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Figure 1. Wide-Spectrum Human Preference Score (HPSv3). Examples from the HPDv3 dataset with their corresponding HPSv3
scores. HPDv3 represents the first comprehensive wide-spectrum human preference dataset, designed to evaluate generative models across

a wide range of prompts and scenarios.

Abstract

Evaluating text-to-image generation models requires
alignment with human perception, yet existing human-
centric metrics are constrained by limited data coverage,
suboptimal feature extraction, and inefficient loss functions.
To address these challenges, we introduce Human Prefer-
ence Score v3 (HPSv3). (1) We release HPDv3, the first
wide-spectrum human preference dataset integrating 1.08M
text-image pairs and 1.17M annotated pairwise compar-
isons from state-of-the-art generative models and low to
high-quality real-world images. (2) We introduce a VLM-
based preference model trained using an uncertainty-aware
ranking loss for fine-grained ranking. Besides, we pro-
pose Chain-of-Human-Preference (CoHP), an iterative im-
age refinement method that enhances quality without extra
data, using HPSv3 to select the best image at each step. Ex-
tensive experiments demonstrate that HPSv3 serves as a ro-
bust metric for wide-spectrum image evaluation, and CoHP

*Equal advising.

offers an efficient and human-aligned approach to improve
image generation quality. The code and dataset are avail-
able at the HPSv3 Homepage.

1. Introduction

With the rapid advancement of text-to-image genera-
tion models, human-centric evaluation methods, such as
HPS [34, 36], ImageReward [39], PickScore [8], and
MPS [41], have emerged to incorporate subjective hu-
man feedback. These methods construct human-annotated
datasets and train models to capture the distribution of hu-
man preferences, enabling more perceptually aligned eval-
uations.

However, these human-centric evaluation models remain
limited by constrained data distributions, suboptimal model
designs, and simplified training schemes.

On the one hand, prior human-centric evaluation met-
rics [8, 36, 39] are limited by the narrow quality spectrum
of their training data, which primarily consists of images
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generated by diffusion-based models [22]. This makes them
insufficient for evaluating more advanced approaches, such
as diffusion transformers [1, 2] and autoregressive mod-
els [7, 32]. In addition, the lack of standardized and reliable
annotation practices introduces potential biases in the data
labeling process.

On the other hand, from a model architecture perspec-
tive, commonly used feature extractors such as CLIP [20]
and BLIP [11], employed in works like [8, 34, 36, 40],
have been shown to be less effective at multimodal feature
extraction [12, 33], resulting in less comprehensive repre-
sentations for final ranking. Moreover, directly optimizing
models with KL divergence [34, 41] overlooks potential in-
consistencies in annotation ground truth, a common issue in
human preference annotation. These challenges highlight
the need for a more robust model architecture and training
paradigm that better captures human preferences.

This paper introduces two key advancements to solve
these challenges: (a) a meticulously annotated dataset span-
ning the wide quality spectrum, enriched with diverse
text-image pairs and curated through a carefully designed
pipeline to align with human preferences, and (b) a pref-
erence model with a robust backbone for comprehensive
feature encoding, paired with an uncertainty-aware ranking
loss to alleviate the uncertainty or errors in the training sam-
ples caused by annotators.

As illustrated in Figure 1, inspired by the concept of the
spectrum [16], we introduce Human Preference Dataset v3
(HPDv3) — a more comprehensive and systematic dataset
comprising 1.08 million text-image pairs and 1.17 million
annotated pairwise comparisons. HPDv3 expands upon pre-
vious efforts by integrating outputs from state-of-the-art au-
toregressive and diffusion models alongside high-quality
real images sourced from the Internet, representing the up-
per bound of human-collected image quality.

Specifically, HPDv3 is built from three key sources:
(1) expanding HPDvV2 by generating images with 10 addi-
tional state-of-the-art models, (2) curating high-quality In-
ternet photographs, captioned by Visual Language Models
(VLMs) to generate additional images, and (3) incorporat-
ing Midjourney outputs, including four generated images
per prompt and a user-selected preference. To enhance re-
liability, we conduct pairwise comparisons with 9 ~ 19
human annotators per sample, ensuring diverse subjective
evaluations. HPDv3 mitigates biases in prior datasets, serv-
ing as both a foundation for training preference-aligned
models and a benchmark for evaluating generative models.

Based on HPDv3, we introduce Human Preference Score
v3 (HPSv3), a comprehensive model trained on the HPDv3
dataset, to better align image generation models with human
expectations. HPSv3 features two key advancements: (1) it
leverages powerful visual encoders from Vision-Language
Models (VLMs) to capture rich, high-dimensional features,

and (2) it employs an uncertainty-aware ranking loss to
more accurately distinguish subtle differences in image
quality. Trained on a diverse dataset of both generated and
high-quality real images, HPSv3 offers a robust and reli-
able evaluation framework that closely mirrors human pref-
erences.

Finally, we introduce Chain-of-Human-Preference
(CoHP), a novel, reasoning-driven process for image
generation. CoHP’s first innovation is the integration
of Chain-of-Thought (CoT) inspired reasoning, which
systematically improves image quality without the need for
a training dataset. Second, it utilizes HPSv3 as a reward
model to evaluate images based on semantic alignment,
realism, and aesthetic appeal. By guiding the reasoning
process, HPSv3 ensures the selection of the highest-quality
image at each step, leading to a progressively refined and
enhanced final output.

The contribution of HPSv3 are three folded:

* We propose the wide-spectrum human preference dataset
HPDv3 by integrating high-quality real-world images
and state-of-the-art generative model outputs, including
1.08M text-image pairs and 1.17M annotated pairwise
comparisons. This serves as a nuanced benchmark for
evaluating generative models.

* We introduce HPSv3, a human preference model trained
with HPDv3, which levearages the feature of VLMs and
is trained using an uncertainty-aware ranking loss to dis-
cern the uncertainty or errors in training samples caused
by annotators.

* We introduce CoHP, a novel reasoning approach to en-
hance image generation quality by iteratively refining out-
puts using HPSv3.

2. Related Work

2.1. Text-to-image Generation

Generative models have significantly advanced from the
rise of GANs [17, 24, 26, 28] to diffusion models [9, 13,
15, 21-23, 29, 37]. Recently, text-to-image models like
FLUX [1, 5, 14] have further contributed to the field by
integrating large-scale transformer architectures into diffu-
sion models, enhancing the quality and coherence of gener-
ated images. Despite diffusion-based models, visual auto-
regressive models [6, 7, 38] also show strong capable of
generating high-resolution, photorealistic images following
language instruction.

2.2. Human Preference Models

Recently, several studies such as HPS [36], HPSv2 [34],
MPS [41] and PickScore [8] have suggested fine-tuning
CLIP based on human preferences for images generated
from the same textual prompt. ImageReward [39] utilizes
BLIP encoder as the feature extractor to train a reward
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Image Source

Image Nums

Pair Nums |Prompt Source Annotator Choices

Benchmark ‘ Venue ‘ HQI LQI GAN Diffusion AR |Real Generated Total Total User Generated | Source  Num/image Convergency |l of4 1 of 2
HPDvI [35] cevas | X X X X - 99k 99k 25k v X Users v o X
ImageRewardDB [39]| NeurPS23| X X X v o X 50k 50k 137k v X |Annotators X v
Pick-a-Pic [8] NeurlPS'23| X X X v X 638k 638k 584k v X Users - X v
HPDv2 [34] aXiv2s | X v/ v/ |28k 430k 458k 798k v X Annotators 10 persons  59.9% X v
MHP [41] CVPR24 | X X V/ v o/ 608k 608k 918k v v Annotators - X v
HPDv3(ours) cevas | vV v/ |58k 1.03M 1.08M | 11TM |V v Annotators 9-19 persons  76.5% v o/

Table 1. Comparison with related datasets. HPDv3 is the only dataset that comprehensively covers all types of image generation models
and includes both high-quality (HQI) and low-quality (LQI) images across diverse prompts, featuring the largest image collection to date.
Its annotations exhibit strong inter-rater agreement, ensuring exceptional reliability.

model to evaluate and improve the generative models. How-
ever, these models have primarily been adjusted using im-
ages from Stable Diffusion and its variants, indicating that
their ability to generalize across different datasets has yet
to be validated. Also, utilizing CLIP/BLIP encoders as fea-
ture extractors is constrained due to either broad semantic
information or limited feature dimensions, which may not
effectively encapsulate user behaviors and expectations.

2.3. Image quality dataset

Text-to-image generative models often rely on high-quality
real images sourced from the Internet to ensure the fidelity
of their generated outputs. HPDv1 [35], ImageReward [39]
and Pick-a-Pic [8] are human-annotated datasets of compar-
ison between paired images, focusing on evaluating gen-
erated images and improving the image quality by align-
ing text-to-image models with human preference. Similar
to these dataset, HPDv2 [34] includes more images from a
wider range of generative models, enabling a more compre-
hensive evaluation of these preference prediction models.
However, these datasets mainly compare images generated
from existing models, neglecting comparisons with high-
quality real images.

3. Human Preference Dataset v3

Existing human preference benchmarks fail to provide a
robust evaluation framework for generative models due to
two key limitations: the absence of high-quality real pho-
tographs to define an upper quality bound, and the use of
outdated generative models.

We present Human Preference Dataset v3 (HPDv3) to
overcome these issues. This comprehensive dataset con-
tains 1.17 million binary preference choices across 1.08
million images, grouped in pairs by prompt. The annota-
tions are highly reliable, with each decision validated by 9
to 19 specialist annotators to meet a 90% agreement thresh-
old. Source model details are provided in the supplementary
materials.

3.1. Text-image Pairs Collection

HPDvV2 represents the most extensive annotated human
preference dataset to date, comprising 798, 000 binary pref-

erence choices over 434,000 images. However, its utility
is constrained by two primary deficiencies. First, its im-
age corpus consists of outputs from generative models and
low-quality real images, thereby excluding the high-quality,
real-world photographs, which is essential for establishing
a robust upper quality bound. Second, the dataset’s model
coverage is outdated, extending only to Stable Diffusion
2.0 and consequently lacking comparisons with more recent
state-of-the-art models.

HPDv3 addresses these limitations by augmenting the
HPDv2 dataset with these missing components: high-
fidelity real photographs and images from current leading
generative models. Specifically, the collection of HPDv3 is
comprised of three main components:

Extending HPDv2. We retain prompts from HPDv2, which
include 103,700 text entries refined by ChatGPT from
sources like COCO Captions and DiffusionDB. We incor-
porate outputs from recently released state-of-the-art image
generation models, such as FLUX.1-dev [1], Infinity [7],
Hunyuan [14], Kolors [31], and SD3 [5] using these text
entries.

Generation based on real photographs’ captions. We
incorporate high-quality real-world photographic images
alongside Al-generated content, to build a wide-spectrum
human preference dataset.

» Prompt Categorization. To authentically align with the
distribution of user prompts, we categorize the prompts
into 12 distinct categories.

* Distribution Alignment. We source high-quality photo-
graphic images from the Internet according to these cate-
gories, and ensure the portion of each category following
the prompt distribution of JourneyDB [27].

* Aesthetic Filtering. To ensure quality, the Aesthetic Pre-
dictor is applied to score the collected data. As some
categories like products inherently have lower aesthetic
scores, the images with the top 10% aesthetic score are
selected for each category, resulting in a collection of
57,759 high-quality images.

* Captioning and Generation. Visual language models are
used to generate descriptions for these images, creating
a prompt list, with which various generative models pro-
duce corresponding images.
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Collection from Midjourney. In addition, Midjourney 2
a text-to-image generation model favored by artists, pro-
vides a wealth of user-written prompts, generated images,
and user preference outcomes on the Discord platform. We
collect 331,955 user-generated images and make them into
pairwise data. These selection results can be directly used
as authentic user labels.

3.2. Annotation Pipeline

We conduct the annotation by inviting users to select a pre-
ferred image from an image pair with the identical text
prompt. Our annotation emphasis the annotator expertise
and annotation quality.

To ensure annotator proficiency, we created a validation
set comprising 600 image pairs annotated by 20 profes-
sional artists, achieving an 80% convergence rate. This set
assesses annotator capability. Before participating, annota-
tors must correctly evaluate at least 16 out of 20 randomly
selected pairs from this validation set. For annotation qual-
ity control, each image pair in the main dataset is evalu-
ated by 9 to 19 annotators, ensuring reliability and consis-
tency. Annotators select images based on aesthetics, seman-
tic similarity to the prompt, and overall coherence. Rec-
ognizing the inherent subjectivity of preference, no fixed
acceptance standard is imposed. This annotation methodol-
ogy was applied to the first two components of HPDv3. Im-
age pairs with an inter-annotator confidence level exceeding
95% were used for HPSv3 training. For Midjourney data,
we utilized preference labels collected directly from Dis-
cord. In total, we gathered 1.17 million high-confidence
pairwise comparisons for training.

3.3. Comparison with Other Datasets

The comparison of HPDv3 with other existing datasets, as
shown in Table 1, highlights several key advantages of the
HPDv3 dataset.

Firstly, HPDv3 features a comprehensive range of
model-generated results, utilizing 16 different models in-
cluding GAN-based, difffusion-based and autoregressive
models. This surpasses the model diversity found in other
datasets and ensures a wider variety of image generation
styles and capabilities, providing the largest dataset of both
text-image pairs and pairwise samples.

Secondly, HPDv3 offers diverse prompt sources and im-
age categories. Unlike other datasets that rely on limited
sources like COCO [4] or DiffusionDB prompts, HPDv3
incorporates user-written prompts from JourneyDB, Mid-
journey and image captions from high-quality photography.
This diversity enhances the dataset’s applicability across
various scenarios and supports more robust research.

Lastly, HPDv3 uniquely includes comparisons between
real and generated images by incorporating both real high-

Zhttps://www.midjourney.com/

quality images and low-quality images. This allows for a
more nuanced comparison, helping researchers better un-
derstand the strengths and limitations of image-generation
models relative to actual photographs.

We also conduct an analysis of the annotation conver-
gence between HPDv2 and HPDv3. The average conver-
gence for HPDv2 is 59.9%. In contrast, HPDv3 exhibits
a higher concentration of convergence, resulting in the av-
erage convergence of 76.5%. This clearly indicates that
HPDvV3 outperforms HPDv2 in dataset construction and is
more effective in reaching high agreement in annotations.

In summary, HPDv3 represents the largest and
most comprehensive image generation preference dataset,
uniquely covering all major model types, diverse prompt
sources, and extensive choice typologies. The HPDv3 an-
notations exhibit high confidence and reliability, validated
by strong annotator convergence.

4. Human Preference Score v3

While human evaluation remains the gold standard for as-
sessing preferences toward synthetic images, it suffers from
high costs and limited scalability. To address this, we intro-
duce Human Preference Score v3 (HPSv3), a model that
learns human preferences from annotations to serve as a
scalable and automated evaluator.

4.1. Model Design

Architecture. Vision-language models (VLMs) are
widely used in downstream tasks such as image classifica-
tion and tagging, owing to their powerful representational
capabilities. Inspired by this, we use QWen2-VL [33] as
the backbone to extract features from both images and text.
These features are then processed through a multilayer
perceptron (MLP) to map and produce the final output. In
our approach, for a given pair of training images (1, z2),
along with their corresponding text prompt ¢ and human
preference annotation (y1,y2), we derive the final outputs
of the pair data using the following equations:

r1 = fo(Eo(x1,¢)), 12 = fo(Eg(2,c)). (1)

Here, £ denotes the vision-language model, f, denotes the
multilayer perceptron (MLP).

Uncertainty-Aware Ranking. Prior models do not ac-
count for potential inconsistencies in annotation results. Di-
rectly selecting a certain preference score may introduce
bias in the model’s judgment of hard cases.

Given the input & (z,c) and the label y, prior models
compute a score 7, and the preference probability is defined
as:

P(x1 > x2|c) = sigmoid(r; — r2), (2)
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The image captures the iconic Louvre Museum in Paris, France, with its renowned glass pyramid as the
centerpiece. The pyramid, a modern architectural marvel, stands prominently in the middle of the
scene. In the foreground, a large fountain with a central jet of water adds a dynamic element to the
composition.
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Figure 2. An overview of HPDv3 and HPSv3. HPDv3 integrates
both real-world collected and generated images. HPSv3 employs a
VLM backbone to extract rich semantic representations from im-
ages and captions, then utilizes uncertainty-aware ranking to ef-
fectively learn human preferences from paired comparison data.

where the sigmoid function can be expressed as:
sigmoid(z) = 1/(1 4+ e~%), to constrain the predicted out-
put to a probability value within the [0,1] interval.

Howerver, This deterministic modeling approach assigns
equal confidence to all output predictions. During the train-
ing process, the model blindly assigns scores to samples
without considering the uncertainty of predictions.

Inspiring by [30], we introduce an uncertainty-aware
ranking model. Unlike the traditional RankNet model,
which utilizes the final linear layer of fy to output the score
r, our approach uses the last two linear layers to predict
u and o, modeling the output score r as a one-dimension
Gaussian distribution r ~ A (y, o). This introduces an un-
certainty aspect to the output score, alleviating the uncer-
tainty or errors in pairwise data caused by the uncertainty
of annotator labeling. The final probability is defined as:

P(z1 = x2|c) = // sigmoid(ry — ro)N (71 | p1, 1)

X N(Tg | /J270'2) d’/‘ld’l“g,
3)
We denote the higher-preferred rank sample as x; with its
corresponding reward r},, and the lower-preferred rank sam-
ple as x; with reward r;. The loss function is defined as
follows by minimizing the negative log-likelihood:

L = —log(P(zn > wilc))

= —|1(x1 > x2)log(P(x1 > x2|c)) @)
+ 1(zo = x1) log(P(x2 > z1]c)|.

Uncertainty-aware ranking encourages the model to
leverage the underlying distribution of pairwise data, in-
stead of relying solely on a single scalar score. This ap-
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Figure 3. The overview of Chain-of-Thought rounded image
generation with HPSv3 (CoHP). CoHP incorporates both model-
wise and sample-wise preferences, selected by HPSv3, to build a
thinking-and-choosing image generation process.

proach enhances the model’s ability to capture nuanced un-
certainties in human annotations, ultimately improving the
overall ranking accuracy.

4.2. Enhancing Image Generation with CoHP

We introduce CoHP, an approach to enhance image genera-
tion quality by iteratively refining outputs using HPSv3. As
shown in Figure 3, CoHP consists of the Model-wise Prefer-
ence stage and Sample-wise Preference stage. In each stage,
we employ HPSv3 as the reward model to evaluate gener-
ated images and guide the iterative selection of the best can-
didates, improving generation quality over multiple rounds.
Model-wise Preference. Given a specific prompt, different
models may demonstrate varying levels of generation qual-
ity. Therefore, it is essential to first identify a model that
best aligns with the given prompt. We denote the pool of
candidate models as: M = {m; | i = 1,2,..., M}, where
m; indicates the i-th model in the pool, M representing
the total number of candidate models. We use each model
m; to generate a set of candidate images across /N rounds
with the given prompt: Z = {I; ; | ¢ = 1,2,...,M;,j =
1,2,...,N}, where I; ; denotes the image generated by
model m; in round j. Each I; ; is then rated by HPSv3,
yielding a preference score 7; ;. The average score for
model m; is computed as: 7; = % Zjvzl 757, As the final
step of the Model-wise selection, the model with the highest
7, is selected as the golden model m*:

m* = arg max ;. %)

Sample-wise Preference. Given a prompt, the selected
golden model m* generates a batch of B images in each
sampling round. We denote the batch of images gener-
ated in round k as: I = {I,x | n = 1,..., B}, where
ke {N+1,N+2,.. N+ S} represents the current gen-
eration round in the Sample-wise stage, n indexing the im-
ages in the batch, S indicating the additional round numbers
in the Sample-wise stage. Each image I, , is evaluated by
HPSv3, producing a set of scores {r, , | n = 1,..., B}.
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Models ‘ All  Characters Arts Design Architechture Animals Natural Scenery Transportation Products Plants Food Science Others
Kolors [31] 10.55 11.79 1047 9.87 10.82 10.60 9.89 10.68 10.93 10.50 10.63 11.06 9.51
Flux-dev [1] 1043 11.70 1032 9.39 10.93 10.38 10.01 10.84 11.24 1021 1038 11.24 9.16
Playground-v2.5 [10] 10.27 11.07 9.84  9.64 10.45 10.38 9.94 10.51 10.62 10.15 10.62 10.84 9.39
Infinity [7] 10.26 11.17 9.95 9.43 10.36 9.27 10.11 10.36 10.59 10.08 1030  10.59 9.62
CogView4 [42] 9.61 10.72 9.86  9.33 9.88 9.16 9.45 9.69 9.86 945 949  10.16 8.97
PixArt-X [3] 9.37 10.08 9.07 8.41 9.83 8.86 8.87 9.44 9.57 952  9.73 10.35 8.58
Gemini 2.0 Flash * 9.21 9.98 844  7.64 10.11 9.42 9.01 9.74 9.64 9.55 10.16  7.61 9.23
Stable Diffusion XL [18] | 8.20 8.67 7.63 7.53 8.57 8.18 7.76 8.65 8.85 832 843 8.78 7.29
Hunyuan [14] 8.19 7.96 8.11 8.28 8.71 7.24 7.86 8.33 8.55 828 831 8.48 8.20
Stable Diffusion 3 [5] 5.31 6.70 598 515 5.25 4.09 5.24 4.25 5.71 584 601 571 4.58
Stable Diffusion v2.0 [22]|-0.24 -0.34 -0.56 -1.35 -0.24 -0.54 -0.32 1.00 1.11 -0.01  -0.38  -0.38 -0.84

Table 2. HPDv3 Benchmark of popular image generation models. We generate images for each participating model using its recom-
mended inference settings or official API. The best and second-best results are highlighted in bold and underlined, respectively.

Figure 4. Ranking of generative models across different met-
rics. HPSv3 shows the highest correlation with human annota-
tion, indicating its superior performance in reflecting human pref-
erences.

The image with the highest HPSv3 score in round £ is se-
lected as the reference image for the next generation round:
Iy = argmax,, 7y ;. The selected image I;; will be blended
with noise and combined with the original text prompt to
form the input condition for the next generation round. This
process repeats iteratively for additional S rounds. Finally,
the image with the highest overall score across all rounds is
chosen as the final golden image:

(6)

I" = argmaxry, k.
n,k

By leveraging HPSv3 for iterative refinement, CoHP en-

sures both the selection of the most suitable model and the

generation of the highest-quality image. This structured ap-

proach enhances image quality and semantic alignment, of-

fering a powerful alternative to conventional one-step gen-
eration methods.

5. Experiment
5.1. HPSv3

5.1.1. Implementation Details

HPDv3. We generate images using various models, each
configured with their recommended inference settings, run-
ning on 80GB NVIDIA A800 GPUs. For standard gen-
eration tasks, images are produced at each model’s rec-

3https://deepmind.google/models/gemini/flash/

Metric Spearman () Kendall ()t Normalized MSE|
CLIP 0.30 0.16 0.100
Aesthetic 0.76 0.60 0.036
ImageReward 0.77 0.64 0.056
PickScore 0.81 0.63 0.042
HPSv2 0.87 0.76 0.038
HPSv3(Ours) 0.94 0.82 0.029

Table 3. Correlation between automated metrics and human
preference rankings. HPSv3 shows the highest alignment with
human judgments, followed by HPSv2 and PickScore. In contrast,
CLIP exhibits the weakest correlation.

ommended resolution, typically using square aspect ratios.
When generating images from prompts derived from real
images, we preserve the original aspect ratio to avoid an-
notation bias and to increase the diversity of resolutions in
our training dataset. This strategy ensures a more varied
and representative set of training samples that better reflect
real-world image distributions.

HPSv3. We train HPSv3 using 1.5 million well-annotated
pairwise samples. For HPSv3, we adopt Qwen2VL-7B as
the backbone, with all parameters set as trainable. Training
is performed over 2 epochs using 48 NVIDIA A800 GPUs
(each with 80GB of memory). The model is optimized with
a learning rate of 2 X 1076, a warm-up ratio of 0.05, and a
total batch size of 384 (corresponding to a per-GPU batch
size of 8). All training images are resized to 448 x 448 pix-
els while preserving their original aspect ratios. Additional
training details are provided in the supplementary materials.

5.1.2. HPDv3 Benchmark and Evaluation

To establish a comprehensive benchmark for human pref-
erence, we sample 1,000 prompts from each category of
HPDv3, resulting in a total of 12, 000 prompt entries. Using
11 widely adopted generative models, we generate images
based on these prompts, producing 132,000 text-image
pairs, which constitute the HPDv3 Benchmark. Table 2 re-
ports the HPSv3 scores on this benchmark. Since HPSv3 is
trained on both generated and high-quality real images, the
resulting model rankings align with expectations, demon-
strating HPSv3’s robustness and its effectiveness as a com-
prehensive metric for evaluating current and emerging im-
age generation models.
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Model ImageReward PickScore HPDv2 HPDv3

CLIP ViT-H/14 [19] 57.1 60.8 65.1 48.6
Aesthetic Score Predictor [25] 57.4 56.8 76.8 59.9
ImageReward [39] 65.1 61.1 74.0 58.6
PickScore [8] 61.6 70.5 79.8 65.6
HPS [35] 61.2 66.7 77.6 63.8
HPSv2 [34] 65.7 63.8 83.3 65.3
MPS [41] 67.5 63.1 83.5 64.3
HPSv3 (Ours) 66.8 72.8 85.4 76.9

Table 4. Preference prediction accuracy (%) on the test sets
of ImageReward, HPDv2 and HPDv3. The best and second-
best results are bolded and underlined. HPSv3 exhibit exceptional
confidence in human preference.

5.1.3. Preference Comparison

Comparison between HPSv3 and other evaluation meth-
ods on HPDv3 benchmark. We evaluate various pref-
erence models across a range of generative models, as
shown in Figure 4 and Table 3. HPSv3 consistently demon-
strates strong alignment with human preferences, achiev-
ing the highest correlations (Spearman r = 0.94, Kendall
7 = 0.8222) and effectively distinguishing between models
across the performance spectrum. HPSv2 also shows rea-
sonable consistency but with limited discriminative power
(e.g., identical scores for Playgroundv2.5, Infinity, and
Flux-dev). PickScore performs well on low-quality mod-
els but struggles with mid-tier cases, while ImageReward,
despite capturing variation, deviates from human rankings.
CLIP exhibits the weakest correlation, underscoring its lim-
ited ability to reflect human preference. Overall, HPSv3
emerges as the most reliable metric for evaluating genera-
tive models.

Performance on various datasets compared with other
models. As presented in Table 4, HPSv3 demonstrates
outstanding performance, achieving state-of-the-art accu-
racy scores of 72.8%, 85.4%, and 76.9% on the PickScore,
HPDv2, and HPDV3 testsets, respectively. Notably, on the
challenging HPDv3 dataset, the accuracy of HPSv3 shows
a growth margin of 19.3% over HPSv2 and 17.2% over
PickScore. Moreover, PickScore suffers a sharp drop of
14.2 percent point (pp) drop, and MPS declines by 19.1pp
when moving from HPDv2 to HPDv3, whereas HPSv3 re-
main remarkably stable with only a slight decrease of 8.5pp.
These results underscore HPSv3’s superior ability to model
human preferences and its robustness across datasets, while
also demonstrating that HPDv3 poses substantial challenges
for existing methods.

5.1.4. Ablation Study

We conduct a comparative analysis using different back-
bone architectures ( Qwen2VL-7B, Qwen2VL-2B and
CLIP) under identical training conditions as detailed in Sec.
5.1.1. As shwon in Table 5, adopting Qwen2VL-7B as
the backbone yields substantial performance improvements,
with notable gains of 10.6 percent point (pp) and 13.4 pp

M Ee EERR o T

Model-wise Preference

Sample-wise Preference

Figure 5. Image generation with Chain-of-Human-Preference
(CoHP). It illustrates that the quality of the generated images
improves progressively through CoHP. The first row displays all
the candicate images generated by participant models (Flux-dev,
Kolors, Playground v2.5, and SD3).

Backbone Loss IR PickScore HPDv2 HPDv3

CLIP ViT-H/14 [19] - 624 639 82.3 63.5
QWen2VL-2B [33] uncertainty 57.9 63.6 80.8 66.3
QWen2VL-7B [33] ranknet loss 66.1 70.6 85.3 76.3
QWen2VL-7B [33] uncertainty 66.8  72.8 854 76.9

Table 5. Ablation study on model backbones and loss func-
tion. Results are reported as preference accuracy (%) on ImageRe-
ward(IR), Pickapic and HPDv2 and HPDv3 testsets. The best re-
sults are highlighted in bold.

on the HPDv3 over Qwen2VL-2B and CLIP, respectively.
Notably, with the uncertainty-aware ranking loss, the ac-
curacy improves across all datasets. Notably, the accuracy
on the PickScore test set demonstrates a significant 2.88%
increase, highlighting the effectiveness and robust perfor-
mance of the uncertainty-aware ranking loss.

5.2. CoT with HPSv3
5.2.1. Inference Settings

In this work, we adopt four generative models, Flux-dev [1],
Playground v2.5 [10], SD3 [5], and Kolors [31], as can-
didate models within our Chain-of-Thought Human Pref-
erence (CoHP) framework. The CoT process is config-
ured with four sequential steps for both the Model-wise and
Sample-wise stages. High-resolution images are generated
at 1024 x 1024 pixels using each model’s recommended
settings. In the Model-wise stage, a batch of four images is
generated per model to support the four-round evaluation.
In the Sample-wise stage, the denoising strength is set to 0.8
for the first two rounds and 0.5 for the remaining rounds.

5.2.2. Image Generation with CoHP

Figure 5 illustrates the progression of generated images
through CoHP-HPSv3. During the Model-wise stage,
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Figure 6. Comparison of CoHP results with different prefer-
ence models. CoHP-HPSv3 shows the best coherence and fidelity,
while others suffer from oversaturation or instability.

the first row displays the best images generated by each
model for comparison, demonstrating that the chosen model
achieves superior performance in both image quality and
text-image alignment. In the Sample-wise stage, HPSv3
functions as a reliable metric to refine images further, en-
hancing their details and structural coherence.

5.2.3. Qualitative evaluation

We experiment with different human preference models in
CoHP to explore their performance. CoHP-HPSv3 is capa-
ble of selecting the model that delivers the best performance
in the Model-wise stage and generating highly detailed im-
ages in the Sample-wise stage. As shown in Figure 6,
CoHP-PickScore generates images with excessive color sat-
uration and semantic inconsistencies. CoHP-ImageReward
and CoHP-HPSv2 produce some impressive results but suf-
fer from generation instability. In contrast, CoHP-HPSv3
produces more faithful images with superior coherence and
better text-image alignment compared to other methods.

5.2.4. User Study

We conduct a human evaluation on 100 generated text-
image pairs to compare HPSv3 against HPSv2, Im-
ageReward, and PickScore. We perform pairwise com-
parisons between our CoHP-HPSv3 approach and each
baseline (CoHP-HPSv2, CoHP-ImageReward, and CoHP-
PickScore) to assess relative performance gains. As shown
in Figure 7, HPSv3 outperforms Imagereward with a 87%
win rate and demonstrates a clear advantage over PickScore
and HPSv2. These results confirm that HPSv3 more effec-
tively captures human preferences than existing models.

- Win Lose

HPSV3 vs. ImageReward

HPSV3 vs. PickScore

HPSV3 vs. HPSV2 78%

. , . 1 \ . \
0% 20% 40% 50% 60% 80% 100%
Percentage

Figure 7. Human evaluation on CoHP with different human
preference models. HPSv3 outperforms all other human prefer-
ence models by a large margin.

Round 1 Round 2 Round 3 Round 4 Round 5

Model-wise Preference 11.34 11.46 11.68 11.69 11.65

Sample-wise Preference  11.59 12.69 12.64 12.84 12.82

Table 6. Ablation study on the round number. We calculate the
HPSv3 score with different rounds of the preference stages, opting
to run each stage for 4 rounds.

5.2.5. Ablation Study

We randomly sample 1,000 prompts from the HPDv3
Benchmark and generate images across different iteration
rounds for each stage. As shown in Table 6, for the Model-
wise stage, the HPSv3 score improves from 11.34 in Round
1 to 11.69 in Round 4, indicating that additional rounds
contribute to better model selection initially. However, the
score remains stable after Round 4, with only a slight de-
crease to 11.65 in Round 5, suggesting diminishing returns
with more rounds.

For the Sample-wise stage, the HPSv3 score consistently
improves from Round 1 to Round 4, with only a marginal
drop in Round 5. This trend demonstrates that increasing
the number of rounds in this stage enhances sample quality
up to a certain point. Based on this analysis, we conclude
that 4 rounds strike a balance between computational cost
and performance, which we adopt as the setting in our pa-
per.

6. Conclusion

We introduce Human Preference Score v3 (HPSv3), in-
volving: (1) HPDv3, the first wide-spectrum human pref-
erence dataset with 1.08 millon text-image pairs and 1.17
millon annotated comparisons from state-of-the-art genera-
tive models and high-quality real images, and (2) a prefer-
ence model leveraging VLM-based feature extraction with
uncertainty-aware ranking loss for accurate image scor-
ing. Additionally, we propose Chain-of-Human-Preference
(CoHP), a novel reasoning-based approach for iterative im-
age refinement without requiring extra training data. Exten-
sive experiments validate HPSv3 as a robust benchmark and
CoHP as an efficient, human-aligned method for enhancing
image generation quality.
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