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Abstract

Image Aesthetics Assessment (IAA) evaluates visual qual-
ity through user-centered perceptual analysis and can guide
various applications. Recent advances in Multimodal Large
Language Models (MLLMs) have sparked interest in adapt-
ing them for IAA. However, two critical limitations per-
sist in applying MLLMs to IAA: 1) the tokenization strat-
egy leads to insensitivity to scores, and 2) the classification-
based decoding mechanisms introduce score quantization er-
rors. Current MLLM-based IAA methods treat the task as
coarse rating classification followed by probability-to-score
mapping, which loses fine-grained information. To address
these challenges, we propose ROC4MLLM, offering com-
plementary solutions from two perspectives: 1) Represen-
tation: We separate scores from the word token space to
avoid tokenizing scores as text. An independent position
token bridges these spaces, improving the sensitivity of the
model to score positions in text. 2) Computation: We ap-
ply distinct loss functions for text and score predictions to
enhance the sensitivity of the model to score gradients. De-
coupling scores from text ensures effective supervision while
preventing interference between scores and text in the
loss computation. Extensive experiments across five datasets
demonstrate that ROC4MLLM achieves state-of-the-art per-
formance without requiring additional training data. Addi-
tionally, its plug-and-play design ensures seamless integra-
tion with existing MLLMs, boosting their IAA performance.

Code —
https://github.com/woshidandan/Assessing-Image-
Aesthetics-via-Multimodal-Large-Language-Models

Introduction

As digital photography expands rapidly, Image Aesthet-
ics Assessment (IAA) has become one of the most im-
portant criteria to automatically assess whether the image
meets users’ aesthetic preferences. It is also an essential
step in imaging measurements among manufacturers to eval-
uate the performance of smartphones and cameras. The
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Figure 1: Comparison of ROCAMLLM and prevailing IAA
methods via (SRCC + PLCC)/2. (a) Holistic IAA on five
datasets (axes: dataset names). (b) Multi-attribute JAA on
two datasets (axes: attributes).

complexity of TAA tasks stems from integrating qualita-
tive and quantitative visual analysis, with the subjective na-
ture of human preferences. Compared to conventional CNN-
based or Transformer-based methods, Multimodal Large
Language Models (MLLMs) excel at aligning high-level vi-
sual content with human preferences. As a result, applying
MLLMs to specific IAA tasks has yielded promising re-
sults (Huang et al. 2024a; Wu et al. 2024c¢; Ke et al. 2023;
Zhou et al. 2024). However, predicting human-aligned aes-
thetic scores—a core quantitative task in IAA—remains sig-
nificant challenges for current MLLMs (Wu et al. 2024a).
Specifically, there are three key challenges.

Insensitivity to Scores. In MLLM, the tokenizer converts
words into token sequences for processing. In IAA, this pro-
cess treats scores as text, splitting them into arbitrary tokens.
This disrupts their numerical structure. As a result, MLLMs
predict scores digit by digit and struggle to recognize nu-
merical place value (e.g., thousands versus hundreds), un-
til the entire score is processed (Schwartz et al. 2024). This
leads to a loss of critical magnitude information (Testolin
2024). Such errors undermine the accuracy of IAA tasks,
where precise numerical interpretation is essential.

Unlike mathematical tasks that rely on logical reason-
ing from symbolic inputs to derive precise answers, IAA
quantifies subjective aesthetics by mapping visual features
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Figure 2: Comparison of MLLM-based scoring methods: (a) Direct scoring, (b) Level-based scoring, and (c) Our regression-
based scoring, which is capable of: (i) avoiding tokenization of scores as text, (ii) ensuring correct positioning of scores
within the text, and (iii) preventing interference between scores and text during simultaneous constraints on both.

to scores. Training MLLMs on mathematical datasets fo-
cuses on symbol manipulation, which does not enhance their
ability to map visual features to numerical scores. Besides,
IAA datasets are small and lack unified scoring standards.
Consequently, unlike in mathematical tasks—where large-
scale training data can enhance MLLMSs’ sensitivity to num-
ber —the application of MLLMs to IAA faces inherent chal-
lenges in achieving comparable score sensitivity due to data
scarcity and subjectivity. A detailed discussion are provided
in the Appendix.

Score Quantization Errors. MLLMs generate coherent
text through an autoregressive process, predicting the next
token’s probability distribution step by step and selecting
the most likely token. However, each token prediction re-
sembles a multi-class classification task, disrupting the con-
tinuity of scores. In classification, outputs fall into discrete
categories—either correct or incorrect—with no measure of
distance between them. This disrupts the inter-class relation-
ships among tokens representing scores, resulting in score
quantization errors (Talebi and Milanfar 2018).

Precision Loss. To address the imprecision of MLLMs in
predicting scores for TAA tasks, Q-Align (Wu et al. 2024¢)
adopts a level-based scoring method, converting scores into
five coarse-grained categories: bad, poor, fair, good, and ex-
cellent. However, this approach struggles to differentiate im-
ages with varying aesthetic qualities within the same cate-
gory. For example, in the AVA dataset (Murray, Marchesotti,
and Perronnin 2012), images with scores of 1.8 and 3.16
are both categorized as “bad” during training, despite their
noticeable differences. As a result, the conversion between
scores and levels leads to precision loss. Furthermore, Q-
Align treats the task as a coarse rating classification, pre-
dicting the image’s aesthetic level and calculating the final
scores using a weighted sum of level probabilities, which
still leads to score quantization errors.

To address above issues, we propose Regression Opti-
mized Components for MLLMs (ROC4MLLM). Unlike tra-
ditional classification-based scoring methods, ROC4MLLM
uses regression for more precise and continuous scoring, as
shown in Fig. 2(c). First, we decouple score representation
from text representation, along with a score position token
to indicate the position of the scores in the text, which elimi-
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nates the need for text-based tokenization of scores. Second,
we transform classification into regression for score predic-
tion and decouple the loss computation between scores and
text, eliminating score quantization errors, while preventing
interference between scores and text in the loss computation.
Contributions are concluded as follows:

* We reveal the limitations of MLLMs in IAA: insen-
sitivity to scores, score quantization errors caused by
classification-based decoder mechanism, and precision
loss caused by level-based methods. By highlighting
these issues, we emphasize the need for more robust,
score-sensitive methods in IAA.

* The proposed ROC4AMLLM decouples score and
text representations and shifts from classification to
regression-based loss computation. This method ad-
dresses the identified limitations of MLLMs and pro-
vides a practical solution for the community, to improve
MLLMSs’ performance in score-sensitive tasks like IAA.

* ROC4MLLM achieves state-of-the-art (SOTA) results on
five TAA datasets, as shown in Fig. 1. Additionally, it can
be seamlessly integrated with existing MLLMs, signifi-
cantly boosting their performance in IAA tasks.

Related Work

Generally, IAA involves both quantitative and qualitative
tasks: 1) aesthetic scoring, which includes aesthetic binary
classification (Datta et al. 2006; Luo and Tang 2008), aes-
thetic score regression (Ma, Liu, and Chen 2017; He et al.
2023a), and score distribution prediction (Chen et al. 2020;
She et al. 2021); and 2) aesthetic commenting (Ke et al.
2023; Liu et al. 2024¢), which entails generating comments
about the aesthetic attributes of an image.

Traditional CNN-based and Transformer-based meth-
ods demonstrate strong performance in aesthetic scoring
tasks (Zhu et al. 2020; Ke et al. 2021; She et al. 2021; He
et al. 2022; Tu et al. 2022; He et al. 2023b). However, their
ability to address the intrinsic subjectivity of IAA remains
limited. These methods primarily focus on extracting low-
level features and lack the capacity for understanding and
reasoning about high-level information. Moreover, provid-



Q: Rate the composition, DoF, light and content of the Q: Please rate the aesthetics of the image and
provide some comments.

A: The composition rate of the image is 7.57, the DoF A: The aesthetic rate of the image is 6.93. I'm
m rate of the image is 7.26, the light rate of the image is uncertain about the tree in the center of the image,

ataset: PA 7.29, the content rate of the image is 6.99. Dataset: AVA I think I might prefer the picture without it.

Figure 3: Examples of our method’s output across five datasets, with all scores are normalized to a range of 1 to 10.

ing only a score limits the explainability, making it difficult I) and inadequacy of classification loss for continuous scores
to fully understand the aesthetics of an image. (Problem II). Subsequently, the interference between score
MLLMs, such as LLaVA (Liu et al. 2024b,a), mPLUG- and text loss (Problem III) is revealed, assuming that an ad-
Owl (Ye et al. 2023, 2024), and the QwenVL (Bai et al. ditional regression loss for the score is used in a straight-
2023; Wang et al. 2024) series have shown remarkable forward manner. To address these problems, we then pro-
performance in image captioning and demonstrated poten- pose an architecture presented in Fig. 4. Our ROC4AMLLM
tial in understanding high-level visual content (Liu et al. optimizes score representation and the computation of the
2025). Recent studies also show their ability to perceive loss function, enabling precise numerical predictions with-
low-level visual attributes (Zhang et al. 2023). Building on out compromising contextual coherence.
these strengths, recent efforts (Zhou et al. 2024; Huang et al.
2024a; Wu et al. 2024b; Huang et al. 2024b) have applied Problem Analysis
these models to IAA, adapting them for aesthetic evaluation The text generation operates through autoregressive token
tasks. However, as highlighted in the Introduction section, prediction. Specifically, at each step, the model computes
MLLMs face difficulty in accurately predicting scores while the probability distribution p based on input I (which typi-
simultaneously generating text. Most MLLMs treat scores as cally includes an image and a prompt) and preceding tokens
text and tokenize a complete score into multiple individual 90, - - - Yt—1. The token with the highest probability in the
tokens (Fig. 2(a)), which makes them insensitive to scores MLLMSs’ vocabulary V is selected as the next token ¢;:

and introduces score quantization errors. A . .

Despite a few 7B-scale models achieving over 50% accu- Y= ar%g/ax PIL o, Gi-1)- M
racy on MATH (Hendrycks et al. 2021), these models ben-
efit from extensive supervised fine-tuning with large math-
ematical datasets, such as Qwen2.5-Math with over 1 tril-

However, applying this process directly to aesthetic scoring
exposes three problems.

lion tokens. However, limited high-quality data for IAA Problem I: Tokenization-Induced Score Sensitivity. To-
hinders data-driven approaches, and our method improves kenization strategies break scores into multiple discrete to-
MLLM scoring in IAA without extra data. Besides, strong kens. For example, “7.25” becomes [*77, 7, “27, “57],
mathematical performance does not ensure success in scor- forming a subsequence S, = [Jk, - - -, Uk+;]. Unlike free-
ing tasks; for example, Qwen2 significantly outperforms form text, where semantic consistency allows error correc-
LLaMA?2 on MATH, yet in experiments, we found Qwen2- tion through later tokens, numerical scores in IAA tasks
VL underperforms mPLUG-OwI?2 in aesthetic scoring. require absolute precision. Even a slight error in one to-
To enhance the accuracy of MLLMs in aesthetic scoring, ken can disrupt all following predictions, which causes
Q-Align (Wu et al. 2024c) converts aesthetic scores into lev- MLLMs to struggle with score sensitivity, making direct
els during training and maps these levels back to scores dur- scoring difficult.
ing inference, which has been adopted by subsequent meth- To overcome the aforementioned problem, level-based
ods (Zhou et al. 2024; You et al. 2025). However, as shown scoring methods simplify aesthetic score prediction. They
in Fig. 2(b), level-based methods require MLLM s to classify classify images into predefined text rating levels, bypass-
the aesthetics of an image without directly utilizing ground ing the need to split scores into tokens. However, these ap-
truth scores during training, which leads to precision loss. proaches encounter three challenges: 1) they do not directly
Furthermore, they do not account for the generation of sub- use the ground truth scores, resulting in a loss of fine-grained
sequent text and the interference between scores and text. information; 2) the reliance on common rating levels may
To overcome these limitations in applying MLLMs to lead to semantic ambiguity with existing words; 3) varying
IAA, our proposed ROC4MLLM decouples scores from text tokenization methods among different MLLMs can cause
and then regresses the score, alongside regular text genera- a single level to be split into a different number of tokens,
tion, as illustrated in Fig. 2(c). This method enhances the ro- thereby impeding their application to other MLLMs.

bustness and precision of MLLMs in both quantitative and
qualitative tasks, enabling them to generate continuous text
while accurately predicting scores.

Problem II: Inadequacy of Classification Loss for Con-
tinuous Scores. The model treats token generation as a
classification task, with the loss (simplified) computed as

cross-entropy over the target sequence yo, . . ., Yn:
Method L&
We start by analyzing existing approaches, identifying two Liext = o Z log(P(y = yill,y0,---,%i-1))-  (2)
key issues: tokenization-induced score sensitivity (Problem i=0

7829



However, this classification-based loss fails to measure
differences between continuous numerical values. For in-
stance, predicting “0” or “6” for a ground truth score of
“7” may yield the same loss, despite their different mag-
nitudes. Similarly, predictions of “6.25” and “7.24” for a
ground truth score of “7.25” may incur equal penalties. The
loss focuses only on token accuracy, ignoring the numerical
relationships between predicted and target values.

Level-based scoring methods retain the original model ar-
chitecture, which means the training still relies on the loss
function in Eq. 2. Consequently, both direct and level-based
scoring in MLLMs lead to score quantization errors.

Problem III: Interference between Score and Text Loss.
In level-based scoring methods, a single word represents the
score. This seems like a simple way to shift from score clas-
sification to regression, avoiding issues with classification-
based decoding in MLLMSs. But is this really the case?
In practice, this approach introduces interference between
score and text loss. The loss function is expressed as:

L :Ltext + Lscm“e
1 n
=-= > log(P(y = will,yo, ..., yi-1))
i=0,i7t 3
1
— E . log(P(y = Tlevel”a Yo, - - - 7yt—1))
+ Lscore(Spra Sgt)a

where Lgcorc 1s a regression loss to predict scores, and Tj¢y.;
is one of the rating levels V', selected from the MLLMs’
vocabulary V. The predicted score Sy, is computed based
on predefined weight w; using following formula:

exp(P(y'|1,y0, ..., Yi—-1))

S r = w; - .
’ y/GZV’ Zer’ eXp(P(y|Iv Yo, - - - 7yt—1))

“

This approach, however, leads to interference between
the text and score losses. The score 10ss L. depends
on Sy, which is computed from the probabilities of to-
kens in V'. Since Tjeye; is an element of V', the compu-
tation of S, is directly influenced by the predicted proba-
bility P(y = Tiever|L, Yo, - - -, yt—1). However, the text loss
seeks to maximize the probability of Tj¢,.;, while the score
loss adjusts the weighted sum of probabilities across all to-
kens in V' to match .S,,.. These inconsistent goals can cause
issues during optimization, the text loss gradient increases
P(y = Tievet|I, Yo, - - -, Yt—1), while the score loss gradient
may tweak it to optimize Sp,. This interference can nega-
tively impact model convergence and performance.

Our Proposed ROC4MLLM

Decoupling Score Representation from Text Representa-
tion. We introduce a score space within the word space of
MLLMs, consisting of a score position token and a set of
score representation tokens. This setup allows for the inde-
pendent representation of scores. Specifically, we propose a
position token, T}, = {[pos]}, to indicate whether the current
output is a score, We also add a set of representation tokens,
Ts = {[S1],[S2],---,[Sn]} to the MLLMs’ vocabulary V,

Classification i1 Regression
The |score is | T, I gReplace 8.2
Pttt t 5
Argmax(P) # T, Argmax(P) =T, -+ ight
t t t t ;
S . —
I Word Token
[ MLLM 3 ] lil.ms Distributions
? . Score Token
ﬂ Please rate the aesthetics. Distributions

Figure 4: Architecture of ROCAMLLM: We decouple score
representation from text by introducing score representation
tokens T and a score position token T}, in the MLLMs’
word space. A classification loss constrains text generation
and score position prediction, while a regression loss con-
strains score prediction. T}, prevents interference between
score and text losses, and during inference, the predicted
score is placed at the T}, position.

expanding the vocabulary to V, = [V T, T]. Here, N
denotes the number of new tokens.

When the probability distribution p predicted by the
MLLMs shows T}, with the highest probability, it indicates
that the current output is a score. At this point, MLLMs gen-
erate T;, and extract the probability of each token in T,
from p for the subsequent score computation. To predict
scores independently, we map the score tokens to the final
score Sp, using this formula:

exp(P(Y' |1, yo, - - -, 1—1))
S r = S; .
? Z ZyETS eXp(P(y‘IHyOa"wyt—l))

y' €T

&)

Here, s; represents the score corresponding to each token
in Ts. Next, we replace T}, in the generated text with Sp,.
This approach offers three main advantages. First, it al-
lows a score to be represented as a single token with arbitrary
precision, separating score prediction from textual content.
Second, incorporating custom tokens avoids semantic ambi-
guity with existing word tokens. Third, representing a score
with a single custom token, unlike level-based methods, pre-
vents a word from being split into multiple tokens.
Decoupling Score Loss From Text Loss. We introduce a
score-specific loss function, Lgc.ore, Which shifts score pre-
diction from classification to regression. By incorporating
T, we update the loss function from Eq. 3 to:

L= : Z log(P(y:yilIanayOM"ayifl))

i=0,i#t

1
n
1 (6)
o log(P(y = Ty|1, Ty, yo, - - -
+ Lscore(sprasgt)~

aytfl))

Unlike the loss function in Problem III, we do not use 7T,
to represent the score position in the text as 7jcq; does. In-



Metric CNN-based Transformer—based Mamba-based
(AVA) NIMA BIAA HGCN TANet MUSIQ Max Vit EAT AesMamba
(TIP2018) (TCYB 2020) (CVPR2021) (IJCAI2022) |(ICCV 2021) (ECCV 2022) (ACMMM 2023)|(ACMMM 2024)
ST \ 0.612 0.651 0.665 0.758 0.726 0.708 0.759 \ 0.751
Pt \ 0.636 0.668 0.687 0.765 0.738 0.745 0.770 ‘ 0.760
M \ 0.454 0.473 0.460 0.414 0.438 0.416 0.372 \ -
Metric MLLM-based '
(AVA) LLaVA 1.5  Q-Instruct AesExpert ~ mPLUG-OwI2 Qw;nZ-VL Q-Align CALM ‘ ROC4MLLM
(CVPR 2024) (CVPR 2024) (ACMMM 2024) (CVPR 2024) (arXiv 2024) (ICML 2024) (AAAI 2025) (Ours)
ST \ 0.781 0.782 0.784 0.788 0.778 0.822 0.815 \ 0.833
P \ 0.777 0.778 0.779 0.786 0.780 0.817 0.829 \ 0.832
M| \ 0.371 0.369 0.369 0.361 0.429 0.934 - ‘ 0.319
Table 1: Comparison of 16 methods on the AVA dataset, with the bold numbers indicating the best results.
TAD66K ICAA17K PARA AADB
Method ‘ St Pt | St Pt Method St Ptr| ST Pt
NIMA (TIP 2018) \ 0.390 0.405 \ 0.809 0.815 NIMA (TIP 2018) \ 0.877 0.862 \ 0.700 0.711
BIAA (TCYB 2020) \ 0.417 0.431 \ 0.820 0.829 BIAA (TCYB 2020) \ 0.858 0.886 \ 0.710 0.733
MUSIQ (ICCV 2021) \ 0.489 0.517 \ 0.835 0.841 MUSIQ (ICCV 2021) \ 0.899 0.918 \ 0.751 0.761
HGCN (CVPR 2021) ‘ 0.486 0.493 ‘ 0.826 0.831 HGCN (CVPR 2021) ‘ 0.865 0.881 ‘ 0.716 0.734
TANet (IJCAI 2022) \ 0.513 0.531 \ 0.829 0.836 TANet (IJCAI 2022) \ 0.887 0.899 \ 0.749 0.742
Max Vit (ECCV 2022) \ 0.484 0.513 \ 0.855 0.874 MaxVit (ECCV 2022) \ 0.902 0.936 \ 0.742 0.748
EAT (ACMMM 2023) \ 0.517 0.546 \ - - EAT (ACMMM 2023) \ 0.909 0.940 \ 0.759 0.767
ICAA (ICCV 2023) \ - - \ 0.873 0.890 AesMamba (ACMMM 2024) \ 0.902 0.936 \ 0.768 0.774
AesMamba (ACMMM 2024) ‘ 0.475 0.503 ‘ - - QAligns (ICML 2024) ‘ 0.923 0.940 ‘ 0.762 0.770
QAligns ICML 2024) ‘ 0.506 0.536 ‘ 0.761 0.781 ROC4MLLM (Ours) ‘ 0.934 0.956 ‘ 0.783 0.789
ROC4MLLM (Ours) \ 0.518 0.550\ 0.894 0.903

Table 2: Comparison on TAD66K and ICAA17K.

stead, we replace T’s with T}, within the text to eliminate in-
terference between score and text loss. With this adjustment,
the computation of S}, excludes tokens associated with the
text loss. As a result, the text and score losses function inde-
pendently, each affecting only its gradient.

In the prediction process, ROC4AMLLM generates tokens
sequentially until it predicts T},. At that point, it extracts the
probabilities of each token in 7 from p. By applying Eq. 5,
the model computes the score and inserts it into the correct
position. Then, it resumes normal token prediction.

Experiments
Experimental Settings

We employ three popular evaluation metrics to assess the
models’ aesthetic scoring capabilities: Spearman’s rank cor-
relation coefficient (SRCC, S), Pearson’s linear correlation
coefficient (PLCC, P), and mean absolute error (MAE, M).
To maintain consistency, we normalize the predicted results
to match the value range of each IAA dataset. We applied
ROC4MLLM to several popular MLLMs and full fine-tuned
them for IAA tasks. Among them, we found that our method
performs best with mPLUG-OwI2 (Ye et al. 2024). There-
fore, we fine-tuned the model using pre-trained weights from
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Table 3: The holistic results on AADB and PARA.

mPLUG-OwI2, with a batch size of 16 across all datasets
and a fixed learning rate of 2e — 5. For the scoring loss
function, we adopted the smooth L1 loss across all datasets.
When training on the AVA dataset, we additionally included
cross-entropy loss (cf. Appendix for details). To align with
the score distribution range provided by the AVA dataset, we
initialized the token number N to 10 in all experiments. The
impact of IV is discussed in the Appendix.

Datasets

We selected three representative IAA datasets to evaluate the
aesthetic scoring capabilities of our method. These datasets
include the well-known and general AVA dataset (Mur-
ray, Marchesotti, and Perronnin 2012), the theme-oriented
TADG66K dataset (He et al. 2022), and the color-oriented
ICAA17K dataset (He et al. 2023a). We also validated
our model’s multi-task learning capability using two multi-
attribute datasets: AADB and PARA. To verify our model’s
ability to predict both text and scores, we tested it on the
AVA-Captions dataset (Ghosal, Rana, and Smolic 2019).
We adhered to the official data splits for AVA and AVA-
Captions. We selected one comment per image. Our evalu-
ation was conducted on the official AVA-Captions and AVA
test set. More dataset details are provided in Appendix.



Attributes in AADB Attributes in PARA
Method Color . Motion Vivid | Compos .
Harmony DoF  Light Blur RoT Color _ition Color DoF Light
Kong et al. P 0.48 046 042 0.10 0.21 0.64 0.66 0.69 0.69 0.68
(ECCV 2016) ST 0.47 048 044 0.10 0.23  0.65 0.67 0.67 071 0.69
Malu et al. P 0.50 047 048 0.12 0.21 0.62 0.77 0.77 082 0.78
(arXiv 2017) ST 0.48 0.50 048 0.14 022 0.64 0.77 0.80 0.80 0.80
MPaga Pt 0.48 0.50 0.36 0.16 0.17  0.64 0.65 0.67 071 0.72
(ACMMM 2018) ST 0.48 0.50 040 0.13 0.18  0.68 0.67 0.66 0.67 0.72
NIMA Pt 0.48 0.55 0.39 0.12 0.14  0.62 0.72 076 074 0.77
(TIP 2018) ST 0.46 029 0.35 0.12 0.12  0.60 0.74 075 074 0.74
MUSIQ P71 0.43 027 0.32 0.03 0.06  0.61 0.77 0.77 079 0.76
(ICCV 2021) ST 0.44 0.22  0.33 0.04 0.07 0.60 0.76 0.78 0.80 0.77
TANet Z0 0.47 048 048 0.17 0.18  0.68 0.74 0.79 077 0.76
(IICAI 2022) ST 0.48 048 048 0.14 0.22  0.63 0.74 0.77 0.78 0.76
MAINet P 0.51 0.64 048 0.19 0.25 0.67 0.83 0.84 086 0.85
(ACMMM 2024) S 1 0.50 0.65 0.51 0.20 0.23  0.70 0.78 0.81 0.82  0.81
Q-Align P 0.55 0.75 054 0.10 0.27  0.73 0.91 0.91 091 091
(ICML 2024) ST 0.55 0.53 0.1 0.10 0.27 0.73 0.89 090 0.89 0.89
ROC4MLLM P71 0.57 0.77  0.64 0.31 031 0.74 0.93 093 093 093
(Ours) ST 0.57 0.61 0.57 0.22 031 0.75 0.90 091 090 0.90
Table 4: The multi-attribute performance comparison on the AADB and PARA datasets.
Benchmark Models and -4.2% in the MAE. Notably, it outperforms methods re-

We compare our ROC4AMLLM with nine prevailing non-
MLLM-based IAA models (Talebi and Milanfar 2018; Zhu
et al. 2020; Ke et al. 2021; She et al. 2021; He et al. 2022;
Tu et al. 2022; He et al. 2023b,a; Gao et al. 2024) on holistic
TAA datasets, as well as with seven prevailing non-MLLM-
based IAA models (Kong et al. 2016; Malu, Bapi, and In-
durkhya 2017; Sheng et al. 2018; Talebi and Milanfar 2018;
Ke et al. 2021; He et al. 2022; Xie et al. 2024) on multi-
attribute IAA datasets. On the AVA dataset, we also compare
our method with five popular MLLMSs (Liu et al. 2024a; Wu
et al. 2024b; Huang et al. 2024a; Ye et al. 2024; Wang et al.
2024). Furthermore, we select an MLLM-based method, Q-
Align (Wu et al. 2024c), which represents a SOTA approach
for image quality assessment (IQA) and visual question an-
swering (VQA) tasks. To ensure consistency, we retrained
Q-Align using the official code across all datasets. We also
examine CALM (Liu et al. 2024c¢), another MLLM-based
method for IAA tasks. For the aesthetic comments datasets,
we select three popular MLLMs (Liu et al. 2024a; Wang
et al. 2024; Ye et al. 2024) as baseline models.

Performance Comparison

Holistic IAA Tasks. Tab. 1 presents performance com-
parisons with prevailing methods on the AVA dataset. Qur
method achieves the best performance across all metrics.
Compared with the general MLLMs (not specifically de-
signed for aesthetic scoring), our ROC4AMLLM achieves the
best performance in terms of the SRCC, PLCC and MAE,
and it surpasses the previous best results of its MLLM-based
counterparts by +4.5% in the SRCC, +4.6% in the PLCC
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quiring additional low-level visual training data, such as Q-
instruct, or aesthetic-related information, like AesExpert.
By contrast, our method does not rely on additional
information, showing that ROC4MLLM effectively boosts
the accuracy of aesthetic scoring predictions in MLLMs.
Despite Q-Align performs well in terms of SRCC and
PLCC, its predictions exhibit a higher MAE. In contrast,
ROC4MLLM achieves the best results in MAE as well. As
shown in Tab. 2, our model also outperforms others on the
TAD66K and ICAA17K datasets. Notably, ROC4MLLM
outperforms Q-Align by 13.3% in SRCC and 12.2% in
PLCC on ICAA17K.
Multi-attribute IAA Tasks. As shown in Tab. 3 and Tab. 4,
ROC4MLLM achieves superior performance across all met-
rics on the AADB and PARA datasets. Notably, the com-
pared methods typically train on one labeled attribute to pre-
dict its score and then retrain on another attribute, thus re-
quiring multiple steps of training. In contrast, our method
introduces a novel score position token T},, which allows it
to locate the position of multiple scores within the text. This
allows our model to predict scores for multiple attributes
in a single sentence, removing the need for separate train-
ing for each attribute. After training, our model can predict
scores for all attributes simultaneously, offering an elegant
solution to the multi-attribute IAA tasks.
Aesthetic Commenting Tasks. Optimizing the performance
of MLLMs on aesthetic commenting tasks requires careful
attention to how text generation interacts with score predic-
tion. We conducted experiments that incorporate aesthetic
comments into the score prediction process, using the AVA-
Captions dataset. We employed two metrics: Consensus-



Score Prediction Comments Generation

Task Method St Pt M CIDErt  SPICE 1
| mPLUG-OwI2 | 0.761 0.762 0379 | - -
Score Prediction | Q-Align | 0.821 0.815 0938 | - -
| MPLUG-OwI2 + ROC4MLLM | 0.831 0.830 0322 | - -
o | mPLUG-Owl2 | 0758 (-03%)  0.758 (-0.4%)  0.382(+0.3%) | 0.082 0.067
CSCOTC Pfedgﬂon & Q-Align | 0.819(-02%) 0818 (+0.3%) 0.895(-43%) | 0.069 0.061
omments LENCAUON | -y pf UG-OwI2 + ROCAMLLM | 0.835 (+0.4%)  0.834 (+0.4%)  0.317 (-0.5%) | 0.085 0.066
S ot | LLaVA 1.5 | 0.775 0.773 0372 | - -
core Prediction 1y | 5VA 1.5+ ROCAMLLM | 0.793 0.794 0354 | - -
Score Prediction & | LLaVA 1.5 | 0767 (-0.8%)  0.767 (-0.6%) 0.377 (+0.5%) | 0.077 0.066
Comments Generation | LLaVA 1.5+ ROCAMLLM | 0.794 (+0.1%)  0.795 (+0.1%)  0.353(-0.1%) | 0.078 0.064
S ot | Qwen2-VL | 0.784 0.785 0405 | - -
core Prediction 1 oyen2 VL + ROCAMLLM | 0.831 0.829 0327 | - -
Score Prediction & | Qwen2-VL | 0.780 (-04%)  0.781(-0.4%) 0.415(+1.0%) | 0.089 0.069
Comments Generation | Qwen2-VL + ROCAMLLM | 0.831 (+0.0%) 0.830 (+0.1%)  0.325(-0.2%) | 0.090 0.068

Table 5: Results of representative MLLMs for predicting scores alone and for simultaneously predicting scores and generating
text. Most methods, except ours, show reduced score prediction performance due to interference between scores and text.

AVA ICAA17K
Method ‘ St Pt ‘ St Pt
Baseline \ 0.788 0.786 \ 0.688 0.707

Regression w/o Loss Decoupling‘ 0.825 0.824 ‘ 0.873 0.880
Regression w/ Loss Decoupling | 0.833 0.832| 0.894 0.903

Table 6: Ablation studies on AVA and ICAA17K.

based Image Description Evaluation (CIDEr) (Vedantam,
Lawrence Zitnick, and Parikh 2015) and Semantic Propo-
sitional Image Caption Evaluation (SPICE) (Anderson et al.
2016; Chang, Lu, and Chen 2017). Detailed experimental
settings are provided in Appendix.

As shown in Tab. 5, incorporating comment data degrades
the scoring performance of all baseline models. Even Q-
Align shows decreased SRCC. This result highlights that
existing classification-based (direct scoring or level-based
scoring) MLLMs are unable to prevent interference be-
tween scores and text. In contrast, our method remains stable
and achieves marginal improvements by effectively leverag-
ing additional textual information. For comment generation,
Q-Align’s use of rating levels for aesthetic classification
may impair the generation of aesthetically relevant words
in subsequent comments, ultimately leading to reductions in
CIDEr and SPICE scores. However, integrating our method
into these baseline models maintains the quality of comment
generation. Fig. 3 provides examples of ROC4MLLM’s out-
put on the datasets corresponding to these tasks.

Ablation Study. Tab. 6 presents the results of ablation ex-
periments on AVA and ICAA17K. We first separated score
representation from text representation and switched from
classification to regression for score prediction. This change
boosted the baseline model’s performance by 3.7% in SRCC
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and 3.8% in PLCC on the AVA dataset, and by 18.5%
in SRCC and 17.3% in PLCC on the ICAA17K dataset.
Then, we decoupled the loss computation for score and text,
eliminating interference between them. This step further in-
creased performance by 0.8% in SRCC and PLCC on the
AVA dataset, and by 2.1% in SRCC and 2.3% in PLCC on
the ICAA 17K dataset. These step-by-step decoupling efforts
lead to consistent performance gains, confirming the value
of decoupling both representation and loss computation.

Enhancement for other MLLMs

ROC4MLLM provides complementary solutions that can be
seamlessly integrated into existing MLLMSs. Specifically, as
described in the Method section, we add score representa-
tion and position tokens to the MLLMs’ vocabulary and re-
place the original loss function with Eq. 6. We regress the
scores based on the predicted probability distribution of the
position token’s location, as described in Eq. 5.

We apply ROCAMLLM to three MLLMs: LLaVA 1.5,
Qwen2-VL, and mPLUG-OwI2. As shown in Tab. 5,
ROC4MLLM consistently enhances the SRCC, PLCC, and
MAE metrics. This demonstrates that our method alleviates
the issues of insensitivity to scores and score quantization
errors that are commonly observed in existing MLLMs.

Conclusions

This paper examines the limitations of current MLLM-based
methods in IAA. We reveal that classification-based decod-
ing mechanisms in MLLMs limit their effectiveness in aes-
thetic score prediction tasks. To overcome these challenges,
we propose ROC4MLLM, which achieves SOTA perfor-
mance on five IAA datasets, enabling accurate score predic-
tion without interference between scores and text.
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