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Abstract

Text-to-Image (T2I) diffusion models have achieved remark-
able success in image generation. Despite their progress,
challenges remain in both prompt-following ability, image
quality and lack of high-quality datasets, which are essen-
tial for refining these models. As acquiring labeled data is
costly, we introduce AGFSync, a framework that enhances
T2I diffusion models through Direct Preference Optimiza-
tion (DPO) in a fully Al-driven approach. AGFSync uti-
lizes Vision-Language Models (VLM) to assess image qual-
ity across style, coherence, and aesthetics, generating feed-
back data within an Al-driven loop. By applying AGFSync to
leading T2I models such as SD v1.4, v1.5, and SDXL-base,
our extensive experiments on the TIFA dataset demonstrate
notable improvements in VQA scores, aesthetic evaluations,
and performance on the HPS v2 benchmark, consistently out-
performing the base models. AGFSync’s method of refining
T2I diffusion models paves the way for scalable alignment
techniques.

Project — https://anjingkun.github.io/AGFSync

1 Introduction

The advent of Text-to-Image (T2I) generation technology
represents a significant advancement in generative Al. Re-
cent breakthroughs have predominantly utilized diffusion
models to generate images from textual prompts (Rom-
bach et al. 2022a; Betker et al. 2023; Podell et al. 2023;
Zhang, Rao, and Agrawala 2023; Zhou et al. 2024b). How-
ever, achieving high fidelity and aesthetics in generated im-
ages poses challenges, including deviations from prompts
and inadequate image quality (Zhang et al. 2023). Address-
ing these challenges requires enhancing diffusion models’
ability to accurately interpret detailed prompts (prompt-
following ability (Betker et al. 2023)) and improve the gen-
erative quality across style, coherence, and aesthetics.
Efforts to overcome these challenges span dataset, model,
and training levels. High-quality text-image pair datasets,
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as proposed in the data-centric Al philosophy, can signifi-
cantly improve performance (Zhou et al. 2024a). Therefore
a high-quality image caption and its corresponding image
pair dataset is crucial in training (Betker et al. 2023).

At the model architecture level, advancements include
the optimization of cross-attention mechanisms to improve
model compliance (Feng et al. 2023). These efforts, both at
the dataset and model architecture levels, follow the tradi-
tional training paradigm of using elaborately designed mod-
els with specific datasets. In contrast, in the training domain,
strategies inspired by the success of large language models,
such as OpenATI’s ChatGPT (OpenAl 2023), include super-
vised finetuning (SFT) and alignment stages. With a pre-
trained T2I diffusion model, enhancing the model for bet-
ter image quality can be approached in either the SFT stage
or the alignment stage. The former approach, as seen in
the latest work DreamSync (Sun et al. 2023), finetunes the
diffusion model through a selected image selection proce-
dure where a Vision-Language Model (VLM) (Achiam et al.
2023; Qin et al. 2023; Zhou et al. 2024c; Qin et al. 2024)
evaluates and then selects high-quality text-image pairings
for further finetuning. However, DreamSync exhibits a lower
prompt generation conversion rate and is limited by the in-
trinsic capabilities of the diffusion model, leading to un-
controllable data distribution in the finetuning dataset. The
latter approach, DPOK (Fan et al. 2024), DDPO (Black
et al. 2023), and DPO (Rafailov et al. 2023) use reinforce-
ment learning for alignment, while Diffusion-DPO (Wallace
et al. 2023) applies Direct Preference Optimization (DPO)
for model alignment, modifying the original DPO algorithm
to directly optimize diffusion models based on preference
data. Yet, it only focuses on evaluating image quality from
one aspect. Furthermore, existing methods mostly depend
on extensive, quality-controlled labeled data.

Addressing these requires a cost-effective, low-labor ap-
proach that minimizes the need for human-labeled data
while considering multiple quality aspects of images. Lever-
aging Al in generating datasets and evaluating image qual-
ity can fill these gaps without human intervention. Through
generating diverse textual prompts, assessing generated im-
ages, and constructing a comprehensive preference dataset,



AGFSync epitomizes the full spectrum of Al-driven innova-
tion—ushering in an era of enhanced data utility, accessibil-
ity, scalability, and process automation while simultaneously
mitigating the costs and limitations associated with manual
data labeling.

More specifically, AGFSync aligns text-to-image diffu-
sion models via DPO, with multi-aspect Al feedback gen-
erated data. The process begins with the preference candi-
date set generation, where LLM generates descriptions of
diverse styles and categories, serving as high-quality tex-
tual prompts. Candidate images are then generated using
these Al-generated prompts, therefore constructing candi-
date prompt-image pairs. Image evaluation and VQA data
construction follow, using LLM to generate questions re-
lated to the composition elements, style, etc., based on its
initial prompts. VQA scoring is conducted by inputting
these questions into the VQA model to assess whether the
diffusion model-generated images aesthetically follow the
prompts, calculating accuracy as the VQA score. With com-
bined weighted scores of VQA, CLIP, and aesthetics fil-
tering, the preference pair dataset is established within the
best and worst images. Finally, DPO alignment is applied
to the diffusion model using the constructed preference pair
dataset. The entire process leverages the robust capabili-
ties of VLMs without any human engagement, ensuring a
human-free, cost-effective workflow.

Our contributions are summarized as follows: (1) We in-
troduce a dataset composed of 45.8K Al-generated prompt
samples and corresponding SDXL-generated images, each
accompanied by question-answer pairs that validate the im-
age generation’s fidelity to textual prompts. This dataset not
only propels forward the research in T2I generation but also
embodies the shift towards higher data utilization, scalabil-
ity, and generalization, signifying a breakthrough in mitigat-
ing the unsustainable practices of manual data annotation.
(2) Our proposed framework AGFSync, aided by multiple
evaluation scores, leveraging DPO finetuning approach, in-
troduces a fully automated, Al-driven approach, which el-
evates fidelity and aesthetic quality across varied scenar-
ios without human annotations. (3) Extensive experiments
demonstrate that AGFSync significantly and consistently
improves upon existing diffusion models in terms of adher-
ence to text prompts and overall image quality, establishing
the efficacy and transformative potential of our Al-driven
data generation, evaluation and finetuning framework.

2 Related Work
2.1 Aligning Diffusion Models Methods

The primary focus of related work in this area is to enhance
the fidelity of images generated by diffusion models in re-
sponse to text prompts, ensuring they align more closely
with human preferences. This endeavor spans across dataset
curation, model architecture enhancements, and specialized
training methodologies.

Dataset-Level Approaches: A pivotal aspect of improv-
ing image generation models involves curating and fine-
tuning datasets that are deemed visually appealing. Works
by (Podell et al. 2023; Rombach et al. 2022a) utilize datasets
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rated highly by aesthetics classifiers (Schuhmann 2022) to
bias models towards generating visually appealing images.
Similarly, Emu (Dai et al. 2023) enhances both visual appeal
and text alignment through finetuning on a curated dataset of
high-quality photographs with detailed captions. Efforts to
re-caption web-scraped image datasets for better text fidelity
are evident in (Betker et al. 2023; Segalis et al. 2023). More-
over, similar to finetuning LLMs with generated data (Betker
et al. 2023; Segalis et al. 2023), DreamSync (Sun et al. 2023)
improves T2I synthesis with feedback from vision-language
image understanding models, aligning images with textual
input and the aesthetic quality of the generated images.

Model-Level Enhancements: At the model level, en-
hancing the architecture with additional components like at-
tention modules (Feng et al. 2023) offers a training-free so-
Iution to enhance model compliance with desired outputs.
StructureDiffusion (Feng et al. 2023) and SynGen (Rassin
et al. 2023) also work on training-free methods that focus on
model’s inference time adjustments.

Training-Level Strategies: The integration of supervised
finetuning (SFT) with advanced alignment stages, such as
reinforcement learning approaches like DPOK (Fan et al.
2024), DDPO (Black et al. 2023), and DPO (Rafailov et al.
2023), shows significant potential in aligning image qual-
ity with human preferences. Among these, Diffusion-DPO
emerges as an RL-free method, distinct from other RL-based
alignment strategies, effectively enhancing human appeal
while ensuring distributional integrity (Wallace et al. 2023).

A common drawback of these approaches is the expensive
finetuning dataset, as most of them rely on human-annotated
data and human evaluation. This paradigm cannot support
training an extensive and scalable diffusion model.

2.2 Image Quality Evaluation Methods

Evaluating image quality in a comprehensive manner is piv-
otal, integrating both automated benchmarks and human as-
sessments to ensure fidelity and aesthetic appeal. The in-
troduction of TIFA (Hu et al. 2023) utilize Visual Ques-
tion Answering (VQA) models to measure the faithful-
ness of generated images to text prompts, setting a foun-
dation for subsequent innovations. The CLIP score (Hes-
sel et al. 2021) builds upon CLIP (Radford et al. 2021)
enables a reference-free evaluation of image-caption com-
patibility through the computation of cosine similarity be-
tween image and text embeddings, showcasing high correla-
tion with human judgments without needing reference cap-
tions. PickScore (Kirstain et al. 2024) leverages user pref-
erences to predict the appeal of generated images, combin-
ing CLIP model elements with InstructGPT’s reward model
objectives (Ouyang et al. 2022) for a nuanced understand-
ing of user satisfaction. Alongside, the aesthetic score (Ke
etal. 2023) assesses images based on aesthetics learned from
image-comment pairs, providing a richer evaluation that in-
cludes composition, color, and style.

3 Methodology
The overall pipeline of AGFSync is illustrated in Fig. 1.



Prompt: “A young woman in her
twenties stands gracefully, with a slight
smile on her lips. She wears a red off-
shoulder lace dress ..."
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shoulder lace dress ..."
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Figure 1: Overall pipeline of AGFSync, which mainly encompasses 3 steps. AGFSync learns from Al-generated feedback data
with DPO. AGFSync requires no human annotation, model architecture changes, or reinforcement learning.

3.1 Preference Candidate Set Generation

To encourage the diffusion model to generate diverse style
images for further text-image pair preference datasets, we
employ LLM to generate prompts ¢ from the instruction that
would further feed into the T2I diffusion model serving as
image captions. We encourage the LLM to generate 12 cat-
egories: Natural Landscapes, Cities and Architecture, Peo-
ple, Animals, Plants, Food and Beverages, Sports and Fit-
ness, Art and Culture, Technology and Industry, Everyday
Objects, Transportation, and Abstract and Conceptual Art.

For each category, we utilize in-context learning strat-
egy — carefully craft 5 high-quality examples aimed at guid-
ing the large language model to grasp the core characteris-
tics and contexts of each category, thereby generating new
prompts with relevant themes and rich content. Addition-
ally, we emphasize the diversity in prompt lengths, aiming
to produce both succinct and elaborate prompts to cater to
different generational needs and usage scenarios.

To construct the preference candidate set, we consider a
text-conditioned generative diffusion model G for candidate
the image generation, where GG accept input parameters: text
condition ¢ and latent space noise zy. We let the diffusion
model to generate N candidate images. To enhance the di-
versity and distinctiveness of the images produced by the
model, we incorporate Gaussian noise into the conditional
input ¢ and generate zy with different random seeds. This
approach aims to introduce more randomness and variation
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to avoid overly uniform or similar generated images. Specif-
ically, the process of generating backup images can be rep-
resented as in Eq. (1):

Lo = G(C +n, ZO)

(1
where Gaussian noise n ~ A (0,0%1) is added to the con-
ditional input, increasing the diversity of images.

In practice, by adjusting the value of variance o and using
different random seeds to generate zg, the diversity of the
generated images can be controlled. A larger o value will
lead to greater variability in the conditility of the input, but
potentially producing more diverse images but might also
decrease the relevance of the image to the condition.

Therefore, we currently have the sample ¢ and its corre-
sponding N preference candidate generated images. Next,
we will filter and refine these candidates to construct the fi-
nal preference pair dataset.

3.2 Preference Pair Construction

VQA Questions Generation We also employ the LLM to
refine the prompts generated for T2I generation into a series
of question-and-answer pairs (QA pairs). By letting Visual
Question Answering (VQA) model to answer these ques-
tions based on the generated images, the VQA score is cal-
culated. We will establish the preference pair according to
multiple image quality scores later.

To make the score easier to calculate, we ensure that the
answers to these questions are uniformly “yes” in the in-



struction prompt. To refine the questions, we let the LLM to
validate the questions if they are ambiguous or unrelated to
the captions, therefore all questions are generated not valid
or closely related to the text for answering by the validation
process in the instruction prompt.

VQA Score The VQA score is computed by evaluating
the correctness of answers provided by the VQA model to
the questions generated from the text prompt c. For each text
prompt ¢, the set of QA pairs is denoted as {(Q;(c), A;(¢))}
fori =1,..., N, where N, is the total number of QA pairs
generated for the text prompt ¢, and x( represents the image
generated from c.

The VQA model @ is employed to answer all questions

Qi(c)f&l based on the image @o. The correctness of the
VQA model’s answers is evaluated by comparing them to
the correct answers A;(c). The VQA score (Hu et al. 2023),
which quantifies the consistency between the text and the
generated image, is calculated in Eq. (2):

ii 1 if @ (0, Qilc))
N, 0 otherwise.

i=1
Here, the case structure explicitly represents the indicator
function, which is 1 if the VQA model’s answer matches the
correct answer A;(c), and 0 otherwise.

CLIP Score Utilizing the CLIP (Radford et al. 2021)
model, we convert the prompt words and the generated im-
age into vector representations, denoted as ¢(¢?) for text
and x{, for the image. The cosine similarity between the two
vectors, computed in a shared embedding space, quantifies

the alignment between the text and the image, embodying
the CLIP Score (Hessel et al. 2021), defined in Eq. (3):

141'(6)7

(@)

SvQA =

(emb) /
_ (emb) AN & ) )
S = cos(c ,Ty) = . *v (3
CLIP ( O) <||C(emb)|2 HwE)HQ Y ( )

Aesthetic Score The aesthetic score assesses an image’s
visual appeal by analyzing multifaceted elements like com-
position, color harmony, style, and high-level semantics,
which collectively contribute to the aesthetic quality of an
image (Ke et al. 2023). The evaluation is defined in Eq. (4):

Saesthetic = AestheticModel (x) 4)

where x signifies the input image, and AestheticM odel(-)
refers to a sophisticated model function that yields a score
reflecting the image’s aesthetic appeal on a normalized scale.
Higher scores denote a greater aesthetic appeal.

Weighted Score Calculation Consider a set of scores
{51, 82,...,8n}, where each score s; corresponds to a dis-
tinct evaluation metric utilized. Alongside these scores, let
there be a set of weights W = {wy, ws, ..., w, }, with each
weight w; specifically assigned to modulate the influence of
its corresponding score s;.

The composite score for an image xg, which integrates
these diverse evaluation metrics, is determined by calculat-
ing the sum of the weighted scores. The formula for com-
puting this aggregated score is given by Eq. (5):

S(zo) = Z w;si(x0) (®)]
i=1
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where n represents the total number of individual scores.
The weighted sum approach facilitates the model’s capabil-
ity to assess images across varied criteria, offering a compre-
hensive understanding of the image’s quality and relevance.

Preference Pair Dataset Construction With the gener-
ated set of N images Xo = {z},x2,..., z) '} for a given
textual prompt ¢, each candidate image is then evaluated to
assign the score calculated in multiple aspects as the afor-
mentioned weighted score. To identify the most and least
preferred images, which termed as the “winner” and “loser”,
we apply the selection criteria in Eq. (6) and Eq. (7):

x¥ = arg max S(z}) (6)
xy€Xo
x) = arg min S(x}) (7

zHeXo
This approach yields a preference pair for each textual
prompt c, represented as (c, ¥, ). The rationale behind
selecting the highest and lowest scored images is to capture
the widest possible discrepancy in quality and relevance,
providing a clear contrast suitable for finetuning with DPO.

3.3 DPO Alignment

Derive from Diffusion-DPO (Rafailov et al. 2023), we con-
sider the preference dataset, denoted as D = {(c, =¥, z})}.
Applying DPO for diffusion models is modeled as the fol-
lowing objective function L(6) in Eq. (8). For the detailed
notation of algorithms Eq. (8), please refer to Diffusion-
DPO (Rafailov et al. 2023) and DPO (Rafailov et al. 2023).

L(G) = _]E(mg’,936)ND,tNZ/{(O,T),wQ“Nq(w}“|w(’)"),wi~q(w’t’\936)
logo(—ATw(\)([l€” — es(z)’,t, ¢)|3
—[l€” — ewei(@i’ 1, ¢)[13 — (€' — en(}, t, )13

- ||€l - eref(mfh tv C)H%)))

(®)
where @} = auxf + ove*, € ~ N(0,I). Here, oy and
o, are the noise scheduling functions as defined in (Rom-
bach et al. 2022a). Consequently, x; ~ g(a:|xo)
N (x4; ayzo, 021). Similar to (Wallace et al. 2023), we in-
corporate 7" and w()\;) into the constant /3.

4 Experimental Setups
4.1 Datasets

To evaluate whether our AGFSync can enhance the per-
formance of text-to-image models across a wide range
of prompts, we consider the following benchmarks: (1)
TIFA (Hu et al. 2023): Based on the correct answers to a
series of predefined questions. TIFA employs visual ques-
tion answering (VQA) models to determine whether the con-
tent of generated images accurately reflects the details of the
input text. The benchmark itself is comprehensive, encom-
passing 4,000 different text prompts and 25,000 questions
across 12 distinct categories. (2) HPS v2 (Wu et al. 2023):
Human Preference Score v2 (HPS v2) is a benchmark de-
signed to evaluate models’ capabilities across a variety of
image types. It comprises 3,200 distinct image captions and
covers five categories of image descriptions: anime, photo,
drawbench, concept-art, and paintings.



4.2 Hyperparameters

For each given text prompt ¢, we let the diffusion model
generate N = 8 samples as backup images for preference
dataset construction. In this process, we add Gaussian noise
n ~ N(0,021) to the text embedding, where o is set to 0.1.
In the calculation of CLIP score, 7 is set to 100, which leads
to the CLIP Score range between 0 and 100. We also rescale
the VQA score and aesthetic score to 0 — 100 by multiplying
the original score by 100.

The weighting of each score measurements is allocated
as: wyQa = 0.35, werrp = 0.55, Waesthetic = 0.1. Thus, the
weighted score S for an image « is calculated as Eq. (9):

S(x) = 0.35svqa(x) + 0.55scLip(z) + 0.15aes. () (9)

During the DPO alignment stage, we finetune the original
diffusion model. For the SD v1.4 and SD v1.5 models, the
learning rate is Se-7, the batch size is 128, the output im-
age size is 512 x 512. For the SDXL-base model, the learn-
ing rate is le-6, the batch size is 64, the output image size
is 1024 x 1024. We finetune the diffusion model for 1,000
steps. The random seed is set to 200 in Fig. 3b and Fig. 3a.

4.3 Baseline Models and Utilized Models

We evaluate AGFSync using Stable Diffusion v1.4 (SD
v1.4), Stable Diffusion v1.5 (SD v1.5) (Rombach et al.
2022b), and Stable Diffusion XL Base 1.0 (SDXL-
base) (Podell et al. 2023), widely acknowledged in related
research as the current leading open-source text-to-image
(T2I) models. For prompt construction, we employ Chat-
GPT (GPT-3.5) (OpenAl 2023). For generating Q&A pairs,
we use Gemini Pro (Pichai and Hassabis 2023). Both are
accessed through their official API. In addition, we adopt
Salesforce/blip2-flan-t5-xxI for VQA scoring model (Li et al.
2023), openai/clip-vit-base-patchl6 for evaluating CLIP
score (Hessel et al. 2021), Vila (Ke et al. 2023) for calcu-
lating aesthetic score (Ke et al. 2023), which are consistent
with the baseline methods’ settings. We also employ GPT-4
Vision (GPT-4V) (Achiam et al. 2023) to simulate human
preferences when evaluating the image quality.

5 Experimental Results
5.1 Benchmarking Results on HPS v2

As in Table 1, we test the win rates of models finetuned
with our method AGFSync against the original models on
the CLIP score and aesthetic score in the HPS v2 bench-
mark. The experimental results show that with AGFSync,
models consistently achieve win rates exceeding 50% across
all image categories and both evaluation metrics, CLIP score
and aesthetic score, compared to the original baseline SD
v1.4, SD vl.5, and SDXL-base models without finetuning.
Notably, after AGFSync finetuning, the SDXL-base model
not only achieves a win rate of 60.5% in the CLIP score
compared to the original model in the anime category im-
ages, but also achieves a win rate of 77.4% in the aesthetic
score for the same category images. The average win rate of
the CLIP score and aesthetic score for the three models in-
creases to 57.2% and 66.7%, respectively, compared to base
ones.
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| SD v1.4 | SD v1.5 |  SDXL-base
Category
| CLIP  Aes. | CLIP  Aes. | CLIP  Aes.
Anime | 57.0% 58.0% | 58.6% 664% | 60.5% 77.4%
Concept-art | 55.9%  57.5% | 593%  65.6% | 58.1%  78.3%
Drawbench | 56.0%  57.0% | 59.0% 57.6% | 555%  76.6%
Paintings | 57.1%  62.0% | 56.6% 67.1% | 56.6%  74.7%
Photo | 55.1% 61.6% | 569%  60.9% | 362%  79.3%

Table 1: Comparison of the win rates of SD v1.4, SD v1.5
and SDXL-base with or without our AGFSync on HPS v2.

Evaluate by GPT-4 Vision to Simulate Human Prefer-
ence In this study, we explore the efficacy of AGFSync
in enhancing image generation models, leveraging the ca-
pabilities of GPT-4 Vision (GPT-4V) as reported by Ope-
nAl in 2023 (Achiam et al. 2023) to simulate human prefer-
ences. Our methodology involves: (1) a comparative analy-
sis of images generated by various diffusion models before
and after the application of AGFSync; and (2) a compara-
tive analysis of images generated by the SD v1.4 model after
applying AGFSync or other alignment methods. These im-
ages, accompanied by their respective descriptions, are sub-
mitted to GPT-4V for evaluation based on three critical as-
pects: General Preference (Q1): “Which image do you pre-
fer?”’; Prompt Alignment (Q2): “Which image better fits
the text description?”; Visual Appeal (Q3): “Disregarding
the prompt, which image is more visually appealing?”.

Test Model ‘ Method ‘ General  Faithful  Aesthetic
vs. Original 62% 58% 65%
vs. DDPO 68% 78% 82%

SDvl.4 . .

vs. Structured Diffusion 64% 70% 79%
vs. SynGen 61% 58% 58%
SDvL5 | vs. Original | 68% 67% 65%
SDXL-base | vs. Original | 62% 69% 76%

Table 2: Win rate results of using GPT-4V to evaluate our
finetuned models based on SD v1.4, SD v1.5, and SDXL-
base, compared to the original models and models aligned
with DDPO, Structured Diffusion, and SynGen (only on SD
v1.4), for general preference (Q1), prompt alignment (Q2),
and visual appeal (Q3) on the HPS v2 dataset.

The evaluation process involves collecting and analyzing
the frequency with which images produced by both the orig-
inal and the finetuned model are favored under each ques-
tion category. The results of the comparative analysis of im-
ages generated by various diffusion models before and after
the application of AGFSync are presented in Table 2, which
sequentially displays the performance metrics. The perfor-
mance reveals that adding AGFSync yields substantial en-
hancements across all models concerning Q1, Q2, and Q3.
Notably, with our AGFSync applied, we achieve an average
of 62%, 67%, and 69% win rates across the three aspects



for the SD v1.4, SD v1.5, and SDXL-base models respec-
tively. The results of the comparative analysis of images
generated by the SD v1.4 model after applying AGFSync
or other alignment methods are also presented in Table 2.
The performance shows AGFSync consistently outperforms
other baselines (DDPO, Structured Diffusion, and SynGen)
applied to the SD v1.4 in all dimensions, achieving average
win rates of 64.2%, 68.4%, and 72.8% respectively, when
evaluated by GPT-4V on images generated from the HPS
v2. These results demonstrate the effectiveness of AGFSync
in enhancing performance under various prompts.

Human Evaluation of GPT-4V Judgments To validate
the efficacy of GPT-4V for image evaluation and address po-
tential biases in Al assessments, we compare its consistency
with human evaluations. We randomly select 9 pairs of im-
ages generated by the AGFSync that are favored by GPT-4V.
A total of 58 graduate students from China participate in the
evaluation. Each participant assesses each image pair based
on the criteria Q1, Q2, Q3. Each image pair is independently
rated on these three dimensions, resulting in 27 questions per
participant (9 image pairs x 3 dimensions). For Q1, there is
78% agreement between GPT-4V and human evaluations,
for Q2, 83%, and for Q3, 70%. All dimensions show agree-
ment rates above 50%, indicating that GPT-4V’s evaluations
align closely with human preferences and confirming its re-
liability as a tool for reducing individual biases and main-
taining objectivity in image evaluation.

5.2 Benchmarking Results on TIFA

In Table 3, we further test our method on the TIFA bench-
mark, highlighting AGFSync’s SOTA performance on VQA
score and aesthetic score over other latest SOTA alignment
methods. Specifically, we compare three types of align-
ment methods: training-free approaches capable of modi-
fying outputs without retraining the model, such as Struc-
tureDiffusion (Feng et al. 2023) and SynGen (Rassin et al.
2023); reinforcement learning (RL)-based methods aimed at
improving model outputs, such as DPOK (Fan et al. 2024)
and DDPO (Black et al. 2023); and methods like Dream-
Sync (Sun et al. 2023), which employ self-training strategy
but focus on SFT stage. Given that these baseline methods
are all based on SD v1.4, we ensure a fair comparison by
using the same version of the SD model as the foundation
and employing the same VQA model (BLIP-2) for evalua-
tion. Results reveal that our method AGFSync can simulta-
neously improve the text fidelity and visual quality of SD
v1.4, SD v1.5, and SDXL-base models. For SD v1.4, AGF-
Sync achieves an improvement of 1.3% of VQA score and
3.3% of aesthetic score, with a total improvement of 4.6% on
the TIFA benchmark, higher than all baseline models. Note
that although DPOK shows a 1.9% improvement on aes-
thetic score, it reduces the model’s text faithfulness through
VQA score. For SD v1.5 and SDXL-base, our method AGF-
Sync leads to improvements of 1.6% and 1.1% for SD v1.5,
1.3% and 4.3% for SDXL-base on VQA score and aesthetic
score respectively, which are both higher than the results
achieved by DreamSync finetuned using self-training SFT.
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Model Alignment SVQA SAes. Sum
No alignment 76.6 44.6 -
. SynGen 76.8 (+0.2) 424 (—2.2) —2.0
Training-Free e
StructureDiffusion 76.5 (—0.1) 41.5(—3.1) —3.0
SDvl.4 RL DPOK 76.4(—0.2) 46.5(+1.9) +1.7
DDPO 76.7 (+0.1) 435(—1.1) —1.0
. DreamSync 77.6 (+1.0) 449(4+0.3) +1.3
Self-Training
AGFSync (Ours) 779 (+1.3) 47.9 (+3.3) +4.6
No alignment 77.1 48.0 -
SDvl.5 DreamSync 77.7 (4+0.6) 47.6(—0.4) +0.2
AGFSync (Ours) 78.7 (4+1.6) 49.1 (+1.1) +2.7
No alignment 82.0 60.9 -
SDXL-base DreamSync 83.1(+1.1) 64.1(+3.2) +4.3
AGFSync (Ours) 83.3(4+1.3) 65.2(+4.3) +5.5

Table 3: Results of different alignment methods on VQA
score and aesthetic score on the TIFA benchmark. The best
scores for each model type are in Bold. Column “Sum” de-
notes the sum of improvements on syqa and Saes..

5.3 Experiment of Comparing the Dataset
Quality between MJHQ-30K and AGFSync

MJHQ-30K is a benchmark dataset used for automatically
evaluating the aesthetic quality of models (Li et al. 2024).
It consists of high-quality images curated from Midjourney,
covering 10 common categories, with each category contain-
ing 3,000 samples. MJHQ-30K can also serve as a training
dataset for general SFT. To compare the quality of the pref-
erence dataset built using AGFSync with MJHQ-30K, we
finetune SD v1.4, SD v1.5 and SDXL-base using MJHQ-
30K and compare their performance against the SD v1.4, SD
v1.5 and SDXL-base finetuned with AGFSync. As shown in
Table 4, AGFSync applied to SD v1.4, SD v1.5 and SDXL-
base achieve superior improvements in text alignment. Al-
though finetuning SD v1.4 and SD v1.5 with the MJHQ-
30K dataset results in the highest improvement in aesthetic
scores, this is because the images in MJHQ-30K is gener-
ated by Midjourney, which have much higher aesthetic qual-
ity than those generated by SD v1.4 and SD v1.5 for self-
training. When finetuning SDXL-base with MJHQ-30K, the
improvement in aesthetic scores is less pronounced com-
pared to AGFSync, demonstrating the effectiveness of the
preference dataset constructed using AGFSync.

Model Alignment SVQA SAes. Sum
No alignment 76.6 44.6 -
SDvl.4 MJHQ-30K+SFT 77.6 (+1.0) 48.3 (+3.7) +4.7
AGFSync (Ours) 779 (+1.3) 479 (+3.3) +4.6
No alignment 77.1 48.0 -
SDvl1.5 MJHQ-30K+SFT 783 (+1.2) 493 (+13) +25
AGFSync (Ours) 78.7 (+1.6) 49.1 (+1.1) +2.7
No alignment 82.0 60.9 -
SDXL-base ~ MJHQ-30K+SFT  82.6 (+0.6)  61.1(+0.2)  +0.8
AGFSync (Ours) 833 (+1.3) 652 (+4.3) +5.6

Table 4: SD v1.4, SD v1.5 and SDXL-base’s results of gen-
eral SFT setting on MJHQ-30K compared to AGFSync.



5.4 Experiment of Gaussian Noise for Diversity

To demonstrate how Gaussian noise n added to condition
c enhances image diversity, we generate N candidates us-
ing the prompt “wild animal” with varying noise weights
(Fig. 2). As noise weight increases, we observe greater va-
riety in generated animal species, with maximum diversity
achieved at weight 1. This confirms that Gaussian noise ef-
fectively broadens the model’s exploration space by expand-
ing the conditional input coverage.

0.5

1.0

Figure 2: Image noise levels (shown on left) and their effect
on diversity of generated images.

5.5 Ablation Experiment of Multi-Aspect Scoring

As depicted in Table 5, to validate the efficacy of the three
scores that we employ for image quality assessment, we con-
duct a thorough ablation study. We train the SD v1.5 model
on preference datasets constructed with different combina-
tions of the three scores, along with PickScore (Kirstain
et al. 2024). As in AGFSync, with training model on pref-
erence datasets built using a combination of CLIP score,
VQA score, and aesthetic score result in the greatest im-
provement across all three metrics. While other combina-
tions often show a decrease in certain metrics rather than a
consistent improvement on all metrics.

Applied Measures
FCLIP  +VQA +Aes. +Pick °CUP  Svea  Shes
- - - - 270 77.1 480
v - - - 27.2 717 473
- v - - 27.1 774 457
- - v - 27.0 76.8 48.6
v v - - 272 715 470
v - v - 27.2 77.8 47.2
- v v - 27.1 772 482
- - - v 27.1 78.0 47.8
v v v - 273 787 49.1

Table 5: Results of applied different scoring measures. Ex-
periments are conducted with SD v1.5 on TIFA.
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5.6 Comparing Visual Faithfulness & Coherence

Figs. 3a and 3b compare images generated by SDXL-base
and AGFSync using identical prompts. While SDXL-base
generates vivid images, they sometimes deviate from input
descriptions (Fig. 3a) or contain unrealistic details (Fig. 3b).
For example, SDXL-base produces unnatural wrinkles on a
girl’s chest and physically impossible floating cakes. AGF-
Sync improves the consistency of generated images with
prompts and enhances adherence to real-world physics.

SDXL-base

Ours+SDXL-base

27

Crochet chair

\ZzZZ TN

Marble plate; a fork Red-brick wall A couple of beds

(a) Text faithfulness comparison

.= Sy

Ours+SDXL-base SDXL-base

Detail Fixed

(b) Adherence to real-world rules

Figure 3: Comparison between SDXL-base and AGF-
Sync (Ours)+SDXL-base. (a) Bold text indicates discrep-
ancies between the output images of SDXL-base with in-
put prompts. (b) Third row compares details, showing AGF-
Sync’s improved coherence and detail.

6 Conclusions

This paper introduces a text-to-image generation frame-
work AGFSync. By leveraging Direct Preference Optimiza-
tion (DPO) and multi-aspect Al feedback, AGFSync sig-
nificantly enhances the prompt following ability and image
quality regarding style, coherence, and aesthetics. Extensive
experiments on the HPS v2 and TIFA benchmark demon-
strate that AGFSync outperforms baseline models in terms
of VQA scores, CLIP score, aesthetic evaluation. Based on
an Al-driven feedback loop, AGFSync eliminates the need
for costly human-annotated data and manual intervention,
paving the way for scalable alignment techniques.
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