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Appendix A Derivation of the Conditional
Gaussian Preference Model
A.1 Conditional Distribution of Overall Scores
Given Attribute Scores
Recall that we model the joint distribution of attribute
scores and overall aesthetic scores as a multivariate Gaus-
sian: [

A
S

]
∼ N

([
µA

µS

]
,

[
ΣAA ΣAS

ΣSA σSS

])
(1)

where A denotes the random vector of attribute scores, S
is the random variable of the overall score, µA and µS are
their means, and the covariance matrix is partitioned into
the attribute covariance ΣAA, cross-covariances ΣAS ,ΣSA

and overall-score variance σSS .
Our goal is to derive the conditional distribution of S

given an observed attribute vector a, i.e., p(S | A = a).

Step 1: Define a decorrelated residual of S. We con-
struct the following linear transformation:

S′ = S − ΣSAΣ
−1
AA(A− µA) (2)

Because (A, S) is jointly Gaussian, any affine transforma-
tion of (A, S) is also jointly Gaussian. In particular, (A, S′)
is jointly Gaussian.

Step 2: Show that S′ is uncorrelated with A. First,
compute the mean of S′:

E[S′] = E
[
S − ΣSAΣ

−1
AA(A− µA)

]
= E[S]− ΣSAΣ

−1
AA

(
E[A]− µA

)
= µS

(3)

Then compute the covariance between A and S′:

Cov(A, S′) = Cov
(
A, S − ΣSAΣ

−1
AA(A− µA)

)
= Cov(A, S)− ΣSAΣ

−1
AACov(A,A)

= ΣAS − ΣSAΣ
−1
AAΣAA

= ΣAS − ΣAS

= 0

(4)

Thus, A and S′ are uncorrelated. Because (A, S′) is jointly
Gaussian, uncorrelatedness implies independence, i.e., S′ is
independent of A.

Step 3: Compute the variance of S′. Using the defini-
tion in (2), we have

Var(S′) = Var
(
S − ΣSAΣ

−1
AA(A− µA)

)
= Var(S) + ΣSAΣ

−1
AAVar(A)Σ−1

AAΣAS

− 2Cov
(
S,ΣSAΣ

−1
AA(A− µA)

)
= σSS +ΣSAΣ

−1
AAΣAAΣ

−1
AAΣAS

− 2ΣSAΣ
−1
AAΣAS

= σSS − ΣSAΣ
−1
AAΣAS

(5)

Therefore,

S′ ∼ N
(
µS , σSS − ΣSAΣ

−1
AAΣAS

)
(6)

Step 4: Obtain the conditional mean and variance.
Since S′ is independent of A, its distribution does not
change when conditioning on A = a. From (2) we can
write

S = S′ +ΣSAΣ
−1
AA(A− µA) (7)

Conditioning on A = a yields

S | A = a = S′ +ΣSAΣ
−1
AA(a− µA) (8)

Taking expectation and variance on both sides, and us-
ing (6), we obtain

µS|a = E[S | A = a] = µS +ΣSAΣ
−1
AA(a− µA) (9)

σ2
S|a = Var(S | A = a) = σSS − ΣSAΣ

−1
AAΣAS (10)

Equations (9) and (10) are exactly the conditional mean and
variance used in the main paper.

A.2 Conditional Preference Probability Between
Two Candidates

Consider two candidate items (a(m)
i , s

(m)
i ) and (a

(n)
j , s

(n)
j )

drawn from candidate groups Ki and Kj , respectively. Us-
ing (9)–(10), we have the conditional distributions

s
(m)
i | a(m)

i ∼ N
(
µ
s
(m)
i |a(m)

i
, σ2

s
(m)
i |a(m)

i

)
(11)

s
(n)
j | a(n)j ∼ N

(
µ
s
(n)
j |a(n)

j
, σ2

s
(n)
j |a(n)

j

)
(12)



where

µ
s
(m)
i |a(m)

i
= µS +ΣSAΣ

−1
AA

(
a
(m)
i − µA

)
(13)

µ
s
(n)
j |a(n)

j
= µS +ΣSAΣ

−1
AA

(
a
(n)
j − µA

)
(14)

σ2

s
(m)
i |a(m)

i

= σSS − ΣSAΣ
−1
AAΣAS (15)

σ2

s
(n)
j |a(n)

j

= σSS − ΣSAΣ
−1
AAΣAS (16)

Conditioned on the attribute vectors a
(m)
i and a

(n)
j , we

assume the overall scores s
(m)
i and s

(n)
j are independent.

Define the difference

D
(m,n)
i,j = s

(m)
i − s

(n)
j (17)

Then, given (a
(m)
i ,a

(n)
j ), D(m,n)

i,j is also Gaussian with

E
[
D

(m,n)
i,j | a(m)

i ,a
(n)
j

]
= µ

s
(m)
i |a(m)

i
− µ

s
(n)
j |a(n)

j

(18)

Var
(
D

(m,n)
i,j | a(m)

i ,a
(n)
j

)
= σ2

s
(m)
i |a(m)

i

+ σ2

s
(n)
j |a(n)

j

(19)

The conditional probability that candidate (i,m) is pre-
ferred over (j, n) is

pθ
(
s
(m)
i > s

(n)
j | a(m)

i ,a
(n)
j

)
= p

(
D

(m,n)
i,j > 0 | a(m)

i ,a
(n)
j

)
= Φ

 µ
s
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i
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s
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j√
σ2

s
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s
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j

 (20)

where Φ(·) is the CDF of the standard normal distribution.
In practice, we add a small constant γ inside the square root
for numerical stability, which yields the conditional prefer-
ence probability used in the main paper:

pθ
(
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)
(21)
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 (22)

Equations (9), (10), and (21) thus provide a complete
derivation of the conditional mean, conditional variance,
and conditional preference probability under the joint Gaus-
sian assumption.

Appendix B Attribute-Overall Correlation
Analysis
To further validate the structural reliability of our model’s
attribute scores, we conduct an experiment on the out-of-
distribution dataset PARA to measure the correlation be-
tween attribute-level scores and overall scores. Specifi-
cally, we perform ridge regression from the five attribute

scores to the overall score and compute standard regression
metrics including Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), Coefficient of Determination (R2),
and Cross-Validated R2 (CV R2).

We evaluate this on four sources of score data: (1)
Human-preference scores (manual annotation of the test
set), (2) Our model’s predictions, (3) Q-Insight predictions,
(4) Artimuse predictions.

Table 1. Ridge regression metrics between predicted attribute
scores and overall scores on the PARA test set, the best result are
highlighted in bold.

Model MSE↓ RMSE↓ R²↑ CV R²↑

Q-Insight 0.102 0.319 0.432 0.515

Artimuse 0.135 0.367 0.572 0.537

Human-preference 0.009 0.096 0.965 0.966

Ours 0.083 0.288 0.713 0.684

As shown in Fig. 1 and Tab. 1, our model achieves
a significantly stronger attribute-to-overall alignment than
the baselines, as indicated by a higher R2 score and lower
error. Compared to Q-Insight and Artimuse, our model’s
attribute scores exhibit better linear predictability of overall
aesthetics, confirming that our model successfully captures
human-consistent aesthetic reasoning.

Moreover, the regression performance of our model ap-
proaches that of the human scores, demonstrating that our
attribute outputs are not only interpretable but also seman-
tically aligned with the human aesthetic judgment process.

Appendix C Further Analysis

C.1 Case Study on Composition Classification

To demonstrate our model’s ability on performing inter-
pretable composition classification, we showcase six exam-
ples from the PICD dataset in Fig. 2, where the model is
asked to identify the underlying composition type and pro-
vide a textual explanation for its decision.

The selected examples cover a variety of common com-
positional patterns. In each case, the model accurately clas-
sifies the image and offers a reasoning statement that re-
flects an understanding of spatial structure and visual bal-
ance. Most notably, in the final example, an image depict-
ing a casual gathering without any intentional layout—the
model correctly classifies it as “No composition.” Its expla-
nation highlights the lack of perspective, symmetry, or rule-
of-thirds usage, demonstrating that the model is not over-
confident and can recognize unstructured scenes. This re-
inforces the model’s robustness and compositional discern-
ment even when no explicit rule is present.



Figure 1. Visualization of ridge regression fit between attribute scores and overall scores.

C.2 Case Study on Aesthetic Assessment
To further demonstrate the effectiveness of our model in in-
terpretable aesthetic assessment, we present a set of exam-
ples chosen on PARA in Fig. 3, covering different quality
images. This selection allows us to examine whether the
model can consistently align with human judgments across
the quality spectrum. In all three cases, the model generates
detailed, multi-attribute reasoning followed by correspond-
ing sub-scores and an overall prediction.

Our model demonstrates strong alignment with human
ratings on high aesthetic quality images. For the low aes-
thetic quality image, our model clearly articulates its cri-
tique—highlighting the lack of compositional intent, depth
layering, and dynamic elements. The predicted scores
across all dimensions are significantly lower than in other
cases, and the final overall rating (2.0 vs. GT 2.24) again
aligns closely with human perception.

These examples collectively demonstrate that our model
not only provides semantically grounded explanations, but
also exhibits high score alignment with human annotations
at both attribute and overall levels. Moreover, the relative
differences in predictions across cases show the model’s
capacity to reason comparatively, assigning lower scores

when images lack structure or appeal, and rewarding well-
composed scenes with appropriately higher ratings. This
confirms the model’s robustness in aesthetic ranking, com-
positional analysis, and preference alignment across diverse
visual contexts.

Besides, we also demonstrate a failure case in Fig. 4. In
this case, although the attribute and overall scores predicted
by the model are close to the ground truth, the textual rea-
soning reveals notable inaccuracies. Specifically, when the
input image is blurry or lacks a clearly defined subject, the
model struggles to accurately recognize the image content,
leading to incorrect reasoning regarding elements such as
lighting or semantic content. While our framework ensures
structural consistency between attribute scores and overall
assessment, this case highlights that its performance can
degrade when the base model’s perception capabilities are
compromised by poor image quality.



Figure 2. Some cases on our model’s composition classification.



Figure 3. Some cases on our model’s aesthetic assessment.



Figure 4. A bad case on our model’s aesthetic assessment.


