

In the alignment dimension shown in Table Imagen4 [[17)], GPT-40 [45] and Imagen3 [36] consis-
tently outperform other models, with Imagen4 and GPT-40 showing superior alignment performance.
Furthermore, as indicated in Table |3} most models achieve significantly higher alignment accuracy



when responding to natural language prompts than to tag-based or phrase-based prompts. A possible
explanation is that tag and phrase prompts may introduce ambiguity, such as attribute confusion
between entities or logical inconsistencies, which complicates semantic alignment. Longer prompts
tend to involve greater semantic complexity and structural variation, often resulting in lower alignment
scores. Notably, models incorporating T5 [52] or other large language models appear more robust in
handling long prompts, exhibiting less semantic degradation.

Table 3: The alignment and diversity evaluation results. NP denotes the natural language prompt. T&P
denotes the tag-based and phrase-based prompt. Short, Medium and Long represent the length of the prompts,
where Short denote the number of words is less than 30, Medium denotes the number between 30 and 60,
and Long denotes the number exceeding 60. indicate the first, second, third, fourth, and fifth
performance respectively.

Method Alignment{ Diversity T

NP T&P Short  Medium  Long NP T&P Short Medium Long
Janus-Pro [13 0.557  0.533 0.609 0.548 0515 | 0372 0304 | 0.407 0.332 0.347
BLIP3-o0 [8 0.719  0.671 0.754 0.712 0.674 | 0.237  0.161 0.283 0.192 0.198
BAGEL [18] 0.776  0.734 0.782 0.769 0.759 | 0.257  0.197 0.344 0.190 0.194
BAGEL+CoT [18] 0.798  0.767 0.824 0.793 0.767 | 0.214  0.164 | 0.244 0.184 0.189
Show-02-1.5B [75] 0.805  0.760 | 0.800 0.799 0.793 | 0.191 0.142 | 0.226 0.162 0.157
Show-02-7B [75] 0.825 0.778 0.825 0.819 0.807 | 0.182  0.130 | 0.216 0.152 0.151
OmniGen?2 [71] 0.812  0.768 0.809 0.805 0.799 | 0250  0.174 | 0.329 0.185 0.190
Stable Diffusion 1.5 [55] 0.570  0.541 0.616 0.558 0.537 | 0434 0.381 0.481 0.389 0.403
Stable Diffusion XL [46] 0.688  0.685 0.732 0.685 0.657 | 0.303 0239 | 0.337 0.263 0.278
Stable Diffusion 3.5 Large [60] | 0.818  0.762 0.826 0.808 0.795 | 0229  0.194 | 0.267 0.194 0.206
Flux.1-dev [38] 0.791 0.759 0.794 0.785 0.780 | 0.243  0.190 | 0.302 0.194 0.199
CogView4 [78] 0.796  0.737 0.792 0.788 0.777 | 0211  0.153 0.277 0.158 0.159
SANA-1.5 1.6B(PAG) [73 0.769  0.726 0.770 0.764 0.752 | 0.231  0.153 0.284 0.177 0.192
SANA-1.5 4.8B(PAG) [73] 0.773  0.729 0.782 0.767 0.749 | 0223  0.154 | 0.264 0.181 0.191
Lumina-Image 2.0 [47] 0.825 0.788 0.829 0.819 0.812 | 0224 0.149 | 0.282 0.171 0.180
HiDream-I1-Full [29] 0.834  0.806 0.849 0.834 0.806 | 0.192  0.142 | 0.260 0.139 0.140
Imagen3 [36 0.849  0.809 | 0.859 0.841 0.832 | 0.189  0.173 0.246 0.146 0.153
Recraft V3 [66] 0.816  0.781 0.838 0.809 0.788 | 0.209  0.178 0.246 0.178 0.180
Kolors 2.0 [64] 0.824  0.798 0.847 0.814 0.807 | 0.308 0.230 | 0.359 0.261 0.259
Seedream 3.0 [24] 0.818  0.815 0.838 0.825 0.789 | 0.280  0.246 | 0.342 0.235 0.227
Imagen4 [17] 0.860 0.843 | 0.875 0.854 0.847 | 0.199  0.197 0.276 0.147 0.149
GPT-4o [45] 0.857  0.820 | 0.869 0.851 0.838 | 0.154 0.124 | 0.177 0.134 0.134

Diversity is informative when assessed among models with comparable levels of alignment. In
real-world applications, generative models are generally expected to produce varied outputs while
maintaining close adherence to the input prompts. Although Stable Diffusion 1.5 [55] and Janus-
Pro [13]] achieve notably high diversity scores, these results are less indicative of true generative
quality, as they largely stem from the models’ inconsistent preservation of semantic alignment in
the generated images. And Kolors 2.0 [64] exhibits outstanding diversity without compromising its
alignment performance, and is regarded as a model with excellent diversity performance.

While stylization can be viewed as a specific facet of semantic alignment, performance in this
dimension does not entirely coincide with overall alignment outcomes. GPT-40 [45] retains a clear
lead in stylization, while both Seedream 3.0 [24]] and the SANA series methods also exhibit strong
performance Notably, Stable Diffusion 1.5 [55] demonstrates impressive stylization capabilities
despite its relatively poor performance in semantic alignment. This may be attributed to its data
cleaning process, which likely preserved a broad range of stylistic patterns and enabled the model to
generate images with distinct stylistic characteristics.

4.2.2 Text Rendering

We evaluate the performance of text-to-image models with a particular focus on text rendering, which
assesses how accurately these models reproduce textual content within generated images. For clearer
comparison across varying textual complexities, the images are categorized by prompt length.

As shown in Table ] Seedream 3.0 [24] achieves the best performance across nearly all sub-
dimensions of completion ratio and word accuracy count, as well as in edit distance for short and
medium-length prompts. Closer inspection of the generated images reveals that the relatively higher



Table 4: The text rendering evaluation results. In the table, Short, Medium and Long represent the length of
the prompts, where Short denote the number of words is less than 30, Medium denotes the length between 30
and 60, and Long denotes the length exceeding 60. indicate the first, second, third, fourth, and
fifth performance respectively.

Method Edit Distance (ED)] Completion Rate (CR)1T Word Accuracy (WAC)T
Short Medium Long Short Medium Long | Short Medium Long
Janus-Pro[13] 33.041 59.695 295.020 | 0.000 0.000 0.000 | 0.001 0.001 0.000
BLIP3-0[8] 31.627 59.584 258.510 | 0.005 0.000 0.000 | 0.014 0.022 0.012
BAGEL[18] 25.650 44.453 242415 | 0.005 0.079 0.000 | 0.128 0.288 0.148
BAGEL+CoT[18] 30.550 57.397 255220 | 0.000 0.005 0.000 | 0.024 0.033 0.011
Show-02-1.5B [75] 32.205 59.232 296.580 | 0.000 0.000 0.000 | 0.002 0.004 0.001
Show-02-7B [75] 31.709 59.179 294.720 | 0.000 0.000 0.000 | 0.004 0.006 0.001
OmniGen?2 [71] 17.000 36.145 181.525 | 0.255 0.145 0.000 | 0.543 0.614 0.534
Stable Diffusion 1.5 [55] 36.227 60.480 290.245 | 0.000 0.011 0.000 | 0.004 0.020 0.004
Stable Diffusion XL [46] 35.045 61.824 290.470 | 0.000 0.008 0.000 | 0.020 0.056 0.029
Stable Diffusion 3.5 Large [60] 19.459 38.711 248.280 | 0.432 0.255 0.005 | 0.749 0.740 0.512
Flux.1-dev [38] 26.855 44.189 227.565 | 0.223 0.161 0.000 | 0.387 0.577 0.430
CogView4 [[78] 17.173 29.437 193.420 | 0.200 0.150 0.010 | 0.437 0.593 0.517
SANA-1.5 1.6B (PAG) [73] 31.573 61.566 288.225 | 0.059 0.003 0.000 | 0.143 0.090 0.031
SANA-1.5 4.8B (PAG) [73] 25.027 55.634 268.025 | 0.086 0.000 0.000 | 0.228 0.079 0.030
Lumina-Image 2.0 [47] 26.259 54.547 270.530 | 0.059 0.013 0.000 | 0.199 0.199 0.083
HiDream-I1-Full [29] 14.464 31.026 177.765 | 0.195 0.166 0.005 | 0.435 0.602 0.576
Imagen3 [36] 34.005 83.171 239.565 | 0.068 0.071 0.000 | 0.279 0.447 0.371
Recraft V3 [66] 17.050 26.945 74.181 0.050 0.061 0.006 | 0.267 0.371 0.430
Kolors 2.0 [64] 18.236 37.930 235953 | 0.125 0.118 0.000 | 0.374 0.483 0.257
Seedream 3.0 [24] 7.204 20.596 169.307 | 0.699 0.451 0.109 | 0.893 0.822 0.688
Imagen4 [17] 18.273 42918 121.625 | 0.181 0.184 0.060 | 0.364 0.575 0.745
GPT-40 [45] 18.255 37.850 85.430 0.150 0.171 0.070 | 0.323 0.495 0.673

edit distances observed for Seedream 3.0 are mainly associated with the difficulty of rendering long
text inputs, particularly in structured formats such as articles and PowerPoint slides. Images generated
with long text inputs may contain more frequent textual deviations. While Seedream 3.0 performs
well on certain long prompts, the overall complexity of long-text rendering contributes to an increase
in edit distance.

As shown in Figure [6] although GPT-40 [45] demonstrates strong visual accuracy, it shows no
particular advantage in quantitative evaluation. This is mainly due to our strict evaluation criterion:
any mismatch in capitalization (e.g., uppercase vs. lowercase) is counted as one unit of edit distance.
This rule has a direct impact on GPT-40’s overall rendering scores.

Compared to Imagen3 [36], Imagen4 [[17] shows a clear improvement in text rendering, with nearly
double the performance on metrics such as ED and CR. Nonetheless, its overall visual appeal and the
clarity of rendered text for long prompts still leave room for enhancement.

Notably, Recraft V3 [66] consistently achieves excellent edit distance performance across all prompt
lengths, with its values for long prompts showing a large gap from the second-best result. However,
its performance in completion ratio and word accuracy count is relatively less impressive. This
discrepancy may be attributed to its layout-first strategy [65]], in which a layout is generated prior
to text insertion. This approach effectively reduces severe errors and prevents chaotic outputs
by decomposing the original text rendering task into several relatively simpler subtasks, thereby
significantly enhancing the reliability of text rendering in the final images.

4.2.3 Knowledge and Reasoning

In the knowledge and reasoning dimension, shown in Table [5]and in Figure[6] GPT-40 [43] demon-
strates substantially stronger capabilities than other models. It consistently outperforms its counter-
parts in both knowledge retention and reasoning ability across nearly all subject categories evaluated.
In general, closed-source models outperform open-source models in knowledge and reasoning ca-
pabilities. Notably, no single model has shown a particularly outstanding performance in specific



subjects, indicating that the reasoning abilities of current models are largely derived from a balanced
and conventional training dataset.

Table 5: The Knowledge and Reasoning evaluation results. indicate the first, second, third,
fourth, and fifth performance respectively.

Method | Geography ~Computer Science Biology ~Mathmatics Physics Chemistry =~ Common Sense
Janus-Pro [13] 0.153 0.134 0.123 0.130 0.144 0.131 0.189
BLIP3-o [8] 0.210 0.225 0.219 0.223 0.219 0.232 0.275
BAGEL [18] 0.191 0.152 0.183 0.149 0.168 0.169 0.248
BAGEL+CoT (18] 0.206 0.184 0.206 0.200 0.212 0.208 0.273
Show-02-1.5B [75] 0.218 0.197 0.235 0.201 0.222 0.206 0.295
Show-02-7B [75] 0.222 0.206 0.244 0.217 0.227 0.212 0.297
OmniGen2 [71] 0.266 0.270 0.271 0.284 0.257 0.278 0.314
Stable Diffusion 1.5 [55 0.217 0.203 0.211 0.212 0.207 0.185 0.251
Stable Diffusion XL [46] 0.246 0.216 0.244 0.235 0.234 0.239 0.289
Stable Diffusion 3.5 Large [60] 0.291 0.299 0.283 0.306 0.292 0.292 0.319
Flux.1-dev [38] 0.239 0.257 0.247 0.265 0.247 0.253 0.298
CogView4 [78] 0.223 0.251 0.237 0.279 0.239 0.252 0.296
SANA-1.5 1.6B(PAG) [73] 0.207 0.203 0.222 0.218 0.211 0.193 0.280
SANA-1.5 4.8B(PAG) [73] 0.214 0.206 0.224 0.224 0.214 0.203 0.282
Lumina-Image 2.0 [47] 0.208 0.206 0.225 0.222 0.215 0.197 0.278
HiDream-I1-Full [29] 0.324 0.324 0.305 0.312 0.318 0.305 0.347
Imagen3 [36] 0.304 0.319 0.298 0.303 0.320 0.315 0.338
Recraft V3 [66] 0.323 0.337 0.303 0.320 0.319 0.328 0.344
Kolors 2.0 [64] 0.255 0.252 0.256 0.263 0.258 0.277 0.314
Seedream 3.0 [24] 0.246 0.295 0.313 0.253 0.297 0.270 0.277
Imagen4 [17] 0.334 0.346 0.314 0.343 0.342 0.346 0.351
GPT-4o [45] 0.351 0.348 0.323 0.334 0.350 0.355 0.364

The models’ reasoning abilities can be categorized into five tiers as follows: the first tier includes
GPT-40 [45]], Imagen4 [[17], the second tier consists of Recraft V3 [66], HiDream-11-Full [29], and
Imagen3 [36]], the third tier includes only Stable Diffusion 3.5 Large [60]], and the fourth tier includes
Seedream 3.0 [24], Lumina-Image 2.0 [47]], and Kolors 2 [64], other models form the last tier. The
following figure visualizes the reasoning scores, which correspond closely with the aforementioned
ranking.

5 Conclusion

We introduce a comprehensive text-to-image benchmark, namely OnelG-Bench, which establishes a
systematic framework for omni-dimensional nuanced evaluation through categorization of generation
themes. Specifically, we have meticulously designed general scenarios including human figures and
conventional objects, text rendering scenarios, and anime/style scenarios, and have crafted evaluation
metrics for each scenario to comprehensively measure text-to-image performance. By decomposing
evaluation into these discrete dimensions, the benchmark facilitates in-depth comparative analysis
of models’ strengths and limitations. This approach not only provides researchers with a rigorous
evaluation framework but also serves as a guiding tool for identifying technical bottlenecks and
prioritizing methodological innovations in the field.

Limitation: While this study presents a novel and systematic benchmark, several limitations should
be acknowledged. (1) Knowledge and reasoning represents a relatively novel task in the image
generation domain, and most existing models currently lack robust reasoning capabilities. While we
have confirmed that our metric rankings align closely with human evaluations, there may exist more
rational and effective evaluation approaches yet to be explored. (2) Moreover, aesthetic models tend to
exhibit unexpected biases, while body quality assessment models often lack sufficient discriminative
power and generalizability. We will further investigate both dimensions to develop a more robust and
precise evaluation method.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

* You should answer [Yes], ,or [NA] .

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " " itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We claim our contributions in the abstract and introduction [[I We have
three main contributions: presenting OnelG-Bench with different generation dimensions,
introducing a systematic quantitative evaluation, and state-of-the-art methods are evaluated
based on our proposed benchmark to facilitate the development of the text-to-image research.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
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Answer: [Yes]
Justification: We discuss the current limitation [5]in our paper.
Guidelines:
* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: We state our assumptions and define the equations in section
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: The paper fully discloses all the information.

Guidelines:
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The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The code, datasets, and models used in this paper are all publicly accessible.

Guidelines:

The answer NA means that paper does not include experiments requiring code.

Please see the NeurIPS code and data submission guidelines (https://nips.cc/pu
blic/guides/CodeSubmissionPolicy) for more details.

While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: The paper specify all evaluation settings and data.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: We report the average score of evaluation results.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide our computer resources in Results and Analysis section[4.2]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
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* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our research conforms with the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discuss the potential impacts in section 5[3]
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.
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* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The assets are properly credited and license and terms of use is explicitly
mentioned and properly respected.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets|has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: New assets are documented.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

21


paperswithcode.com/datasets

15.

16.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: We have described the usage of the LLMs in the paper.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Technical Appendices and Supplementary Material

A.1 Word Count Distribution Statistics

The word count distribution of our OnelG-Bench prompts, as shown in Table[6]and Figure 3] follows
a Short : Middle : Long ratio of approximately 1:2:1. The choice of 30 and 60 words as the
thresholds for distinguishing short, middle, and long prompts is based on the following reasoning:
According to common rules for understanding token lengths, 1 word is approximately equal to 4/3
tokens, and 1-2 sentences are roughly equivalent to 30 tokens. This means that a simple 1-2 sentence
prompt has a length of about 20-25 words. To ensure diversity in sentence structure and accuracy
in stylization or portraiture in the image, we set the boundaries for short and middle prompts at 30
words. Furthermore, since some text encoders, such as CLIP [S0], SigLIP [79], support a maximum
of 77 tokens, a prompt of up to 60 words can generally be processed directly by these encoders.

Table 6: Word count distribution of OnelG-Bench prompts in different categories. In the table, Avg
represents the average word count of prompts in different categories (including total and total w/o Knowledge &
Reasoning). Short, Medium and Long represent the length of the prompts, where Short denote the number of
words is less than 30, Medium denotes the number between 30 and 60, and Long denotes the number exceeding
60. "K & R" is the abbreviation for "Knowledge & Reasoning".

Category Avg Short Middle Long
Portrait 56.4 0.184 0.443 0.373
General Object 46.5 0.330 0.422 0.248
Anime & Stylization 50.6 0.212 0.522 0.265
Text Rendering 51.2 0.275 0.475 0.250
Knowledge & Reasoning 20.5 0.960 0.018 0.022
Total Distribution 45.2 0.389 0.377 0.234

Total Distribution w/o K & R 51.3 0.246 0.467 0.287

The Portrait category, however, shows a slight deviation from this 1:2:1 distribution in Figure ] due
to the explicit requirement for portraits in the prompts, ensuring that the generated characters do not
include stylized figures like those found in anime. As a result, the average word count for prompts
in this category is higher than in other categories. On the other hand, the Knowledge & Reasoning
category, which focuses on reasoning tasks, does not revise the prompts to conform to the word count
ratio, leading to a noticeably lower average word count compared to other categories. In general,
excluding the Knowledge & Reasoning category, OnelG-Bench prompts’ word count results align
closely with the 1:2:1 ratio.

1.00
= Portrait
175 All Categories General Object
Excluding Knowledge & Reasoning Anime & Stylization
150 Text Rendering
0.75 Knowledge & Reasoning
125
g s
2 B
@ 100 i
> 80 50
=3 )
g jd
T 75 o
50 0.25
25
o 0.00
0 10 20 30 40 50 60 70 80 90 100110120130 140150 160170 180 190 200 Short Middle Long
Word Count Prompt Length

Figure 3: Word Count of the Overall Prompts of Figure 4: The distribution of prompt word counts
OnelG-Bench. The word count distribution of OnelG-  across Short, Middle, Long categories.
Bench’s prompts ranges from 0 to 200.
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A.2 Implementation

Our experiments on image generation with unified multimodal methods and open-source methods are
configured according to Table[/| For all methods, the CFG and step parameters follow the methods’
default settings. To ensure consistency and ensure the quality of image generation, we increased the
default steps for Stable Diffusion 3.5 Large [60] from 40 to 50. The number of inference steps for
Flux.1-dev [38]] is set to be consistent with that used in the official API [6]. With the exception of
Stable Diffusion 1.5 [S5]], which cannot generate images with a resolution of 1024 x 1024, all other

methods are configured to generate images at a resolution of 1024 x 1024.

Table 7: Configurations for unified multimodal and open-source methods. Size represents the parameter
size of the corresponding method. CFG represents the guidance scale of the corresponding method. Resolution
represents the resolution of the image generated by the corresponding method. Step represents the number of

inference steps during the image generation process.

Method Size CFG Resolution Step
Janus-Pro [[13] 7B 5.0 384 x 384 -
BLIP3-o0 [8] 8B 3.0 1024 x 1024 -
BAGEL [18] 7B 4.0 1024 x 1024 50
BAGEL+CoT [18] 7B 4.0 1024 x 1024 50
Show-02-1.5B [75] 1.5B 5.0 432 x 432 50
Show-02-7B [75] 7B 5.0 432 x 432 50
OmniGen?2 [71] 3B+4B 4.0 1024 x 1024 50
Stable Diffusion 1.5 [55] 0.9B 7.5 512 x 512 50
Stable Diffusion XL [46] 2.6B 5.0 1024 x 1024 50
Stable Diffusion 3.5 Large [60] 8.1B 4.5 1024 x 1024 50
Flux.1-dev [38] 12B 3.5 1024 x 1024 28
CogView4 [78] 6B 3.5 1024 x 1024 50
SANA-1.5 1.6B (PAG) 73] 1.6B 5.0 1024 x 1024 20
SANA-1.5 4.8B (PAG) [73] 4.8B 5.0 1024 x 1024 20
Lumina-Image 2.0 [47] 2.6B 4.0 1024 x 1024 50
HiDream-I1-Full [29] 17B 5.0 1024 x 1024 50

For closed-source methods, we present the corresponding release or update dates of the methods in

Table 8] to facilitate alignment with subsequent experimental results.

Table 8: Release/Update date of closed-source methods. Release/Update date represents the version of the

corresponding method when generating images.

Method Imagen3 [36] Recraft V3 [66] Kolors 2.0 [64]

Seedream 3.0 [24]

Imagen4 [17]

GPT-4o [45]

Release/Update Date  2025-01-23 2024-10-30 2025-04-15

2025-04-15

2025-05-20

2025-04-29

A.3 The Details on Prompts Rewriting

Algorithm 1: Initial Prompts Rewritten by GPT-40

Input: n: the length of the initial prompts list,

Pinic: the initial prompts [p1, p2, - - ., Pn)-
Output: Peyiiren © the rewritten prompts [p}, p5, . . .
Psortea <— sorted_by_word_count (Piy;)

R + 100 = sorted(beta.rvs(2.37,2.86,n))
for i + 1tondo
initial_prompt <— Pyoreqt]
target_word_count < RJi]

s D)

rewritten_prompt <— GPT-40_API(Prompt Template, initial_prompt, target_word_count)

Prewritten[¢] <— rewritten_prompt
return ]P)rewritten

As shown in Algorithm T} the initial prompts are first sorted based on their word count. Then, using a
Beta distribution with parameters (2.37, 2.86), which roughly follows the ratio 0-0.3:0.3-0.6:0.6-1
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~ 1:2:1, a list of desired prompt lengths is generated and subsequently sorted. The sorted prompts
are then matched with the corresponding desired lengths, and the GPT-40 API is called to rewrite
each prompt according to its specified length, resulting in the rewritten prompts. Without loss of
generality, lengths in the range of 60-100 can be mapped to a range of greater, thereby generating
longer prompts. In this process, the corresponding prompt for rewriting is as follows:

Prompt of Prompts Rewriting

You are a precise rewriting assistant.
Task Description:

* Rewrite the <initial_prompt > according to the <target_word_count> of the prompt.
* For <initial_prompt > longer than the <target_word_count>

— Shorten the prompt by carefully removing specific but non-essential details.
— Do not simply delete words or generalize the description.

* For <initial_prompt > shorter than the <target_word_count>

— Expand the prompt by adding specific, meaningful, and vivid details that enhance
the scene.
— Do not introduce abstract or generalized commentary.

* Ensure the rewritten prompt

— The prompt should be coherent, natural, fluent, logically structured.
— Please maintain the initial tone and intent as much as possible.

Important:

e Only output the final rewritten prompt without any additional words.

A.4 The Details and Analysis on Stylization

Table 9: The styles in OneIG-Bench corresponding to specific categories.

Category | Style

Traditional abstract expressionism, art nouveau, Baroque, Chinese
ink painting, cubism, fauvism, impressionism, line art,
minimalism, pointillism, pop art, Rococo, Ukiyo-e

Media clay, crayon, graffiti, LEGO, pencil sketch, stone sculp-
ture, watercolor

Anime Celluloid, Chibi, comic, Cyberpunk, Ghibli, Impasto,
Pixar, pixel art, 3d rendering,

The Anime & Stylization category encompasses a variety of styles, which are systematically grouped
into three subcategories in Table [0} Traditional, Media, and Anime. The Traditional category
primarily includes styles rooted in classical and historical art movements from around the world.
The Media category includes styles defined by specific artistic media and material-based techniques.
The Anime category represents a collection of stylized and detailed visual aesthetics commonly
associated with animation and pop culture. And Table[I0]presents the scores of different methods
across various style categories. The calculation process is as follows: for each method, the average
style score is first calculated based on the images generated for each prompt within each style. Then,
the score for each style category is obtained by averaging the scores of the individual styles within
that category. It is clear that GPT-4o [45] demonstrates exceptional style-following ability across
most categories, significantly outperforming other methods.

A.5 Overall quantitive results of OnelG-Bench-ZH
To facilitate comparison, we present the quantitative results of OneIG-Bench-ZH in Table [T and

showcase qualitative examples on OnelG-Bench-ZH and OnelG-Bench from several top-performing
methods in Figure[5]
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Table 10: The style scores on different categories of styles. indicate the first, second, third,
fourth, and fifth performance, respectively.

Method \ Traditional Media Anime
Janus-Pro [13]] 0.224 0.212 0.412
BLIP3-o [8] 0.381 0.287 0.390
BAGEL [18]] 0.363 0.297 0.440
BAGEL+CoT [18] 0.372 0.329 0.499
Show-02-1.5B [73] 0.269 0.288 0.410
Show-02-7B [[73] 0.283 0.295 0.380
OmniGen?2 [71]] 0.360 0.314 0.458
Stable Diffusion 1.5 [55]] 0.483 0.298 0.349
Stable Diffusion XL [46] 0.316 0.307 0.339
Stable Diffusion 3.5 Large [60] 0.356 0.315 0.335
Flux.1-dev [38]] 0.367 0.298 0.391
CogView4 [78] 0.376 0.294 0.369
SANA-1.5 1.6B(PAG) [73]] 0.438 0.331 0.370
SANA-1.5 4.8B(PAG) [73]] 0.443 0.340 0.379
Lumina-Image 2.0 [47] 0.351 0.325 0.360
HiDream-11-Full [29]] 0.331 0.295 0.368
Imagen3 [36] 0.378 0.309 0.371
Recraft V3 [66] 0.418 0.347 0.332
Kolors 2.0 [64] 0.370 0.336 0.360
Seedream 3.0 [24] 0.383 0.365 0.524
Imagend4 [17] 0.336 0.365 0.452
GPT-40 [45]] 0.532 0.404 0.411

We evaluate a relatively smaller set of well-known image generation models on OnelG-Bench-ZH,
including unified multimodal models (Janus-Pro [[13]], BLIP3-o [8], BAGEL [18]), open-source
models (CogView4 [78]], Lumina-Image 2.0 [47]], and HiDream-I1-Full [29]) using A800 GPUs, as
well as closed-source models (Kolors 2.0 [64], Seedream 3.0 [24]], and GPT-40 [45]]). In OnelG-
Bench-ZH, Multilingualism part consists of 100 culture-related prompts and 100 portrait-related
prompts. To provide a clear overall comparison, the evaluation results across multiple dimensions are
summarized in Table@ On OnelG-Bench-ZH, GPT-40 [45] demonstrates outstanding performance,
ranking first across most evaluation dimensions in Table [IT]and Figure 5] In contrast, Seedream
3.0 [24]] excels particularly in Chinese text rendering, significantly outperforming GPT-40. However,
most models show limited capability in generating Chinese text, with many nearly incapable of
producing legible Chinese characters. It is also worth noting that for most models, performance
on alignment, reasoning, and style dimensions is slightly weaker on OnelG-Bench-ZH than on
OnelG-Bench, indirectly reflecting that their ability to understand and generate Chinese semantics
still requires further improvement.

Table 11: Overall quantitative comparison of different methods on OneIG-Bench-ZH. The table showcases
the results of five core metrics for various methods. indicate the first, second, third, fourth, and
fifth performance, respectively.

Method Alignment 1 Text T Reasoning 1 Style T Diversity 1
Oz}upzha Ozh77)zh7Azh782h7

Assessment Sets Aup SoniLon Ten KRzn Szn Tens KRz Lan
Janus-Pro [13] 0.324 0.148 0.104 0.264 0.358
BLIP3-o [8] 0.608 0.092 0.213 0.369 0.233
BAGEL [18] 0.672 0.365 0.186 0.357 0.268
BAGEL+CoT [18] 0.719 0.127 0.219 0.385 0.197
Cogview4 [78] 0.700 0.193 0.236 0.348 0.214
Lumina-Image 2.0 [47] 0.731 0.136 0.221 0.343 0.240
HiDream-I1-Full [29] 0.620 0.205 0.256 0.304 0.300
Kolors 2.0 [64] 0.738 0.502 0.226 0.331 0.333
Seedream 3.0 [24] 0.793 0.928 0.281 0.397 0.243
GPT-40 [45] 0.812 0.650 0.300 0.449 0.159
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Figure 5: An illustration of the generation results and the corresponding scores on OnelG-Bench-ZH. The
first row shows the alignment results and the second row shows the the text rendering results. And the evaluation
scores are displayed in the upper left corner of the image.
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PROMPT: Designed for tech-savvy young professionals, this modern and vibrant advertisement features Smartphone over a gradient blue and purple background.
The text elements include "Experience Speed Like Never Before" as the main hook, "Unlock a new level of convenience.” for added detail, “Early Bird Discount

Ends Soon." to highlight the offer, and "Download the app and get started today." driving action. The logo "TechNova" ties it all together in a visually appealing
manner.
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PROMPT: Draw a diagram showcasing the movements in plate tectonics. Tips: Continental drift, subduction zones, tectonic plates.

Figure 6: An illustration of the generation results and the corresponding scores. The first row shows the
text rendering results and the second row shows the the knowledge and reasoning results. And the evaluation
scores are displayed in the upper left corner of the image.

A.6 Benchmark Reliability Analysis
A.6.1 User Study
User studies have validated the high alignment between OnelG-Bench’s evaluation model results and

human annotations. To measure human agreement with the evaluation results of OnelG-Bench, we
randomly select 430 prompts from OnelG-Bench, distributed as follows:

* Alignment: 150 prompts (50 from Anime & Stylization, 50 from Portrait, 50 from General
Object)
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o Text: 60 prompts

* Reasoning: 60 prompts

e Style: 51 prompts

* Diversity: 100 prompts (20 from each category)

For each prompt, generation results are randomly sampled from 4 distinct models. Subsequently,
over 30 human annotators are arranged to rank these outputs. The resulting human rankings are then
compared with the rankings generated by the evaluation model.

Due to possible ties (e.g., all 4 models performing the same in certain prompts), traditional correlation
metrics like Spearman or Kendall are not applicable. To address this, we adopt a custom metric
called Ranking Consistency (RC), which measures the proportion of pairwise comparisons where the
model ranking agrees with the human ranking. If two items are ordered the same way in both human
and model rankings, they are considered a consistent pair. RC is the ratio of consistent pairs to all
possible pairs.

Table [T2] presents the average RC values across different evaluation dimensions, reflecting the
accuracy and reliability of our ranking mechanism.

Table 12: Ranking consistency between OnelG-Bench evaluations and human annotations.

Alignment  Text Reasoning Style Diversity
Avg. of RC 0.8133 0.9139 0.9167 0.7931  0.8857

Despite the strong reliability observed in user studies, the evaluation remains susceptible to hallucina-
tions and related artifacts arising from the use of LLMs and VLMs.

For the semantic alignment evaluation, to reduce the likelihood of hallucinated responses, we design
the prompts with clear structure and straightforward wording, while imposing strict constraints on the
model’s responses—ensuring they can directly address “Yes” or “No” questions. Since the format of
questions in this section is relatively simple, we find that VLMs perform significantly better compared
to their performance on more complex image understanding benchmarks.

Also, we observe some hallucinations in tasks during text extraction. Specifically, in our evaluation
of Qwen2.5-VL-7B’s extracted text sequences, we find a hallucination rate of approximately 6.49%.
We further analyze these cases and identified some common patterns in hallucinated outputs. As a
result, we’ve implemented a filtering and cleaning process within our codebase to remove typical
hallucinated terms. This process effectively reduces hallucinated text to approximately 1%, ensuring
fairness and reliability in our subsequent evaluations. Here we provide representative text-based cases
in Table

Table 13: VLM failure cases.

Case Human results VLM results

Casel VOICE OF JUSTICE THE LEGEND OF A VOICE OF JUSTICE THE LEGEND OF A

FEMALE LAWYER FEMALE LAWYER No text recognized
Case2 NOW SHOWING CLASSIC FILM FESTIVAL NOW SHOWING addCriterion CLASSIC

ADULTS $5 - POPCORN INCLUDED FILM FESTIVAL ADULTS $5 — POPCORN

THEATER 1EUBRR PLT 20TM INCLUDED THEATER 1EUBRR PLT 20TM

A.6.2 Comparison with Existing Benchmarks

OnelG-Bench shows good overall alignment with existing commonly used benchmarks in the
alignment dimension. However, due to differences in prompt content, there are also some variations
in relative rankings. We select the two most widely adopted alignment benchmarks for T2I models, as
other dimensions currently lack sufficient model coverage for meaningful comparison. As shown in
the Table@ OnelG-Bench results are largely consistent with both GenEval [25] and DPG Bench[31]],
with a notably higher agreement with DPG Bench. This may be attributed to differences in prompt
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length distribution: GenEval primarily focuses on short prompts, while DPG Bench emphasizes
medium to long prompts, which aligns more closely with the distribution in OnelG-Bench.

For alignment metrics, our benchmark includes a balanced mix of short, medium, and long prompts,
reflecting a more realistic task setting. Furthermore, OnelG-Bench prompts are more diverse in
form—ranging from tags and phrases to natural language instructions—enhancing generalizability.
In addition, we are the first to introduce the Anime & Stylization category, which has been largely
overlooked in existing benchmarks.

Overall, the distribution of prompt lengths, the diversity in prompt forms, and the inclusion of different
content domains collectively influence the generation quality of T2I models and, consequently, their
alignment rankings. As generative tasks grow increasingly complex, demanding performance across
diverse areas like alignment, text rendering, and reasoning, AIGC researchers need a benchmark that
offers broad coverage and more closely mirrors real-world application scenarios. Our benchmark
perfectly meets this demand.

Table 14: Model performance across benchmarks and inter-benchmark correlations.
Model OnelG #Rank GenEval #Rank DPG Bench #Rank

Stable Diffusion 1.5 0.565 8 0.430 8 63.18 8
Stable Diffusion XL 0.688 7 0.550 7 74.65 7
Flux. 1-dev 0.786 3 0.660 6 83.79 6
CogView4 0.786 3 0.730 4 85.13 3
SANA-1.51.6B (PAG) 0.762 6 0.82 2 84.50 5
SANA-1.54.8B (PAG) 0.765 5 0.81 3 84.70 4
Lumina-Image 2.0 0.819 2 0.730 4 87.20 1
HiDream-I1-Full 0.829 1 0.830 1 85.89 2
PLCC (OnelG & X) 1 - 0.6037 - 0.8503 -
SPCC (OnelG & X) 1 - 0.5964 - 0.8743 -

A.7 Visualization Results

We first give the best normalized polar visualization of SOTA methods on OnelG-Bench in Table [I5]
It can be observed that the closed-source methods outperform the other two categories of methods
overall. And we selected some methods based on their overall performance across non-style metrics
and showcased representative examples for each. For the style dimension, we further selected images
from three finer-grained subcategories to illustrate the results. In all visualizations, the methods
are broadly selected based on overall performance. In the following figures, each image tile is
labeled in the top-left corner with the score achieved by the corresponding method under the
current evaluation metric.

Figure [/| shows that Imagen4 [17] and GPT-40 [45] demonstrate strong capabilities in semantic
alignment. Notably, in multi-person generation tasks, many methods struggle to accurately fulfill
requirements at the individual level and often exhibit confusion in assigning attributes to the correct
subjects. In addition, some methods tend to overlook fine-grained details while focusing on the
primary generation task, which significantly hinders their ability to achieve high alignment scores.

Text rendering is an important task for current generative methods. As shown in Figure|s| Seedream
3.0 [24] demonstrates high accuracy and aesthetic quality. Some methods, such as GPT-40 [43]],
demonstrate limitations in adhering to case sensitivity (distinguishing between uppercase and lower-
case letters), which compromises the textual accuracy of the rendered content. While the generated
images may appear visually impressive, these subtle errors can lead to a noticeable divergence
between subjective visual quality and objective evaluations based on metrics such as ED and WAC.
Imagen4 [17]] demonstrates good accuracy in text generation, but the overall visual quality of the
images is relatively poor. Recraft V3 [66], although rarely producing major errors in text genera-
tion, tends to make mistakes at the word level and suffers from inconsistencies in typography and
layout coherence. Overall, HiDream-I1-Full [29] performs reasonably well in text rendering—it
may not outperform Seedream 3.0, Recraft V3, or GPT-40, but it is able to fulfill the basic prompt
requirements.
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From a reasoning perspective, only GPT-40 [45]] demonstrates both logical coherence and textual
accuracy in Figure[9] Although Imagen4 [17] and Recraft V3 [66] fall short of GPT-40 in terms of
clarity and correctness, they produce text that is generally readable. HiDream-I1-Full [29] provides
limited textual and visual content but manages to convey a certain degree of knowledge and reasoning,
albeit with insufficient accuracy. In contrast, Imagen3 [36] tends to generate overly redundant outputs,
with excessive textual and graphical elements that obscure the intended message, and often includes
incorrect information. Therefore, Knowledge and Reasoning remains a critical area that warrants
further investigation and refinement for generative methods.

The visualization of diversity results is presented in Figure |10} where the ranking of diversity scores
aligns well with visual inspection, supporting the validity of our proposed diversity metrics, although
the diversity observed in some methods may partly stem from insufficient alignment capabilities.

Figures and|13|show that GPT-40 [45] performs well across most styles, though it struggles
with specific ones especially some anime styles. Stable Diffusion 1.5 [55]], despite its lower visual
quality, effectively captures traditional style features. Although Imagen4 [17] does not achieve a
high overall score in style, it performs notably well in media and anime styles. It is worth noting
that unified multimodal methods, such as BAGEL+CoT [18], OmniGen?2 [71], BAGEL [18]] and
Janus-Pro [[13], exhibit particularly strong performance in the anime style. Overall, Seedream 3.0[24]]
and SANA-1.5 4.8B (PAG)[73] also demonstrate strong stylistic consistency, ranking just behind
GPT-4o.
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TS T T

PROMPT: An elderly woman shares cherished childhood stories with a robot, displaying a collection of faded photographs meticulously arranged in an album.
Accompanying her are a young woman and an inquisitive boy, all portrayed as lifelike individuals, capturing the essence of real-life interactions through a
realistic photographic style.
1.00

0.80

PROMPT: Create a vivid and realistic depiction of ancient farmers laboring tirelessly in expansive fields beneath a scorching, intense sun. Capture the
determination and hard work etched into their facial expressions. Accentuate the intricate details of their traditional clothing, sturdy farming tools, and the lush

crops that thrive around them. Highlight the sweat glistening on their brows and dripping onto the soil, emphasizing their relentless dedication in a vibrant,
warm environment.

Figure 7: Visualization results of SOTA methods. Alignment of Imagen4 [17], GPT-4o [43]], Imagen3 [36],
HiDream-I1-Full and Kolors 2.0 are evaluated respectively. Row 1 corresponds to tag/phrase prompt:
The variation in the scores of the visual samples are mainly influenced by: "2 boys" and "logo". Row 2
corresponds to short prompt: The variation in the scores of the visual samples are mainly influenced by:
"blob fish", "surreal underwater" and "unusual sea creatures". Row 3 corresponds to middle prompt: The
variation in the scores of the visual samples are influenced by: "inquisitive boy", "realistic photography style"
and whether each individual mentioned in the prompt is accurately and uniquely generated in the image. Row
4 corresponds to long prompt: The variation in the scores of the visual samples are influenced by: "ancient

farmers", "sweat", "facial expressions", "relentless dedication". The mentioned keywords may correspond to
more than one question—answer pair.
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Table 15: Best normalized polar visualization of SOTA methods on OnelG-Bench. Anti-Clockwisely,
Alignment: [ NP, 0 T&P, O Short, B Middle, B Long; Text: [J ED-Short, ] ED-Middle, & ED-Long, O
CR-Short, @ CR-Middle, @ CR-Long, @ WAC-Short,  WAC-Middle, B WAC-Long; Reasoning: (] Geography,
O Computer Science, [ Biology, & Mathematics, B Physics, B Chemistry, B Common Sense; Style: [
Traditional, [0 Media, @ Anime; Diversity: [1NP, [ T&P, @ Short, @ Middle, B Long. The absolute average
values of each evaluation metric are list on legends.

Janus-Pro BLIP3-o0 BAGEL
[N Alignment: 0.553 [ Alignment: 0.711 [N Alignment: 0.769
[N Text: 0.001 [N Text: 0.013 [N Text: 0.244
[ Reasoning: 0.139 [ Reasoning: 0.223 [ Reasoning: 0.173
[0 style: 0.276 [0 style: 0.361 - Style: 0.367
[ Diversity: 0.365 [ Diversity: 0.229

[ Diversity: 0.251

BAGEL+CoT Show-02-1.5B(432) Show-02-7B(432)
[ Alignment: 0.793 [ Alignment: 0.798 [N Alignment: 0.817
[ Text: 0.020 [ Text: 0.002 [ Text: 0.002
[ Reasoning: 0.206 [ Reasoning: 0.219 [ Reasoning: 0.226
[ style: 0.390 [ style:0.317 [ style:0.317
[ Diversity: 0.209 [ Diversity: 0.186 [ Diversity: 0.177

OmniGen2 Stable Diffusion 1.5 Stable Diffusion XL
[ Alignment: 0.804 [ Alignment: 0.565 [ Alignment: 0.688
[N Text: 0.680 [ Text: 0.010 [N Text: 0.029
[ Reasoning: 0.271 [ Reasoning: 0.207 [ Reasoning: 0.237
[ style: 0.377 - Sr,yle 0383 [ style: 0.332
[ Diversity: 0.242 [ Diversity: 0.296

Stable Diffusion 3.5 Large Flux.1-dev CogView4d
[N Alignment: 0.809 [N Alignment: 0.786 [N Alignment: 0.786
[N Text: 0.629 [ Text: 0.523 [N Text: 0.641
[ Reasoning: 0.294 [ Reasoning: 0.253 [ Reasoning: 0.246
@@ style: 0.353 @@ style: 0.368 @@ style: 0.353
[ Diversity: 0.225 [ Diversity: 0.238 [ Diversity: 0.205
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Table 15: [Continued] Best normalized polar visualization of SOTA methods on OnelG-Bench. Anti-
Clockwisely, Alignment: [ NP, 0 T&P, & Short, B Middle, B Long; Text: [ ED-Short, 0 ED-Middle, O
ED-Long, O CR-Short, @ CR-Middle, @ CR-Long, @ WAC-Short, @ WAC-Middle,  WAC-Long; Reasoning:
O Geography, [0 Computer Science, 0 Biology, [ Mathematics, H Physics, B Chemistry, Bl Common Sense;
Style: [ Traditional, [ Media, @ Anime; Diversity: [ NP, [ T&P, [ Short, @ Middle, B Long. The absolute
average values of each evaluation metric are list on legends.

SANA-1.5 1.6B (PAG) SANA-1.5 4.8B (PAG) Lumina-Image 2.0
[ Alignment: 0.762 [ Alignment: 0.765 [ Alignment: 0.819
[ Text: 0.054 [ Text: 0.069 [ Text: 0.106
[ Reasoning: 0.209 [ Reasoning: 0.217 _ I Reasoning: 0.270
[0 Style: 0.387 ~ 3 Style: 0.401 [ style: 0.354
[ Diversity: 0.222 Diversity: 0.216

[ Diversity: 0.216
00
0.6

HiDream-I1-Full Imagen3 Recraft V3
[ Alignment: 0.829 [ Alignment: 0.843 [ Alignment: 0.810
[ Text: 0.707 [ Text: 0.343 [ Text: 0.795
[ Reasoning: 0.317 [ Reasoning: 0.313 [ Reasoning: 0.323
[0 Style: 0.347 [0 Style: 0.359 [T style: 0.378
[ Diversity: 0.186 [ Diversity: 0.188 [ Diversity: 0.205

Kolors 2.0 Seedream 3.0 Imagend
[ Alignment: 0.820 [ Alignment: 0.818 [ Alignment: 0.857
[ Text: 0.427 [ Text: 0.865 [ Text: 0.805
[ Reasoning: 0.262 [ Reasoning: 0.275 I Reasoning: 0.338
[0 Style: 0.360 [0 Style: 0.413 [0 Style: 0.377
[ Diversity: 0.300 [ Diversity: 0.277 [ Diversity: 0.199

GPT-40

N Alignment: 0.851
[ Text: 0.857
| [ Reasoning: 0.345
I Style: 0.462
Diversity: 0.151
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PROMPT: Capture the festive spirit of a lantern-lit street market glowing with vibrant colors during Lunar New Year celebrations. The poster highlights "Spring
Festival Fair 2025" in elegant, traditional script. Beneath, a cheerful slogan says "Celebrate with dazzling lights, authentic flavors, and timeless traditions." Event
details follow: "February 1 to 10 at Old Town Plaza — Free entry for all visitors."
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PROMPT: Design a creative square business card for a freelance photographer, featuring a monochrome palette and a camera icon watermark. Highlight "Emma
Zhao", add "Visual Storyteller", include "hello@emmazhao.com”, and phone "+44 7700 900123".
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PROMPT: Imagine a PPT slide where Global Tourism Recovery takes center stage against a clean white space accented by soft geometric shapes. The title reads
"Global Tourism Recovery" and is complemented by a paragraph stating "“Post-pandemic travel is witnessing a surge, driven by digital nomadism, eco-tourism,
and flexible booking options.". A visual chart labeled "Tourist Arrivals by Continent" includes categories like "Europe”, "Asia", and "Americas". Decorative icons
such as an airplane, a suitcase, and a globe add context. The slide concludes with a footer note: "World Tourism Organization, 2025".
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PROMPT: A bold presentation visualizing The Impact of 5G Technology with a pastel-colored layout with modern design cues. The title reads "The Impact of 5G
Technology" and is complemented by a paragraph stating "5G networks are enabling faster connectivity, supporting innovations in autonomous vehicles, remote
surgeries, and smart devices.". A visual chart labeled "5G Coverage Expansion" includes categories like "Urban Areas", "Suburban”, and "Rural”. Decorative icons
such as a 5G icon, a satellite dish, and a smartphone add context. The slide concludes with a footer note: "Telecom Industry Report, 2025".

Figure 8: Visualization results of SOTA methods. Text of Seedream 3.0 [24], GPT-4o [43]], Imagen4 [17],
Recraft V3 [66]], HiDream-I1-Full are evaluated respectively. Row 1, 2 correspond to short prompts. Row
3, 4 correspond to middle prompts. Row 5, 6 correspond to long prompts.

34



i the formention

036 ALREEF FORMATION 034 fromation 032  polyps  Limestone skeeron 037 _ TR e

oy Seieon

CORAL REEF

Growing reef

PROMPT: How about designing a diagram that illustrates how coral reefs are formed? Tips: coral polyps, limestone skeleton.
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PROMPT: Visually compare series and parallel circuits with a diagram. Tips: Current flow, Resists
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PROMPT: Tha task is to give the structural diagrams of butanone and butane-2,3-diol. Tips: butanone, butane-2,3-diol

Figure 9: Visualization results of SOTA methods. Reasoning of GPT-40 [43]], Imagen4 [17]], Recraft V3 [66]],
HiDream-I1-Full and Imagen3 are evaluated respectively. Row 1 aims to illustrate how coral reefs
are formed, highlighting key steps such as the growth of coral polyps and the gradual accumulation of calcium
carbonate structures. Row 2 demonstrates the circuit diagrams of series and parallel circuits. Row 3 focuses on
the structural diagrams of butanone and butane-2,3-diol.

PROMPT: Please create a realistic photograph capturing a woman in a brown shirt and jeans, joyfully smiling as she lies on a bed of fresh snowflakes. Her hair is
gently tousled, and the scene is set against a backdrop of towering evergreen trees.
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PROMPT: We need you to show a diagram depicting Bernoulli‘s principle in fluid mechanics. Tips: Fluid dynamics, Pressure, Velocity.

Figure 10: Visualization results of SOTA methods. Diversity of Stable Diffusion 1.5 [55]], Janus-Pro [13],
Kolors 2.0 [64]], Stable Diffusion XL [46] and Seedream 3.0 [24] are evaluated respectively.
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PROMPT: A character with distinct sharp facial features, pierced ear, wavy hair, colorful jacket, unique tie, glove holding cigarette, watch on wrist, contrasted
deep blue background. The scene is depicted in minimalism.

Figure 11: Visualization results of SOTA methods. Traditional styles of GPT-4o [45]], Stable Diffusion

1.5 [33]], SANA-1.5 4.8B (PAG) and 1.6B (PAG) [[73]], and Recraft V3 are evaluated respectively. The styles
are pointillism and minimalism.

PROMPT: A muscular man carries an unconscious individual with blonde hair in his strong arms. A girl in a camo outfit, sporting short hair, has a butterfly on her
shoulder. The entire scene is depicted in pencil sketch style.

PROMPT: A stone gargoyle carries a joyful red panda with vibrant orange fur, surrounded by intricate stone carvings of a gothic cathedral under deep, moonlit
shadows. This scene is rendered entirely in clay style.

Figure 12: Visualization results of SOTA methods. Media styles of GPT-4o [43], Imagen4 [17], Seedream

3.0 [24]], Recraft V3[66] and SANA-1.5 4.8B (PAG) are evaluated respectively. The styles are pencil sketch
and stone sculpture.
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PROMPT: A blonde woman with long, flowing hair and a bandaged eye is trapped within the confines of a glowing light bulb. Surrounded by fluttering moths and

drifting leaf-like debris, her legs are shackled, emphasizing her captivity. The scene evokes a dreamy atmosphere. This striking image is created in a fusion of
Cyberpunk and anime styles.

PROMPT: Designed in a distinctly 3d rendering look, this underwater scene showcases an acrylic pour painting style with dynamic colors of purple, blue, green,
and yellow. Intricate textures outline coral reefs amid dreamy bubbles and sparkles.

Figure 13: Visualization results of SOTA methods. Anime styles of Seedream 3.0 [24]), BAGEL+CoT [18],

Imagen4 [17], BAGEL [18] and Janus-Pro [13] are evaluated respectively The styles are cyberpunk and 3d
rendering.
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