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Abstract

Automatic preference models play an important role in the
development of image generation and image editing models,
yet existing approaches often lack either generalizability or
proficiency. To cope with this limitation, we argue that in-
corporating judgments from image assessment specialists
can equip a VLM-as-a-judge with richer, more reliable un-
derstanding of images, ultimately enabling better model-
ing of human preference while preserving broad general-
izability. With the additional specialist assessments, a VLM
judge reasons through the assessments, identifies the key
deciding factors, and generates the final preference judg-
ment. We extensively experimented on four public bench-
marks, covering both image generation and image editing
tasks in both pointwise and pairwise preference paradigms.
Our specialist-aided in-context learning (ICL) models im-
prove alignment with human preferences by 2% to 8% over
their corresponding baseline VLMs. Beyond ICL, we also
investigate how specialists can help generate useful image
preference data for VLMs. We reverse-engineer chain-of-
thoughts image preference data, given the input, ground-
truth preference, and specialists’ assessments; then train a
VLM model on the synthetic data. Our finetuning model
boosts the alignment by a margin of up to 13% over its cor-
responding baseline VLMs, achieving the best performance
on certain benchmarks. Notably, it achieves a better over-
all performance than a State-of-The-Art image preference
model with much less finetuning data. Overall, our work
extensively shows the potential of combining VLMs with
image assessment specialists for reliable image preference
modeling.

1. Introduction
Generalizable and reliable preference models that align
closely with human preferences are always desired for faster
development of generative models [2, 20]. In text-to-image
generation and text-guided image editing, VLM-based met-
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Figure 1. Evaluating an image generation sample using GPT-4o
and our system, so-called AUTORATER, which has an aesthetic de-
scription tool to aid GPT-4o’s context. As the details in the image
are blurred and not photorealistic, the human score of 3.02 out of 5
is reasonable. GPT-4o overrates the image as good-quality enough
to satisfy the generation request; meanwhile, AUTORATER offers
a better preference score with the support from an aesthetic de-
scriptor.

rics (CLIP-Score [6], BLIP-Score [5]), and specialists on
image preference 1 (PickScore [13], ImageReward [30], Q-
SiT [35], EditReward [28]) have been widely adopted as
proxies for human preference modeling. Despite their suc-
cess in various scenarios, these models are still prone to
deficiencies in out-of-distribution cases. For example, Q-
SiT fails to align with human preference in the ImageRe-

1We use the word “preference” to indicate the scoring or the selection
of a better one among a few images. Meanwhile, “assessment” means
general assessment, which is a hypernym of “preference”.
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ward benchmark [30] with a Pearson correlation of 0.34,
while it achieves a state-of-the-art Pearson correlation of
0.85 in a similar benchmark AIGIQA-3K [15]. Meanwhile,
using general-purpose multi-modal large language models
(VLMs) as preference models offers greater generalizabil-
ity. However, they are not specialized for fine-grained im-
age preference assessments and may overlook important vi-
sual details such as aesthetic [22] and identity preservation
[11], as shown in Figure 1. This presents a gap in develop-
ing highly generalized, accurate image preference assess-
ment models.

In this paper, we aim to address the aforementioned gap
by exploring the combination of VLMs and image assess-
ment specialists as a unified preference model. To this end,
we harness the broad generalization and reasoning capa-
bilities of VLMs while benefiting from the high-fidelity,
domain-specific evaluation strengths offered by specialist
models. In our framework, we not only consider image
preference specialists that directly predict overall prefer-
ence, but also incorporate specialists that assess images
along key dimensions such as text–image alignment, image
quality, and fine-detail preservation.

In particular, we present AUTORATER, a framework that
integrates specialists to assess images along key dimen-
sions, i.e., text-image alignment, image quality, and de-
tail preservation. Subsequently, a general VLM judge rea-
sons over the input and these assessments to produce the
final preference. The final preference includes a natural-
language analysis and either a score or a comparison,
corresponding to either a pointwise or a pairwise pref-
erence. In this work, we analyze three specialist selec-
tion mechanisms: 1) All specialists that are available for
the case; 2) Automatic selection for each sample; and 3)
Grid-Search for an optimal subset of specialists. Be-
yond the in-context learning (ICL) method, we also explore
whether VLMs can learn from specialists to become better
preference models. We synthesize chain-of-thought prefer-
ence assessment data from the input, ground-truth prefer-
ences, and specialist assessment; then finetune a VLM on
this synthetic dataset.

We validate the variants of AUTORATER and baselines
versus human preference on three benchmarks [15, 25, 30],
covering both image generation and editing datasets and
both pointwise and pairwise preference paradigms. ICL
variants of AUTORATER improve the alignment with hu-
man preferences by 2% to 8% over its corresponding base-
line VLMs in all benchmarks. Meanwhile, the finetun-
ing approach further boosts the alignment of AUTORATER
by a large margin up to 13% over its corresponding base-
line VLMs, achieving the best performance on ImageRe-
ward [30] and AIGIQA-30K [15] in pointwise preference
setting. In overall, it achieves a better overall performance
than a State-of-The-Art image preference model HPSv3

[17], while using much less finetuning data. Furthermore,
both ICL and finetuning approaches perform better than Q-
SiT, a strong baseline yet also an image assessment special-
ist for AUTORATER, by a large margin. That means combi-
nations of VLMs and specialists can exceed the capability
of each individual model. Clearly, AUTORATER sustains
competitiveness across the editing and generation tasks and
pointwise and pairwise settings, while Q-SiT failed to gen-
eralize on new data distribution and new evaluation scenar-
ios. Our qualitative analysis shows examples where spe-
cialists contribute accurate low-level details that help VLMs
produce better preference assessments. It also shows exam-
ples where such contributions are ineffective or introduce
noise that harms performance.

In summary, we make the following key contributions:
• We proposed a specialist-aided VLM-as-a-judge frame-

work for image preference assessment that leads to bet-
ter image preference models that align closer with human
preference while maintaining strong generalizability on
new preference tasks.

• Our detailed analysis shows that specialists provide valu-
able information for the base VLM in identifying the de-
ciding factor in human preference decisions.

• We showed that synthetic specialist-guided rationales
provide a substantial reasoning signal for efficiently fine-
tuning a preference model, leading to the best models for
pointwise preference tasks while maintaining relatively
good performance on pairwise preference tasks.

2. Related Works
Text-to-image generation: Pick-A-Pic [13] and HPD
v2 [29] provide human preference data as the most pre-
ferred one among a group or a pair of generated images.
Meanwhile, MHP [33] and ImageRewardDB [30] contain
human annotations, including overall rating and rating for
each assessment dimension of generated images. More
recently, AIGIQA-30K [15] focuses on the mean opin-
ion score (MOS) of generated images regarding perceptual
quality and alignment. Q-Bench+ [34], on the other hand,
proposes an evaluation suite on low-level details for multi-
modal foundation models.
Text-guided image editing: EmuEdit [24] leverages LLMs
to generate editing instructions and uses Stable Diffusion
models to synthesize images. On the other hand, Mag-
icBrush [31] has annotators propose edits for given images
and uses the DALL-E 2 platform to iteratively make the ed-
its. Recently, PSR [25], a dataset collected from the sub-
reddit Photoshop Request, was released. A subset of PSR
has human annotation on the better edited image, which
can serve as ground truth to verify the automatic evaluation
pipeline. Those datasets that contain human preferences for
the output images serve as benchmarks to measure align-
ments between image preference models with human pref-
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erences. In this paper, we consider AIGIQA-30K, ImageRe-
ward, and PSR in our experiments.
Image Assessment Models: Earlier research has utilized
human annotations, VLM-based judging systems, or im-
age assessment models for preference assessment purposes.
With the popularity of text-to-image generation, many
vision-language pre-training models have been adopted to
evaluate the text-image alignment, including: CLIP-Score
[6], BLIP-Score [5], HPSv2 [29], PickScore [13], ImageRe-
ward [30]. These models typically assess overall preference
for text-to-image generations by considering multiple con-
tributing factors. Apart from that, these models are also
adopted by many image editing benchmarks.

Extended from previous works, MPS [33] introduces
a pretrained preference model on multiple dimensions,
including aesthetics, details, and alignments. Similarly,
HPSv3 [17] leverages a wide-spectrum million-sample hu-
man preference dataset to train preference models. MINT-
IQA [26], on the other hand, approaches the image pref-
erence problem via instruction tuning. Meanwhile, Q-
SiT [35] is jointly trained for image quality scoring and in-
terpretation. However, they are all vulnerable to the classic
generalizability problem of pretrained AI specialists. Our
results show that Q-SiT, as a leading model for preference
scoring, drastically fails in new evaluation settings.

With the advancement of VLMs, such as GPT-4 [18],
a line of work leverages VLMs’ generalizability to de-
sign new image assessment metrics for various evaluation
paradigms. Those includes VIEScore [14], HQ-Edit [10],
and T2I-CompBench++ [8]. In this work, we explore the
combination of VLMs with specialist models. The goal is
to leverage the generalizability of VLMs alongside the spe-
cialists’ proficiency in low-level detail assessment.

3. Problem Formulation
We consider both text-to-image generation and text-guided
image editing tasks for evaluation. We denote a sample of
task T as (I,O, a), where:
• I is a set of all necessary inputs for the task, including the

textual request and a source image (if T is the text-guided
image editing task),

• O is a set of output images edited or generated by either
a human, tools, or a generative model.

• a is the ground-truth human preference.
We study automatic evaluation protocols A that take {I,O}
as input and yield a preference assessment that aligns well
with human annotation a. We denote the objective as:

A(I,O) ∼ a.

We also denote a dataset of the task T as D =
{(Ii, Oi, ai)|i = 1, n}. The metric to validate our AU-
TORATER on D is described below for each case.

Pairwise comparison: In case there are two output images
(O

′

i, O
′′

i ), ai indicates which image is better. The alignment
is represented by A’s prediction accuracy in comparison to
human annotations. The optimization objective is:

argmax
A

1

|D|

|D|∑
i

I
(
A(Ii, Oi) = ai

)
(1)

Pointwise rating: In case there is only one output image,
ai is a score for the output image. The alignment is then
represented by the Pearson correlation r of A’s outputs and
human annotations. The optimization objective is:

argmax
A

r
(
{(A(Ii, Oi), ai|i)}

)
(2)

Overall, we consider three evaluation scenarios: image
generation with pointwise rating, image generation with
pairwise comparison, and image editing with pairwise com-
parison. In the scope of this paper, we do not consider other
evaluation paradigms, such as image generation with multi-
ple instance ranking.

4. AUTORATER

Figure 2 outlines the overall design of our framework AU-
TORATER. In this section, we describe image assessment
specialists and elaborate on three specialist selection mech-
anisms that we consider. Beyond ICL, we describe a fine-
tuning pipeline that aims to enhance the chain-of-thoughts
image preference assessment capability of VLM judges,
given specialist assessments as extra context.

4.1. Image Assessment Specialists
In our system, we consider image assessment specialists
which cover three common evaluation dimensions: text-
image alignment [1, 7, 19], image quality [19, 21, 30], and
detail preservation [12, 21]. Each specialist offers targeted
capabilities to augment VLM judges. Below are descrip-
tions of targeted capabilities and the considered tools.
Text-Image Alignment:
• Object Detection: List of detected objects can be used in

determining the alignment of the output image with the
generation/editing request. We use GroundingDINOv2
[16], a powerful open-source object detection model, as
the object detector. Because we want to focus on objects
mentioned in the request, we pass the generation/editing
request as the input caption for detection.

Image Quality:
• Aesthetic Description: Visual appeal and aesthetic de-

tails of generated or edited images are crucial for high-
quality outputs. We use AesExpert [9], a model fine-
tuned on large-scale aesthetic instruction data, to provide
nuanced aesthetic descriptions of images. The descrip-
tions cover aspects such as lighting, composition, color,
and fidelity, which are useful for the VLM judge.
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Evaluation
Target

Tool Selection
 & Inference

Assessment

Please adjust
the braid to run
straight down

the back.

Select
 the most relevant tools

 for the evaluation

Consider
 important info from tools
to produce an evaluation 

Score: n/a

Comparison: Edited image B is better 

Analysis: ... The technical quality [of
A] is compromised, with noticeable
artifacts and distortions ...  The
technical quality [of B] is high, with
smooth transitions and preserved
details in the hair and background ...

Text-image alignment

Image Quality

Detail Preservation

B

A

Object Detection

Aesthetic Description

Perceptual Artifacts Ratio

Image Quality Score

Facial Similarity

Perceptual Similarity

Figure 2. Overall architecture of AUTORATER, the system for our study. Given a generation or editing request, a source image in case
of editing, and one or two generated or edited images as input, through a tool selection mechanism, extra information from a subset of
specialists will be provided into the context. After that, AUTORATER uses a VLM judge to produce the final assessment, which includes a
natural-language analysis and either a score or a comparison, depending on whether the evaluation paradigm is pointwise or pairwise.

Task Type Benchmark Size Metrics

Editing Pair PSR 444 Accuracy

Generation
Pair ImageReward 6,399 Accuracy

Point ImageReward 2,720 Pearson

AIGIQA-30K 4,000 Pearson

Table 1. Four benchmarks covering both image generation
and editing tasks and both pointwise and pairwise evaluation
paradigms.

• Perceptual Artifacts Ratio: Detecting perceptual arti-
facts such as distortions and unnatural blends is impor-
tant to judge image fidelity. We employ PAL4VST [32],
which localizes artifacts in generated or edited images,
then compute the artifacts ratio (ranging from 0 to 1, with
0 indicating no artifacts). The score would aid the VLM
judge in penalizing images with significant visual flaws.

• Image Quality Score: For a holistic assessment of tech-
nical quality, including sharpness and perceptual clarity,
we use Q-SiT [35]. This model produces an image qual-
ity score (ranging from 0 to 1, where 1 means perfect),
which provides a reference for our system to judge the
overall image quality. It is a leading image assessment
specialist that achieves SoTA performance on multiple
image assessment benchmarks.

Detail Preservation (for image editing only):
• Facial Similarity: When an image editing task involves

human subjects, evaluating identity consistency is impor-
tant. We leverage DeepFace [23], a comprehensive facial
recognition and attribute analysis toolkit. It computes the
cosine similarity of faces in the source image and edited
image, representing facial similarity.

• Perceptual Similarity: In scenarios requiring minimal
editing, perceptual coherence is important. We adopt
DreamSim [4], which measures perceptual similarity of
the source image and edited image beyond pixel-level
metrics. It considers semantic structure, layout, and pose.

4.2. Specialist Selection Mechanisms for Evaluation
All: AUTORATER uses all tools that are available for
each evaluation case. When the task is image generation,
no matter whether the evaluation paradigm is pointwise or
pairwise, we provide GroundingDINOv2 (GD), AesExpert
(AE), PAL4VST (PA), and Q-SiT (QS) for AUTORATER.
Similarly, for the image editing task, we provide the previ-
ously mentioned four tools for image generation, DeepFace
(DF) and DreamSim (DS).
Auto: For each sample, among all tools that are avail-
able for the case, the VLM judge determines a subset of
tools needed for the evaluation. Only assessments from se-
lected tools will be included in the VLM judge’s context.
We note that AUTORATER with this mechanism will require
two VLM passes.
Grid-Search: For each benchmark and each base VLM,
a subset of tools is selected for AUTORATER. To exten-
sively explore the AUTORATER framework, we conduct
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grid-search experiments. Every tool combination (single,
subset of 2, subset of 3) will be evaluated. This tool selec-
tion mechanism is meant to explore maximal capability of
our method in the ICL setup.

4.3. Learning to Judge
Beyond ICL, we investigate the capabilities of VLM-based
judges when they are finetuned on synthetic chain-of-
thought reasoning data generated for image preference as-
sessment tasks. Each evaluation instance is augmented with
all applicable specialist assessments that serve as additional
context, enabling the model to learn rich, domain-informed
rationales.

Extending the notation in section 3, let (S) denote the
set of assessments produced by all applicable specialists for
a given sample. For each training instance (I,O, a), we
prompt a strong base VLM, parameterized by θ, to produce
a synthetic rationale (r̂) explaining the ground-truth prefer-
ence. The rationale is conditioned on the inputs (text, im-
age), output images (if any), specialist feedback, and the
ground-truth preference:

r̂ ∼ VLMθ(I,O, S, a) (3)

These generated rationales act as latent explanatory vari-
ables that guide model learning. To explicitly integrate gen-
erated rationale into finetuning, we cast the finetuning pro-
cess as an expectation maximization optimization problem
[3]. In the E-step, we obtain latent rationales (r̂); in the
M-step, we update model parameters to maximize the like-
lihood of producing both the rationale and the ground-truth
preference:

θt+1 = argmax
θ

Er̂ logP (r̂, a|I,O, S; θt) (4)

This procedure encourages the model to internalize struc-
tured reasoning patterns and align its final judgments with
both synthetic rationales and human preferences.

5. Experiments
5.1. Benchmarks and Metrics
We evaluate AUTORATER and baselines, including the base
VLMs and a specialist, on the following three evaluation
scenarios. We also summarize the corresponding bench-
marks information in Table 1.
Image editing (pairwise comparison): We use the test set
of PhotoShopRequest (PSR) dataset [25], which contains
real human queries and human edits from Reddit. In this
dataset, an input-output set (I,O) can have multiple hu-
man annotations. Each annotation is one of three options:
two options of which among the two edited images in O
is better, and one option of ‘tie’. Thus, we aggregate all
human annotations for each of (I,O). We only keep an

input-output set (I,O) if the mode 2 vote accounts for at
least 50% of all annotations for the set and has at least 2
more votes than the second mode vote. We use the mode
vote as the final annotation for the input-output set. Also,
as the number of samples with the final annotation ‘tie’ is 8
out of 452, we do not consider this case in this work. Over-
all, after the aggregation and filtering, there are 444 tuples
(I,O, a).
Image generation (pairwise comparison): We employed
the test set of ImageReward [30]. For a generation request,
there are 4 to 9 generated images, and they are sorted into
5 ranking bins from 1 to 5. We follow the conventional
setting in this line of work, where we consider all different-
rank image pairs from each sample. This results in 6,399
pairs in total.
Image generation (point-wise rating): The test set of Im-
ageReward [30] is used in a different setting. For each of the
generated images, we use the overall score as the ground-
truth rating, yielding 2,720 instances in total. We also con-
sider the test set of AIGIQA-30K [15] with 4,000 samples.
Each sample consists of a generation request and a gen-
erated image, and a human-annotated score. We treat the
human-annotated score as the ground-truth rating.

5.2. Experiment Results for ICL Methods
Model Setup: For AUTORATER, we consider two VLMs
as the base models: GPT-4o and Gemini-2.5-Pro. Both
models are strong VLMs that achieve high performance on
multiple vision-language benchmarks. We set the temper-
ature to 0 for both models to ensure deterministic outputs.
Also, we use Likert-10 scale in case of pointwise preference.
For image assessment specialists, we use the official open-
source implementations with default configurations. We
show VLM judge prompts for each evaluation scenario and
the way we organize specialists’ output in the ??. We com-
pare AUTORATER with strong baselines: the base VLMs
(GPT-4o and Gemini-2.5-Pro) themselves, and three im-
age preference models ImageReward [30], Q-SiT [35], and
the recently released HPSv3 [17]. All empirical results are
shown in Table 2.
Results: GPT-4o is relatively strong in pointwise rat-
ing with high Pearson correlations 0.7233 on AIGIQA-
30K, while Gemini-2.5-Pro is good in pairwise compar-
ison, especially in PSR with 78.15% accuracy. Mean-
while, the preference model HPSv3 yields comparable re-
sults with GPT-4o and Gemini-2.5-Pro, with highest accu-
racy of 66.8% on ImageReward (Pair) and highest Pearson
correlation 0.782 on AIGIQA-30K among the baselines.
On the other hand, ImageReward and Q-SiT falls short in
two new benchmarks, PSR and ImageReward (pointwise).
Their accuracy on PSR is approximately or less than ran-
dom guessing, leaving a large gap behind a general VLM

2The vote that appears most frequently.
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Model PSR ↑ ImageReward (Pair) ↑ ImageReward (Point) ↑ AIGIQA-30K ↑

HPSv3 52.03 66.80 0.4524 0.7820
ImageReward 50.90 65.10 0.3575 0.6938
QSiT 22.35 55.13 0.3441 0.7526

GPT-4o 64.41 57.66 0.3176 0.7233
+ Auto 63.51 58.60 0.3861 0.7932
+ All 66.67 57.98 0.3939 0.8047
+ Grid-Search 67.79 DF,GD,QS 58.81 AE,GD,PA 0.4084 AE,PA,QS 0.8048 AE,QS

Gemini-2.5-Pro 78.15 61.84 0.3150 0.6430
+ Auto 76.58 61.02 0.3392 0.6429
+ All 74.55 60.82 0.3446 0.6578
+ Grid-Search 78.38 DF,QS 62.64 AE,PA,QS 0.3612 QS 0.6766 QS

InternVL3-8B 49.55 59.22 0.4186 0.7240
+ CoT finetuning w/o Tools 54.27 59.51 0.3855 0.7669
+ CoT finetuning w/ all Tools 58.56 60.53 0.4673 0.8533

Table 2. Experiment results on four benchmarks. For pairwise comparison, we report accuracy (%). For pointwise rating, we report
Pearson correlation. The best tool combinations for Grid-Search are subscripted behind the reported numbers. Bold-faced and italic
numbers respectively indicate the best and second best performance in each benchmark.

Gemini-2.5-Pro, while its Pearson correlation of 0.35% of
both models on ImageReward (pointwise) still has room for
improvement, as what a variant of AUTORATER can bring.
Potential of AUTORATER and improvement gaps in dif-
ferent scenarios: For base model GPT-4o, pointwise cor-
relations improve substantially when augmenting with spe-
cialists: on ImageReward (pointwise), the best combination
(with AesExpert, PAL4VST, Q-SiT) reaches 0.4084, com-
pared to 0.3176 for GPT-4o alone and 0.3939 for GPT-4o
with All specialists. On AIGIQA-30K, using All spe-
cialists yields 0.8047 vs. 0.7233 for the base model. The
improvement brought by specialists is less on ImageReward
(pairwise) and PSR, up to 1% and 3% respectively. A sim-
ilar trend can also be observed for the base model Gemini-
2.5-Pro. While there is no large improvement or even a
slight decrease in ImageReward (pairwise) and PSR, AU-
TORATER achieves the highest Pearson correlation on Im-
ageReward (pointwise) at 0.3612 and on AIGIQA-30K at
0.6766 with the augmentation of the specialist Q-SiT.

In pointwise rating scenarios, we observe that Q-SiT of-
ten appears in the best combinations for both base VLMs.
Given a base VLM, AUTORATER with individual Q-SiT has
at least 3% gap to any other variants with one specialist. It is
reasonable as Q-SiT is trained for image quality scoring and
achieves SoTA performance on multiple image assessment
benchmarks. Q-SiT provides calibrated, low-level quality
cues that directly inform scalar judgments. Interestingly,
each baseline among GPT-4o and Gemini-2.5-Pro together
with Q-SiT forms a baseline that is stronger than these base-
lines alone. Thus, we posit that having a strong specialist
functionally related to the task would benefit base VLMs to
go beyond both of these individual baselines.

In pairwise rating scenarios, to our best knowledge, there
is a limited number of specialized image assessment tools
that compare two images. In our experiments, all are tools
considered for pairwise comparison scenarios do not di-
rectly function as a pairwise evaluator. The insights from
these tools may not have explicit effect on the final judg-
ment. Our later qualitative analyses elaborate on the situa-
tion. Thus, we posit that in order to better augment VLMs
in pairwise comparison, specialists who directly compare
images are desired.

Further analyses on tool selection mechanisms will be
provided in the ??.

5.3. Experiment Results for Finetuning Methods
Model Setup: We consider open-source model family In-
ternVL [27] as 1) the model for data generation and 2) the
pretrained model for finetuning because of its superior per-
formance in public benchmarks. In particular, we use the
InternVL3.5-14B to generate high-quality reasoning data
following the method in Section 4.3. We then train the
InternVL3-8B[36] model with the synthetic data. We gen-
erate specialist-guided rationale based on labels from the
training set of ImageReward [30], AIGIQA-30K [15], and
EditReward [28], resulting in 42k samples for image gen-
eration evaluation and 13k samples for image editing eval-
uation in total. The hyperparameter details are provided in
??.
Results: With Chain-of-Thought (CoT) finetuning, In-
ternVL improves across all metrics—especially compared
to the base non-finetuned model. Yet, the largest leap ap-
pears when CoT finetuning is aided with specialists’ assess-
ments, reaching 58.56% accuracy on PSR, 60.53% accuracy
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Figure 3. A sample from PSR benchmark. GPT-4o fails to identify the preservation of facial identity in both edited images, thus, makes
a wrong judgment. With the help of DeepFace, AUTORATER can identify the preservation in Edited Image 1 and correct its judgment.
However, when more tools are added, the extra information makes the assessment noisy, and AUTORATER fails again.

on ImageReward (Pair), 0.4673 Pearson correlation on Im-
ageReward (Point), and an impressive 0.8533 Pearson cor-
relation on AIGIQA-30K. This final configuration outper-
forms all other models in both ImageReward (Point) and
AIGIQA-30K, showing that the synergy between CoT rea-
soning and tool integration can yield substantial improve-
ments in perceptual quality evaluation. Nonetheless, fine-
tuned InternVL is still lagging behind GPT-4o and Gemini-
2.5-Pro in PSR. We attribute this to the lack of photo-
realistic image editing data in our training data3, thus In-
ternVL has not fully learned the task.

Comparing our finetuned InternVL with HPSv3 [17],
a State-of-The-Art image preference model with a similar
size, it outperforms HPSv3 on the pointwise preference for
image generation. In AIGIQA-30K, the gap is 7%. Mean-
while, in PSR and ImageReward (Pair), each model is bet-
ter in a benchmark, with a similar performance on average.
Undoubtedly, our InternVL achieves a better overall perfor-
mance than HPSv3, while only using 55k samples compar-
ing to millions samples of HPSv3.
Ablation Study Table 3 shows the ablation study with fine-
tuning and inferencing the open-source model InternVL3-
8B. When the model is fine-tuned with tools and also uses
them during inference (Full), it achieves the highest score,
while the base model (5) yields the lowest Pearson. Fine-

3Reddit did not grant permission to use Reddit data for AI training, and
the PSR dataset did not include large-scale human preference besides a few
hundred samples for evaluation

Setup FT FT w/ tools Infer w/ tools AIGIQA-30K ↑

Full ✓ ✓ ✓ 0.8533

1 ✓ ✓ 0.7981
2 ✓ ✓ 0.7719
3 ✓ 0.7669

4 ✓ 0.7740
5 0.7240

Table 3. Ablation study on AIGIQA-30K using InternVL3-8B
variants with the inclusion of finetuning, finetuning with tools, and
inference with tools.

tuning with tools but disabling them at inference (1) still
improves performance over standard fine-tuning, indicating
that tool-aware training imparts more robust reasoning even
without tool access at test time. Introducing tools only at
inference without tool-aware fine-tuning (2) results in more
modest and inconsistent gains, suggesting that while tools
provide auxiliary benefits, a model not trained to use them
cannot fully capitalize on their capabilities. Standard fine-
tuning without any tools (3) remains the weakest among the
fine-tuned configurations, demonstrating the limited impact
of parameter-only learning in this task compared to tool-
augmented approaches. Having access to the tools at infer-
ence time without any finetuning (4) offers a gain over pure
zeroshot ICL (5) however, significantly lower than finetun-
ing with tool awareness (Full). Overall, the study shows
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Figure 4. Qualitative analysis on ImageReward (pairwise) benchmark and Gemini-2.5-Pro base model (denoted as G-2.5-P in the figure).
We use Likert-10 scoring scale for this pointwise preference scenario. Gemini-2.5-Pro alone underestimates the quality of the generated
image, giving a low score of 2. With the help of Q-SiT, every AUTORATER variant gives a more ground-truth-aligned score (4 or 5).
However, Gemini-2.5-Pro remains deficient in absolute scoring, sometimes assigning lower scores even with specialists’ assessments,
which indicates decent alignment and quality of the image.

that while tools generally improve performance, the great-
est benefit arises when the model is trained to use tools for
reasoning and is allowed to access the tool during inference.

5.4. Qualitative Analysis
To illustrate the potential in augmenting VLMs with spe-
cialist tools for pairwise comparison, we analyze a repre-
sentative sample from the PSR benchmark in Figure 3. In
this case, GPT-4o alone struggles to accurately assess the fa-
cial/identity preservation, which is pivotal for image editing
tasks involving human subjects. When DeepFace is intro-
duced as a specialist, the assessment improves: GPT-4o ref-
erences facial similarity scores and acknowledges a closer
match to the original subject in one edited image. Together
with text-image alignment, the edited image is correctly
judged by GPT-4o + DeepFace as the better edit. How-
ever, when augmenting GPT-4o with more specialists, the
judgment converges back to an incorrect decision as base-
line GPT-4o. It suggests that adding further tools sometimes
introduces noise, diluting the clarity of the assessment and
causing GPT-4o to misjudge preservation. This highlights
the need for specialists which explicitly compare images
and provide the decision’s rationale to better guide VLM
judges.

In the pointwise rating scenario, as shown in Figure 4,
integrating a strong specialist like Q-SiT with Gemini-2.5-
Pro consistently improves alignment with human ratings.
All AUTORATER variants give scores with higher align-
ment with human preference than that of the base Gemini-
2.5-Pro, demonstrating the benefit of functionally relevant
specialists for scalar judgments. Gemini-2.5-Pro remains
deficient in absolute scoring, sometimes assigning lower

scores even when a specialist’s assessment indicates decent
alignment and quality of the image. Subscores from Q-SiT
provide valuable low-level cues, but the VLM’s final rat-
ing may still underrepresent image quality. These observa-
tions suggest that while specialist augmentation enhances
VLM performance, further refinement in score calibration
and specialist-VLM interaction is needed for optimal point-
wise assessment.

6. Conclusion
In this paper, we explore the combination of VLMs and spe-
cialized image assessment tools to improve automatic pref-
erence assessment for image generation and editing models.
We design a system AUTORATER, consider three special-
ist selection mechanisms to provide extra context to VLM
judges, and investigate both in-context learning and finetun-
ing approaches. Through extensive experiments on multi-
ple benchmarks, we demonstrate that integrating specialist
tools can enhance preference alignment over strong VLM
baselines. In addition, our finetuning approach demon-
strates that the VLM judge can learn to reason with spe-
cialist assessments, further boosting alignment with human
preferences. We conclude the paper with qualitative anal-
yses illustrating cases where specialist assessments effec-
tively aid zero-shot VLM judges. We also analyze failure
cases where they introduce noise or fail to capture key de-
tails. We hope that our work sheds light on the potential of
combining VLMs with specialist models for reliable image
preference assessment.
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