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Abstract

Evaluating concept customization is challenging, as it re-
quires a comprehensive assessment of fidelity to generative
prompts and concept images. Moreover, evaluating mul-
tiple concepts is considerably more difficult than evaluat-
ing a single concept, as it demands detailed assessment
not only for each individual concept but also for the in-
teractions among concepts. While humans can intuitively
assess generated images, existing metrics often provide ei-
ther overly narrow or overly generalized evaluations, re-
sulting in misalignment with human preference. To address
this, we propose Decomposed GPT Score (D-GPTScore),
a novel human-aligned evaluation method that decom-
poses evaluation criteria into finer aspects and incorpo-
rates aspect-wise assessments using Multimodal Large Lan-
guage Model (MLLM). Additionally, we release Human
Preference-Aligned Concept Customization Benchmark
(CC-AlignBench), a benchmark dataset containing both
single- and multi-concept tasks, enabling stage-wise eval-
uation across a wide difficulty range—from individual ac-
tions to multi-person interactions. Our method significantly
outperforms existing approaches on this benchmark, ex-
hibiting higher correlation with human preferences. This
work establishes a new standard for evaluating concept
customization and highlights key challenges for future re-
search. The benchmark and associated materials are avail-
able at https://github.com/Reinalshikawa/D-GPTScore

1. Introduction

When evaluating Al-generated images from user-provided
text prompts, what criteria do you employ to determine
whether the generated images are of high quality? You may
implicitly consider diverse evaluation aspects such as over-
all realism and fidelity to the text prompt. Although humans
can intuitively and comprehensively evaluate generated im-
ages based on these implicit aspects, automatic methods
that achieve comprehensive evaluation aligned with human
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Figure 1. D-GPTScore evaluates images generated by concept
customization through a two-step process: aspect-wise evalua-
tion followed by aggregation. This approach achieves signifi-
cantly higher correlation with human preference scores than ex-
isting methods, establishing a more reliable and human-aligned
metric.

preferences remain underexplored in the research commu-
nity.

In recent years, the rise of diffusion models [12, 28,
30, 35] has led to numerous text-to-image generation meth-
ods. Building upon these approaches, concept customiza-
tion [31, 37, 46] aims to extend pretrained diffusion models
to support single or multiple personalized concepts using
only a few reference images per concept, combined with
user-provided text prompts that condition the concepts (e.g.,
A* is standing, where A* denotes the concept).

To advance controllable image generation—hereafter re-
ferred to as concept customization—rigorous evaluation of
generated images is essential to appropriately guide re-
search progress. However, due to several critical issues
in existing evaluation metrics and datasets, standardized
benchmarks for the concept customization task remain un-
derdeveloped.
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Figure 2. The pipeline of D-GPTScore. This metric comprises two phases: (1) Aspect-wise evaluation with MLLM, and (2) Aggregation

of aspect-wise scores.

First, existing evaluation metrics are not aligned with
human preferences. Humans can comprehensively con-
sider various evaluation criteria and implicitly weigh im-
portant aspects to form an overall judgment of generated
image quality. In contrast, existing evaluation metrics for
concept customization [6, 11, 26] either assess only partial
aspects or provide overly abstracted evaluations of gener-
ated images, resulting in low correlation with human pref-
erence scores (see Section 5.2 for experimental results).

Second, current benchmarks [18] only partially evalu-
ate concept customization models, and the evaluation set-
tings are limited to relatively simple cases. Most studies
employ text-to-image benchmarks [1, 7, 13, 32] for con-
cept customization tasks; however, these datasets contain
incomplete inputs and evaluate only partial aspects of the
task. Although CustomConcept101 [18] is a widely used
and comprehensive benchmark, the target concepts and text
prompts are relatively simple for customization models. For
example, the target concepts predominantly consist of ob-
jects that do not interact with scenes or other concepts; the
reference images are close-up shots of the concepts; and the
text prompts for concepts describe non-interactive scenarios
(e.g., A" is walking).

In this paper, we propose CC-AlignBench, which in-
cludes a human-aligned evaluation metric and a comprehen-
sive evaluation dataset for the concept customization task.
Inspired by LLM-as-a-Judge [47], we leverage the capabili-
ties of state-of-the-art MLLMs, particularly GPT-40 [24], to
develop a human-aligned evaluation metric. These MLLMs
demonstrate excellent multi-modal language understanding
by processing combined text and visual inputs, enabling
tasks such as image captioning and visual question answer-
ing. This multi-modal understanding makes them well-
suited for evaluating concept customization, which requires
consideration of both text prompts and reference images.

However, if GPT-4o directly assesses the entire gener-

ated image at once, it may only provide a coarse overall
score. To address this, we propose to decompose the eval-
uation criteria into multiple predefined aspects and evaluate
each aspect individually, thereby preventing the omission of
detailed factors and ensuring better alignment with human
preferences. The individual aspect scores are then aggre-
gated to produce the final evaluation metric.

Furthermore, we construct a dataset consisting of pairs of
text prompts and reference images, focusing specifically on
humans exhibiting more complex and diverse interactions
with scenes and/or other humans. The dataset contains 980
text prompts encompassing three levels of human actions
(i.e., a single person’s action, two persons’ independent ac-
tions, and two persons’ mutual actions), and five condition-
ing types (i.e., five different combinations of action, layout,
expressions, and surroundings) (see Section 4 for details).
By evaluating according to the levels of human actions or
conditioning types, this dataset enables a systematic assess-
ment of a model’s concept customization capabilities.

Our main contributions can be summarized as follows:
¢ We propose the CC-AlignBench for comprehensive eval-

uation of both single- and multi-concept customization,
offering varying difficulty levels based on character count
and scene complexity, thus allowing gradual assessment
of model capabilities.

¢ We introduce an evaluation metric, D-GPTScore, lever-
aging MLLM that enables comprehensive and automated
evaluation of concept customization. Our metric demon-
strates better alignment with human preferences than ex-
isting methods and supports multi-concept evaluation.

e We conduct extensive ablation studies using the
CC-AlignBench dataset to verify the effectiveness of our
proposed metric. Experimental results confirm that our
metric correlates more strongly with human preference
scores than existing evaluation metrics.

We believe this benchmark will advance the concept cus-
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tomization research community toward more realistic and
human preference-aligned evaluation.

2. Related Work

2.1. Metrics for concept customization

Evaluating the quality of generated images using appro-
priate metrics and obtaining feedback is crucial for model
improvement. However, existing methods fail to compre-
hensively assess all relevant aspects of concept customiza-
tion, resulting in evaluations that diverge from human pref-
erences.

Metrics such as Counting [26], SOA-I Score [11], Com-
positions [26], and YOLO Score [19] can recognize the
number of subjects and layout in multi-subject scenarios,
but their assessments are limited and do not evaluate verbs
in the text prompt (e.g., actions). Conversely, methods like
the CLIP series [29] and DINO Score [4] provide overall
evaluations by comparing images with text or texts with
each other; however, their assessments are general and in-
sufficient to capture fine-grained differences. QS [8], CLIP
Aesthetic [34], and IS [8] demonstrate high correlation with
human ratings but are restricted to assessing image qual-
ity. ImageReward [43] and VQA Score [21] enable in-
tegrated evaluation of a text prompt and a generated im-
age through a preference-based model and Question An-
swering, respectively. However, both models are primar-
ily designed for text-to-image tasks. Although GPT-4V
Score [48] can evaluate both composition quality and image
quality using MLLM, it does not account for multi-concept
scenarios. In contrast, our proposed method enables a com-
prehensive evaluation of generated images across all neces-
sary aspects, including fidelity to mutual interactions.

2.2. Benchmarks for concept customization

Proper evaluation of images generated through concept cus-
tomization requires the consideration of both text prompts
and reference images alongside the outputs. However, many
existing datasets lack either prompts or reference images [1,
7,13, 31, 32, 49]. Even when both are available, reference
images often depict multiple individuals [5, 20, 27, 33, 44]
or focus solely on faces or upper bodies [14, 18, 25], lim-
iting their suitability for representing individual concepts.
ImagenHub [17] is composed of pairs of concept images
and corresponding text prompts, but excludes human sub-
jects. As a result, no existing dataset adequately sup-
ports the evaluation of dynamic movements in concept cus-
tomization. Accordingly, current methods often rely on
combinations of such datasets and their associated metrics.
Furthermore, datasets featuring complex actions, such as
mutual interactions, remain scarce, and no benchmark ex-
plicitly addresses them.

To bridge these gaps, we introduce a dataset that includes

7063

both prompts and reference images for single- and multi-
concept scenarios. It also provides prompts of varying dif-
ficulty, enabling step-wise evaluation of generation perfor-
mance.

2.3. MLLM-based human-preference scoring

Recent research has actively explored scoring methods
aligned with human preferences using MLLMs, particularly
for video evaluation [2, 3, 22, 38]. To improve alignment,
several methods assess generative models by defining var-
ious aspects and scoring each individually [10, 41]. Some
works aggregate aspect-wise scores based on human pref-
erences, such as MMHE [23], which employs harmonic
weighting, and MetaMetrics [40], which trains a regression
model to combine the outputs of existing metrics.

For MLLM-based metrics in concept customization
tasks, VIEScore [16] and CIGEval [39] proposed evalua-
tion metrics by decomposing the task, but neither accounts
for the action fidelity of interactions between living sub-
jects. DreamBench++ [25] improves alignment with human
scores on single-concept customization tasks by perform-
ing decomposition and outputting the reasoning process for
task understanding. However, it does not explicitly gener-
ate scores for each evaluation aspect, which may reduce the
reliability of the final score due to implicit reasoning [45].

Our method is unique in that it achieves human-
aligned evaluation for concept customization—supporting
both single- and multi-concept tasks—by performing uni-
fied explicit aspect-wise evaluation and integration using a
single MLLM.

3. D-GPTScore Metric

Our concept customization evaluation metric is straightfor-
ward and consists of two phases: (1) Aspect-wise evalu-
ation using MLLM, and (2) Aggregation of aspect-wise
scores. As a preliminary step, we provide a brief overview
of concept customization as follows:

Concept Customization. An image /, is generated from a
text prompt 7 = {t1, s, ..., tx }, Which comprises several
short text elements concatenated with commas, and a set of
reference images Z = {iy, 49, ...,%;}, using the generative
model 60:

I, =0(T,7). (1)

3.1. Aspect-wise evaluation with MLLM

In the aspect-wise evaluation phase, we first decompose the
evaluation criteria for concept customization into N prede-
fined aspects A = {aq,as,...,an}, considering not only
single- but also multi-concept scenarios (see Section 3.3 for
details). To obtain the n-th aspect-wise score s,, € R of the
generated image [, we independently feed the n-th evalu-
ation aspect a,, into a MLLM ¢, along with the text prompt



Table 1. Composition of the CC-AlignBench dataset, divided into three difficulty levels based on the number of persons and interaction

types.
Difficulty #Total #Base #Persons per prompt #Different Actions Action Type
easy 260 52 1 13 non-interaction
medium 260 52 1 13 non-interaction
hard 460 92 2 23 mutual interaction
T and reference images Z: 4. Dataset
S = Blan, I,, T, T), ) 4.1. Text preparation

3.2. Aggregation of aspect-wise scores

Once the scores s1, So, ..., Sy for multiple aspects are ob-
tained, the aggregation model & is applied to compute the
overall score Syyerqu 0N a scale of [1,10] as follows:

3)

Soverall = (I)(Sl, 82, ey SN)

An ablation study on the choice of aggregation model is
provided in Section 5.5.

3.3. Identification of evaluation aspects

We predefine the evaluation aspects into two main cate-
gories: (1) Concept Fidelity and (2) Quality Assessment.

“Concept Fidelity” assesses the adherence of the gener-
ated image to the text prompt and reference images and is
further divided into the following four subcategories, total-
ing 13 aspects.

1) Object Existence&Accuracy assesses whether the spec-
ified objects or people are generated according to the
prompt, in appropriate quantities, based on the Subject Type
and Quantity.

2) Layout & Composition Fidelity assesses whether the
Subject & Camera Positioning (i.e., relative positions, in-
cluding camera angles) and the relative Size & Scale of the
generated characters and objects align with the instructions
in the prompt.

3) Object-Level Fidelity assesses whether the generated
objects, people, and surroundings are accurately depicted,
maintaining consistency with both the text and reference
images in terms of Color, Proportions & Body Consistency,
Actions & Expressions, Facial Similarity & Features, Cloth-
ing & Attributes, and Surroundings.

4) Multi-Concept Interaction Consistency assesses
whether interactions between humans (i.e., Human & An-
imal Interactions) or between objects (i.e., Object Interac-
tions) are generated in a natural and coherent manner, as
specified in the text prompt.

“Quality Assessment” evaluates image quality, consist-
ing of 5 aspects: Subject Deformation, Surroundings Defor-
mation, Local Artifacts, Detail&Sharpness, and Style Con-
sistency.
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As shown in Table 1, CC-AlignBench consists of 196
prompts divided into three difficulty levels: 52 Easy, 52
Medium, and 92 Hard prompts (referred to as difficulty lev-
els). Easy prompts describe a single person acting; Medium
prompts involve two individuals performing independent
actions such as “standing” or “walking”; and Hard prompts
depict interactions between two individuals, such as “hug-
ging” or “whispering.”

Each of the 196 base prompts comprises four elements:
action, layout, expression, and surroundings. To evaluate
the model’s expressive capabilities, five variations are gen-
erated from each base prompt: action-only prompt ..,
action+layout prompt t,.,t;;, action+expression prompt
tact, tewp, action+surroundings prompt toee, tsyrr, and all
prompt tqct, tit, teaps Lsurr. Since each of the 196 prompts
is expanded into these five variations, the total number of
prompt variations in CC-AlignBench amounts to 196 x 5 =
980. An example text prompt is shown in Table 2.

4.2. Image preparation

To address concerns related to portrait rights, we used gen-
erative Al to create images without relying on photographs
of real individuals. First, we generated one image each of
a man and a woman using Gemini 2.5 Flash Preview [30].
Then, using Gemini 2.0 Flash Preview Image Generation,
we instructed the model to produce various patterns (e.g.,
close-up, long shot, frontal, and profile views) of the same
man and woman. We added 19 additional images per per-
son, resulting in 20 images per individual and a total of 40
images. For models that require a single input image, we
ensured the same full-body image was consistently used.

5. Experiments

5.1. Experimental setup

Baselines of evaluation metrics To verify whether the
proposed method aligns with human preferences, we com-
pared it with five existing evaluation metrics commonly
used for concept customization: identity preservation score
by ArcFace [6], CLIP T2T score [29], CLIP T2I score [29],
CLIP Aesthetic Score [34], and DINO score [4]. See our
supplementary material for the details.



Table 2. Example text prompt in CC-AlignBench. Each prompt consists of the four base prompts: action, layout, expression, and

surroundings.
type Example Text Prompt
action-only A photo of a woman putting her arm around a man’s shoulder, Ultra HD quality.
action A high angle shot of a woman putting her arm around a man’s shoulder, standing close, Ultra HD
+layout quality.
action . A photo of a woman putting her arm around a man’s shoulder, both looking amused, Ultra HD quality.
+expression
action . s . .
+surroundings A photo of a woman putting her arm around a man’s shoulder, in an open green park, Ultra HD quality.

all

A high angle shot of a woman putting her arm around a man’s shoulder, standing close, both looking

amused, in an open green park, Ultra HD quality.

Table 3. Comparison of correlation with human preference on CC-AlignBench. The left shows Pearson’s correlation coefficient,
and the right shows Spearman’s rank correlation (higher is better). A correlation of 0.5 or higher is generally considered strong, and the
proposed metric significantly exceeds this threshold for the overall score and most individual models.

Metric CustomDiffusion +??& +IIIOSIt\2/lIIiID FastComposer Mix-of-Show DreamBooth Overall

ArcFace 0.34/0.26 0.05/0.01  -0.01/0.06 0.21/0.27 0.50/0.33 0.21/0.15 | 0.23/0.04
CLIP T2I 0.20/0.27 -0.01/0.13  0.11/0.08 0.09/0.36 0.21/0.38 0.20/0.33 | 0.29/0.42
CLIP T2T 0.01/0.27 -0.04/-0.07 -0.04/-0.09 0.16/0.20 0.19/0.23 0.16/0.21 | 0.14/0.21
CLIP Aes. 0.46/0.09 0.14/0.04 0.20/0.00 0.26/0.15 0.29/0.02 0.44/0.26 | 0.51/0.49
DINO 0.28/0.10 0.04/0.14 0.30/0.10 -0.17/0.09 -0.07/-020  0.26/-0.02 | 0.10/0.04
Ours 0.80/0.54 0.66 / 0.34 0.70 / 0.47 0.64/0.46 0.65/0.44 0.64/0.38 | 0.78/0.69

Target generative models We evaluated five widely used
and state-of-the-art image generation models that sup-
port multi-concept customization: CustomDiffusion [18],
OMG [15] with LoRA or InstantID, FastComposer [42],
Mix-of-Show [9], and DreamBooth [31], using our pro-
posed benchmark.

Aggregation model selection For the aggregation model
®, we adopted the average function:

N
1
@<81a827“'7sN) = N E Sn, (4)
n=1

meaning that each aspect is treated equally to compute the
final score. The choice of aggregation model is further dis-
cussed in Section 5.5.

MLLM setting We employed gpt-40-2024-08-
06 [24] as the MLLM for aspect-wise evaluation. All gen-
erated and reference images fed to GPT-40 were resized to
512x512 pixels. For evaluation aspects where only gen-
erated images are provided (e.g., deformations or local ar-
tifacts), resolution can affect accuracy. Therefore, we ad-
ditionally provided GPT with two square-cropped images,
each covering 50% of the original size, centered vertically
and placed on the left and right halves, along with the orig-
inal image.
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Preference score annotation To evaluate human align-
ment, we measured the correlation between predicted scores
and human preference scores. The human scores were
obtained from 12 expert annotators (5 females, 7 males),
all members of our laboratory. We randomly selected 40
prompts from each of the three difficulty levels (i.e., easy,
medium, hard) and generated images using six different
models for each prompt. The resulting 720 images were
evaluated by the annotators, who scored them from 1 to 10
with reference to both the text prompts and the reference
images. We then averaged the scores across annotators to
obtain a single human preference score per image. The an-
notation took approximately two hours per annotator. Each
annotator was compensated $48 according to the current ex-
change rate.

Experimental environment All experiments were con-
ducted on a system equipped with a single NVIDIA RTX
A6000 (48GB), an Intel(R) Core(TM) i9-9940X CPU, and
the OpenAl APL

5.2. Correlation with human preference

For each evaluation metric, we computed the Pearson’s
correlation coefficient and Spearman’s rank correlation be-
tween the human preference scores and the predicted scores.
The results are summarized in Table 3. Our metric achieves
an overall Pearson’s correlation of 0.78 and an overall
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Figure 3. Benchmark results of aspect-wise evaluation. Each
aspect is scored on a scale from 1 to 5, with higher values indicat-
ing better performance.

Spearman’s rank correlation of 0.69 with human prefer-
ences, significantly surpassing all existing metrics. These
results demonstrate that the proposed method provides
human-aligned evaluation for concept customization and
outperforms existing metrics. Furthermore, since omission
of any key aspect may reduce correlation, the strong corre-
lation exceeding 0.7 suggests that the proposed decomposed
aspects are necessary and sufficient.

5.3. Benchmark results

Table 4 presents the benchmark scores of each image gen-
eration model on our dataset, and Figure 3 shows the 18
aspect-wise scores.

As shown in Table 4, scores generally decrease as the ac-
tion difficulty increases from Easy to Hard. OMG+LoRA
and OMG+InstantID achieved the highest scores at the
Easy level, with 7.28 and 7.13, respectively; however,
OMGH+InstantID’s score dropped notably at the Hard level.
In contrast, DreamBooth showed the smallest decrease, in-
dicating more stable performance.

While the primary objective of our paper is to
achieve human preference-aligned evaluation, the aspect-
wise scores obtained as intermediate results provide de-
tailed feedback, as illustrated in Figure 3. All models exhib-
ited difficulty with complex actions, leading to low scores
in object fidelity aspects such as Color, Facial Similarity &
Features, and Clothing & Attributes, as well as in Actions &
Expressions and Human & Animal Interactions. However,
notable differences emerged in Proportions & Body Consis-
tency, Object Interactions, and Local Artifacts, where the
OMG-based methods consistently scored high across diffi-
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culty levels, while others struggled.

5.4. Qualitative results

Table 5 presents a scoring example on CC-AlignBench. The
table shows that existing metrics produce rankings that dif-
fer considerably from human preference scores. In con-
trast, although minor fluctuations are observed, the pro-
posed method generally aligns well with human prefer-
ences.

5.5. Ablation study

This section presents the results of ablation studies on three
components of the proposed metric: the effectiveness of de-
composition, the MLLM used for aspect-wise scoring, and
the aggregation model. All results are summarized in Ta-
ble 6.

Decomposition ablation To examine the necessity of de-
composition, we compared our method with a metric that
directly outputs a score on a 1-10 scale using the GPT-
40 model without decomposition (referred to as Vanilla-
GPT). As shown in Table 6, the proposed decomposed met-
ric significantly outperforms Vanilla-GPT in both individ-
ual model scores and overall correlation with human pref-
erences. This suggests that directly using GPT-40 without
decomposition fails to capture fine-grained evaluation as-
pects, resulting in poor alignment with human preferences.

MLLM ablation We adopted GPT-40 as the MLLM for
aspect-wise evaluation due to its superior multi-modal un-
derstanding capabilities. However, considering API costs,
we also evaluated with GPT-40 mini as a substitute. GPT-40
mini yielded lower overall Pearson’s and Spearman’s cor-
relations, both by 0.10, compared to GPT-40. Neverthe-
less, GPT-40 mini still outperformed existing metrics sig-
nificantly (see Table 3). Thus, while GPT-40 provides more
accurate evaluation, GPT-40 mini offers a viable alternative
depending on computational resources. Notably, the aver-
age token counts per generated image were 12,091 (input)
and 96 (output) for GPT-40, versus 299, 672 (input) and 104
(output) for GPT-40 mini.

Aggregation model ablation Although this study em-
ploys averaging of aspect-wise scores to compute the final
score, learnable models such as linear regression can also be
used to better align with human preference scores. Results
using linear regression are reported in Table 6.

With linear regression, the overall Pearson correlation
coefficient and Spearman rank correlation coefficient are
slightly lower, at 0.75 and 0.62, than those obtained with
averaging. This may be due to distribution shifts among
generation models, causing slight overfitting. We expect
that as concept customization research progresses and more



Table 4. Average benchmark scores for each difficulty level on CC-AlignBench, predicted using D-GPTScore. Each score ranges
from 1 to 10, with higher values indicating better image generation performance. When applying linear regression, the leave-one-out
approach is employed to ensure that the generated images from the model under evaluation are excluded from the training data.

Difficulty Level ‘ CustomDiffusion

OMG+LoRA OMG-+InstantID FastComposer

Mix-of-Show DreamBooth

Easy 5.64 7.28 7.13 5.21 5.75 5.53
Medium 4.62 7.05 6.64 4.72 5.27 5.01
Hard 4.30 6.41 6.10 4.45 4.82 4.87
Overall 4.74 6.81 6.52 4.72 5.19 5.09

Table 5. D-GPTScore scoring examples on the Hard level subset of CC-AlignBench. For each model, the top three scores are high-
lighted in red, blue, and yellow, respectively, to illustrate their correspondence with the human preference rankings.

F
A long shot of A* and B*
exchanging a book, A* is
Input Reference Images standing sh’ghtly in front'of
i B*, both looking engaged, in a
European town square, Ultra HD
quality.
Outputs
CustomDiffusion OMG+LoRA OMG+InstantID FastComposer Mix-of-Show DreamBooth
ArcFace 0.396 0.940 0.952 0.971 0.957 0.476
CLIP T2I 0.319 0.337 0.361 0.304 0.238 0.315
CLIP T2T 0.814 0.855 0.856 0.688 0.584 0.750
CLIP Aesthetic 5.478 6.107 7.017 5.630 5.718 6.320
DINO 0.717 0.773 0.757 0.787 0.779 0.785
Oues LS 8250 7000 5250 3375 5000
Human Preference 2.583 lsc 5.833 2nd 5.417 4.250 2.417 3.167

generative models become available, regression-based ag-
gregation may become more effective.

Importantly, achieving high correlation with human pref-
erences even without regression suggests that the 18 evalu-
ation aspects were appropriately and sufficiently defined.

6. Discussion

In this section, we explore an extension of the proposed
method by combining it with existing metrics to achieve
a more comprehensive and accurate evaluation. Specifi-
cally, after obtaining 18 scores through aspect-wise eval-
uation, aggregation is performed by combining these scores
with those from existing metrics. Table 7 presents the re-
sults of combining the 18 aspect-wise scores (Ours++) with
scores from six existing metrics used for comparison (i.e.,
ArcFace, CLIP T2T score, CLIP T2I score, CLIP Aesthetic
Score, DINO, and Vanilla GPT). Both the aspect-wise and
existing scores were min-max normalized and scaled to a
1-10 range, resulting in a total of 24 aspects. The table
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shows that combining the proposed method with existing
metrics yields a slight increase in correlation compared to
using the proposed method alone.

7. Limitations

Dataset This paper’s dataset excludes stationary objects
and animals, focusing on humans due to the greater chal-
lenges posed by their complex structures and movements.
However, since the evaluation metric also applies to scenes
with objects and animals, future work will expand the
dataset to include these, enabling more comprehensive eval-
uations.

The study focuses on generation difficulties arising from
variations in human actions and emphasizes text prompt di-
versity. While only male and female humans were used as
concept images in this study, future work will broaden the
range of subjects.



Table 6. Ablation studies on three components of our metric: decomposition (Decomposition), the MLLM used for aspect-wise scoring
(MLLM), and the aggregation model (Aggregation). The left value in each cell denotes Pearson’s correlation coefficient, and the right

value denotes Spearman’s rank correlation.

Custom

OMG+

OMG+ Fast Mix-of- Dream

Decomposition MLLM Aggregation Diffusion LoRA InstantID Composer Show Booth Overall
X GPT-40 average 0.77/042 0.42/025 050/041 0.51/043 0.67/047 0.58/0.27 | 0.67/0.58
v GPT-40 mini average 0.75/0.56 0.49/0.42 0.63/0.44 047/028 0.65/0.37 0.56/0.29 | 0.68/0.59
v GPT-40 linear regression | 0.80/0.50 0.65/0.32 0.69/0.36 0.64/0.40 0.65/0.36 0.67/0.39 | 0.74/0.62
v GPT-40 average 0.80/0.54 0.66/0.34 0.70/0.47 0.64/0.46 0.65/0.44 0.64/0.38 | 0.78/0.69

Table 7. Exploration of extending our metric by combining it with existing metrics. Ours++ denotes the combination with existing
metrics. The left value in each cell represents Pearson’s correlation coefficient, and the right value represents Spearman’s rank correlation.

Model Custom OMG+ OMG+ Fast Mix-of- Dream Overall
Diffusion LoRA InstantID Composer Show Booth

Ours (average) 0.80/0.54 0.66/0.34 0.70/0.47 0.64/046 0.65/0.44 0.64/0.38 | 0.78/0.69

Ours++ (average) 0.82/0.51 0.67/0.34 0.69/045 0.63/044 0.67/0.40 0.70/0.40 | 0.80/0.72

Ours (linear regression) 0.80/0.50 0.64/0.38 0.69/036 0.64/041 0.65/036 0.67/0.41 | 0.75/0.62

Ours++ (linear regression) | 0.83/0.48 0.66/0.36 0.66/0.37 0.64/0.50 0.70/0.38 0.68/0.45 | 0.78/0.67

Supported input sets Some image generation methods
accept optional inputs, such as pose or sketch images. How-
ever, our evaluation metric assumes that generative models
take only text and reference images as inputs and excludes
additional inputs from the evaluation. Considering the in-
put cost to the MLLM, providing all additional inputs and
expanding the evaluation aspects accordingly is impractical.

Moreover, accounting for these additional inputs would
increase the variability of inputs used for evaluation across
models, thereby complicating accurate model comparisons.
Therefore, it is preferable to treat such additional inputs as
optional during image generation, while the proposed eval-
uation metric focuses on the most fundamental and common
inputs: text and reference images.

Generative models In this paper, we selected six gener-
ative models that support multi-concept customization as
evaluation targets and obtained benchmark results. How-
ever, as discussed in Section 5.5, due to large score vari-
ance among these models, the use of trainable aggregation
methods, such as regression models, led to overfitting dur-
ing training. Consequently, the correlation achieved using
linear regression did not improve significantly compared to
averaging. In the future, as multi-concept customization re-
search advances and more models become available, this
overfitting issue is expected to be mitigated, rendering re-
gression a more effective aggregation method and enabling
scoring with higher correlation to human preferences.

8. Ethical Considerations

In creating our benchmark dataset, we carefully removed
harmful, offensive, or abusive expressions. Since the
dataset is intended solely for image evaluation, it poses
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no direct social risks. However, it is important to note
that terms such as “hit” and “kick” are included to intro-
duce variations in mutual interactions. As generated images
heavily depend on the training data, controlling the output
is challenging. To respect portrait rights, only Al-generated
reference images are used, eliminating concerns about harm
to individuals. Additionally, in our experiments, visual in-
spections were conducted to ensure the images do not con-
tain harmful or offensive content. Nevertheless, toxic im-
ages may still be generated depending on the model. Users
should be aware of the potential risks and refrain from using
this dataset to generate offensive or inappropriate images,
especially of real individuals. Caution is advised when re-
leasing these images.

9. Conclusion

This paper proposes D-GPTScore, a novel evaluation met-
ric for concept customization. Since existing metrics have
yielded results misaligned with human preferences, we pro-
pose to decompose evaluation criteria for single and mul-
tiple concepts into 18 aspects, perform aspect-wise eval-
uation using MLLM, and aggregate the results to achieve
a comprehensive and human-aligned assessment. Further-
more, we introduced CC-AlignBench, a benchmark dataset
supporting both single- and multi-concept evaluations. Ex-
tensive experiments demonstrate that our metric correlates
significantly better with human preferences compared to
prior metrics, and ablation studies confirm the effectiveness
of the decomposition strategy.
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