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Abstract. As Al-driven image generation advances, assessing whether
generated images plausibly conform to a target artistic style remains a
fundamental and largely subjective challenge. There are no established
objective metrics for measuring style consistency, and existing proxies
often fail to capture artistic nuance, leaving human evaluation as the pri-
mary means of assessment. While effective, human evaluation is costly,
time-consuming, and difficult to scale. This work investigates the viabil-
ity of multimodal large language models (MLLMs) as proxies for human
evaluators in assessing style-consistent character generation. Following
the human evaluation protocols and benchmark datasets introduced in
prior work [34], we compare judgments from four state-of-the-art mul-
timodal models (Gemini 2.5 Pro, Grok-4 Fast, OpenAl GPT-4.1, and
GPT-5) to human evaluations collected from both general participants
and professional artists. Our results reveal a significant discrepancy be-
tween ranking-level and response-level agreement. While MLLMs demon-
strate high correlation with human rankings (Kendall’s 7, =~ 1.0 glob-
ally), effectively identifying the best-performing methods, they exhibit
low agreement on individual responses (Cohen’s k < 0.34). We identify
systematic biases driving this divergence: MLLMs tend to avoid both
or neither options in pairwise comparisons and inflate scores in abso-
lute ratings. These findings suggest that while MLLMs are reliable for
coarse-grained method ranking, they do not yet replicate the fine-grained
artistic judgments of human evaluators.
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1 Introduction

Artificial Intelligence is increasingly transforming the audiovisual industry across
multiple stages of production. In film and television, Al is being applied to video
editing [26], rendering [47], and visual effects [39]. In other parts of the in-
dustry, like video games, deep learning-based upscaling methods like NVIDIA
DLSS [27] have become standard for real-time rendering. AI has even enabled
de-aging effects [9] and the digital resurrection of actors for posthumous film ap-
pearances [40]. Among these applications, Al-driven image generation has gained
particular attention, especially in contexts requiring the creation of multiple im-
ages that adhere to a consistent artistic style [41], a capability that is central
to animation, game development, and digital content creation, where maintain-
ing visual coherence across characters, scenes, or assets is essential for artistic
integrity and user experience.

While recent advances have improved the ability to generate style-consistent
images, evaluating whether generated outputs truly maintain the desired artis-
tic style remains a significant challenge. Commonly used objective metrics, such
as Fréchet Inception Distance (FID) [18] and CLIP-based similarity scores |17],
provide useful quantitative proxies but have well-known limitations in this con-
text. In particular, they struggle to reliably assess stylistic consistency, often
conflating style with semantic content or requiring large sample sizes to produce
stable estimates. As a result, human evaluation remains one of the most reliable
approaches for assessing subjective qualities such as style consistency.

Despite being the most reliable approach, human evaluation also presents
some limitations. In particular, human judgments can be inconsistent due to sub-
jective differences between evaluators, fatigue effects, and varying levels of exper-
tise [33]. In addition, conducting large-scale human studies is time-consuming
and expensive |11], requiring substantial effort to recruit participants, design
evaluation protocols, and collect responses. These limitations become particu-
larly problematic when iterative evaluation is needed during model development,
where rapid feedback is essential. As a result, there is growing interest in au-
tomated alternatives that can approximate human judgment while maintaining
efficiency and scalability.

Large language models (LLMs) have emerged as a promising solution for
automated evaluation. Recent advances in multimodal LLMs (MLLMs), such
as GPT [30,31], Gemini [15], and others |1,/46], have demonstrated remarkable
capabilities in understanding and reasoning about visual content. These models
have shown competitive performance across diverse tasks including image cap-
tioning, visual question answering, and aesthetic assessment [25|. This raises a
natural question: can MLLMs serve as reliable substitute evaluators for assessing
the quality and style consistency of Al-generated images?

In this work, we investigate whether MLLMs can effectively replicate human
judgments in evaluating Al-generated images. Our study uses the human evalua-
tion framework and benchmark datasets introduced in [34], which were originally
designed to assess style-consistent character generation through comprehensive
human evaluation involving both general participants and professional artists.
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By presenting the same images and evaluation tasks to multiple state-of-the-art
MLLMs, we directly compare their responses with those of human evaluators and
quantify agreement through established statistical metrics including Kendall’s 7,
for ranking correlation and weighted Cohen’s kappa for rating consistency.

2 Related Work

2.1 Automated Metrics for Style Consistency

Evaluating Al-generated images has traditionally relied on objective metrics
like FID |18], IS [37], LPIPS [48|, and CLIP-based scores [17|. However, these
metrics face significant limitations when assessing artistic style. For example,
distribution-based metrics like FID require large sample sizes, limiting few-
shot applicability, while semantic metrics like CLIP-score are content-heavy and
struggle to isolate style from subject matter.

To address this, specialized methods have been developed to quantify artis-
tic style. Approaches like ALADIN [36] and recent diffusion-based similarity
measures [42| focus on stylistic coherence. Similarly, work on content-style dis-
entanglement, such as GOYA [45] and Only-Style [2]|, aims to isolate stylistic
elements for more precise evaluation. Nevertheless, quantifying subjective artis-
tic qualities remains challenging, as automated metrics may not fully align with
human perceptions of style consistency and aesthetic coherence.

2.2 Human Evaluation in Generative AI

Human evaluation remains the primary reference for assessing generative mod-
els, particularly for subjective qualities that automated metrics cannot fully
capture [21]. Common methodologies include absolute rating scales and pair-
wise comparisons. The latter has gained popularity due to its reliability with
non-expert evaluators [19] and successful adoption in large-scale benchmarking
platforms like Chatbot Arena [5].

However, human evaluation faces significant methodological hurdles. Besides
being costly and time-consuming [11}[33|, evaluation protocols are often poorly
standardized; studies frequently lack comprehensive demographic reporting |20],
and very few achieve alignment between problem definition and evaluation de-
sign [16]. Researchers have proposed frameworks like ConSiDERS [10] and hi-
erarchical assessment protocols [3| to mitigate these issues, but the scalability
bottleneck motivates the search for automated proxies that can approximate
human judgment.

2.3 Large Language Models as Evaluators

Recent advances in LLMs have led to increasing interest in their use as alterna-
tives to human evaluators. In text evaluation, LLMs have demonstrated strong
performance in assessing bug reports [24], educational content |38], and creative
writing, often showing higher consistency than human raters |23].
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At the same time, prior work has identified limitations in using LLMs as
judges. These models often exhibit biases, such as favoring their own outputs or
specific structures [44], and may fail to detect subtle quality degradation [8|.

Most existing studies have focused on text-based tasks. While recent efforts
have begun exploring MLLMs for image quality assessment in e-commerce |12],
their ability to replicate human nuance in evaluating artistic style remains un-
explored.

3 Methodology

3.1 Human Evaluation Setup

Our study relies on a previously established human evaluation benchmark intro-
duced in [34], which was designed to assess the generation of novel characters
that maintain the artistic style of a small set of human-designed reference char-
acters. The evaluation was conducted on five specialized datasets (Virus [29],
Scary [28|, Daily [13|, Hipster [14], and Trans [43]), each containing 10-30 ref-
erence images with distinct artistic styles. For visual examples of the reference
datasets and generated characters, we refer the reader to [34].

To assess character quality, the reference study compared a control condi-
tion from the original datasets against three gemeration methods: Method A
(DB, _ ) uses clustering-based multi-token selection; Method B (DB, _ )
employs rarest-token selection; and Method C (DB follows the standard Dream-
Booth baseline with LoRA. We reuse the human evaluation data collected in that
study (up to December 1, 2025) as the benchmark for MLLM comparison.

— General participant evaluation: A total of 134 participants performed
pairwise comparisons. For each comparison, participants were shown four
reference images from the dataset as a visual guide, followed by two generated
images presented side-by-side. Participants were asked to select which image
better fit as a new member of the character family in terms of style and
characteristics, with response options including A is better, B is better, both
fit equally, or neither fits. Each participant completed six comparisons per
dataset across all five datasets, resulting in 4020 total pairwise comparisons.
Results were aggregated using the Bradley-Terry model |4] to obtain global
method rankings.

— Professional artist evaluation: Six professional artists provided absolute
ratings on individual generated images. Using the same visual setup with
four reference images, artists rated single generated image on a 1-5 scale (1
= does not fit at all, 5 = could pass as another character of the family). Each
artist evaluated 10 images per dataset, yielding 300 expert ratings that were
averaged to produce method-level scores.

3.2 MLLM Evaluation Protocol

To assess whether MLLMs can serve as substitute evaluators for human judg-
ments, we queried four state-of-the-art MLLMs (Gemini 2.5 Pro, Grok-4 Fast,
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OpenAl GPT-4.1, and OpenAl GPT-5) using the same evaluation tasks em-
ployed in the human study. For each evaluation instance, we used exactly the
same set of images shown to human participants (i.e., the same four reference
images and the same candidate image(s), with identical pairing and ordering).
The only modification was the textual instruction, which was adapted to elicit
only the final label or score from the model.

We evaluate MLLMs using two task formats, mirroring the human protocol:

— Pairwise comparisons: Given four reference images and two candidate
images (A and B), the MLLM was instructed to select one of the following
options: A is better, B is better, Both fit equally, or Neither fits. The exact
prompt is shown below (image inputs are represented as placeholders).

Respond only with the final answer. Do not show
your reasoning or intermediate steps. These four
images belong to the same family of images:

<<REFERENCE IMAGES>>
I present you Image A: <<IMAGE A>>
And Image B: <<IMAGE B>>

Which of the two characters fits better as a new
member of the family (in terms of the style and
characteristics)? Answer one of these options: A
is better, B is better, Both fit equally, or
Neither fits. Please don’t give reasoning. Only
one of the options.

— Rating tasks: Given four reference images and one candidate image (A),
the MLLM was instructed to produce a score from 1 to 5 indicating how well
the generated image matches the family style. The exact prompt is shown
below (image inputs are represented as placeholders).

Respond only with the final answer. Do not show
your reasoning or intermediate steps. These four
images belong to the same family of images:

<<REFERENCE_IMAGES>>
I present you Image A: <<IMAGE A>>

Rate from 1 to 5 how well Image A integrates as
part of the presented family: 1 means it does not
fit at all, 5 means it could pass as another
family character. Don’t give reasoning.
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In addition to the individual responses, we also report results for an ensem-
ble formed by combining responses from all participating models. For ratings,
the ensemble score is computed as the average of the individual model scores.
For pairwise comparisons, we used a voting-based aggregation: each model con-
tributes one vote to its selected option (A or B), Both responses contribute one
vote to both A and B, and Neither contributes no votes. The ensemble selects A
or B if that option receives at least 2 votes and strictly more than the alternative;
otherwise, it outputs Both (if both receive at least two equal votes) or Neither.

3.3 Metrics

To quantify the agreement between MLLM and human evaluations, we employ
two complementary metrics that capture agreement at different levels: ranking-
level and response-level:

— Kendall’s tau-b (7,) for ranking-level agreement: We use Kendall’s
tau-b (75) [22] to measure the correlation between the global method rankings
produced by humans and MLLMs. Kendall’s tau-b is defined as:

C—-D
VIC+D+T,)(C+D+T,)’

where C' is the number of concordant pairs, D is the number of discordant
pairs, T, and T}, are ties in each ranking. Values range from —1 to +1, with
higher values indicating stronger agreement.

— Cohen’s kappa for response-level agreement: We measure agreement
on individual responses using Cohen’s kappa [6,7]. For pairwise comparisons,
we report the standard (unweighted) kappa (k), which captures whether
humans and MLLMs made the same choice (A4, B, both or neither) on each
comparison. For ratings, we report the weighted version (x,,) to account for
partial agreement between nearby scores. Weighted Cohen’s kappa is defined
as:

T =

i, Wijoij
Y wiges]
where o;; is the observed agreement, e;; is expected agreement by chance,
and w;; are quadratic weights: w;; = 1 — % This accounts for partial
agreement between nearby scores and assigns lower penalties to small rating
differences.

Ky =1

4 Results

4.1 Ranking-level agreement

Tables [I] and [2| report the method rankings derived from pairwise compar-
isons and rating-based evaluations, respectively, for both human evaluators and
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MLLMs. Each table shows rankings and scores for the control condition (original
dataset images) and three evaluated methods (Method A, B, and C) across five
datasets, as well as a global aggregate.

Table 1. Bradley-Terry score-based rankings from pairwise comparisons across
datasets for human evaluators, MLLMs, and the ensemble (Control + three meth-
ods; higher scores indicate stronger preference).

Evaluator Method Virus Scary Daily Hipster Trans Global

Human Control 2" (1064.85) 1°* (1089.44) 1% (1072.76) 1% (1107.78) 2" (1042.50) 1°* (1072.71
Method A 1°* (1066.03) 2"¢ (1057.66) 2" (1007.69) 2°¢ (1053.76) 1°* (1050.50) 2" (1044.21
Method B 3" (981.86) 3™ (956.22) 3™ (978.28) 3! (1007.11) 3" (1042.06) 3™ (993.97
Method C 4" (887.26) 4™ (896.68) 4™ (941.26) 4" (831.34) 4™ (864.94) 4™ ( 89.10

Gemini 2.5 Pro Control ~ 2"? (959.31) 1°' (1355.54) 1 (1244.19) 1°* (1124.07) 1% (1124.50) 1°* (1086.08
Method A 1% (1220.24) 2" (967.49) 4™ (881.63) 3" (1021.59) 2°¢ (1024.66) 2" (1018.01
Method B 3™ (920.73) 4" (810.04) 3™ (899.64) 2" (1038.98) 3™ (1018.06) 3™ (973.65
Method C 4" (899.71) 3™ (866.94) 2™ (974.54) 4" (815.37) 4™ (832.78) 4 (922 26
)

) )
) )
) )
) )
) )
) )
) )
) )
Grok-4 Fast Control 3™ (979.18) 1°* (1125.20) 1% (1044.74) 2™ (1016.27) 1°* (1079.64) 2"¢ (1026.23)
Method A 1% (108013) 27 (1043.49) 2™ (1015.95) 1% (1069.01) 3! (976.33) 1% (1039.09)

Method B 2" (1051.32) 4" (874.57) 4™ (969.39) 3¢ (1006.81) 2" (988.67) 3™ (986.94)

Method C 4" (884.37) 3™ (956.73) 3™ (969.91) 4 (907.91) 4™ (955.36) 4™ (947.75)

) )

) )

) )

) )

) )

) )

) )

) )

) )

) )

) )

) )

GPT-4.1 Control 3" (950.25) 1% (1200.43) 1% (1352.33) 1°° (1146.61) 1°* (1138.47) 1°* (1074.76

Method A 1% (1146.56) 2"¢ (1036.56) 3™ (883.42) 3! (993.32) 2"¢ (1010.66) 2™ (1024.21

Method B 274 (993.87) 4" (877.23) 4" (871.79) 2"d (997 62) 3 (988.00) 3™ (980.52
Method C 4™ (909.31) 3" (885.79) 2" (892.45) 4™ (862.44) 4™ (862.87) 4™ (920.52
GPT-5 Control 3™ (935.37) 1°° (1430.88) 1°° (1380.00) 1°° (1258.73) 1% (1190.71) 1% (1102.92
Method A 1% (1207.42) 2" (987.09) 4™ (860.16) 2"! (955.47) 2"¢ (1008.25) 2™ (1020.80

Method B 2™ (982.79) 3™ (805.08
Method C 4™ (874.42) 4™ (776.95

Ensemble Control 3™ (933.87) 1% (1370.25
Method A 1% (1212.77) 2"¢ (994.35
Method B 2"¢ (973.04) 4™ (801.05
Method C 4'" (880.32) 3™ (834.35

3'(862.61) 3" (946.80
ond (897.22) 4™ (839.00

1°° (1361.86) 1% (1195.55
4™ (865.28) 2" (1010.00
34 (866.29) 3" (991.30
2nd (906.57) 4" (803.15

3" (971.55
4™ (829.50

1 (1166.48
27 (1016.84
3™ (984.66
4" (832.01

314 (971.41
4™ (904.88

15¢ (1090.85
2m (1029.96
34 (972.23
4" (906.95

For pairwise comparisons (Table , human evaluators consistently ranked
the control condition in first or second position across datasets, with Method A
generally occupying first or second place, followed by Method B, and Method
C in last place. MLLM evaluators largely replicate this overall pattern, with
the control condition ranked first in most datasets and achieving first place in
the global ranking across all models. Some variability is observed at the dataset
level, particularly for the Daily and Virus datasets, but converge at the global
level where all MLLMs match the human ranking order.

In rating-based evaluations (Table , a similar pattern is observed. Human
evaluators ranked the control condition first across all datasets except Trans,
where Method A achieved the highest average rating. All MLLMs consistently
placed the control condition first, with Method A typically in second place.
Ensemble predictions closely align with individual MLLM rankings in both eval-
uation types.

To quantify ranking agreement, we compute Kendall’s 7, between human and
MLLM rankings (Tablesand. For pairwise comparisons (Table, Kendall’s
tau values show strong ranking correlation at the global level, with Gemini 2.5
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Table 2. Average rating-based rankings across datasets for human evaluators, MLLMs,
and the ensemble (Control + three methods; higher mean ratings indicate a better fit).

GPT-5 Control 1°* (4.38
Method A 42 (2.81
Method B 274 (3.33
Method C 3™ (2.94

Ensemble Control 1°° (4.54
Method A 3™ (3.34
Method B 274 (3.69
Method C 4" (3.32

15 (5.00)  1°°(5.00) 1°°(4.88) 1°*(5.00) 1°*(4.76

2nd (3.44) 42 (3.33 ond

(

(

(

(

(

( 2nd (4,15

374(3.20) 274 (3.53

(

(

(

(

(

(
(
(
(
(
(4.37) 2 (3.66
374 (4.00) 3" (3.68) 3" (3.52
4" (2.73) 3 (3.50) 4 (3.76 (
(
(
(
(

)

)

) 4" (3.14) 4™ (3.23
15¢ (4.88)  1°'(4.67) 1°° (4.88

)

)

)

15 (4.93) 1% (4.74
2" (4.61) 27 (3.93
314 (4.17) 374 (3.68
4™ (3.50) 4 (3.59

2" (3.56) 37 (3.64
4™ (3.14)  4*" (3.63
374(3.18) 274 (3.85

2nd (4,31
374 (4.03
34 (4.03

Evaluator Method Virus Scary Daily Hipster Trans Global
Human Control 150 (4.15)  1°°(4.25) 15V(4.83) 1°°(4.25) 2°9(4.29) 1°%(4.32)
Method A 274 (3.88) 274 (3.81) 274 (3.44) 274(3.70) 1°% (4.37) 2" (3.84)

Method B 3" (2.92) 3" (2.52) 3'(3.29) 3 (3.27) 3" (3.79) 3" (3.12)

Method C 4™ (2.83) 4™ (2.20) 4™ (2.72) 4™ (2.35) 4 (2.00) 4™ (2.45)

Gemini 2.5 Pro Control 150 (4.38)  15°(4.50) 15V (4.67) 1°°(4.88) 1% (4.71) 1°°(4.61)
Method A 2" (3.12) 4“‘ (2.25) 4 (2.56) 27 (4.25) 274 (4.58) 27 (3.42)

Method B 4% (2.75) 3" (2.36) 3¢ (2.59) 4™ (3.80) 3" (4.00) 4% (3.06)

Method C 3" (2.94) 2 (2.47) 27 (3.28) 3" (4.00) 4% (3.21) 3" (3.20)

Grok-4 Fast Control 274 (4.46) 1°°(5.00) 3" (4.83) 15(4.88) 1°°(5.00) 1% (4.76)
Method A 4™ (3.94) 274 (4.44) 1% (5.00) 374(4.60) 1% (5.00) 29 (4.62)

Method B 1% (4.58) 4™ (3.64) 1% (5.00) 4 (4.40) 3" (4.74) 3 (4.40)

Method C 37 (4.00) 3" (4.00) 4" (4.72) 2" (4.65) 4" (4.21) 4 (4.33)

GPT-4.1 Control 15 (4.92)  1°°(5.00) 1°°(4.17) 1°%(4.88) 1°°(5.00) 1°*(4.82)
Method A 3" (3.50) 2“°‘ 4.12) 3'9(3.67) 274 (4.25) 2“°‘ 4.47) 27 (4.02)

Method B 274 (4.08) 4'0(3.36) 4" (3.41) 374(3.93) 3" (4.26) 3¢ (3.76)

Method C  4*(3.39) 3" (3.53) 2"4(3.89) 4 (3.71) 4'"(3.43) 4% (3.60)

) ) )

) ) )

) ) )

) ) )

) ) )

) ) )

) ) )

) ) )

Pro, GPT-4.1, GPT-5, and the ensemble all achieving perfect correlation (7, =
1.0). Dataset-level correlations are generally moderate to high (0.3333 to 1.0),
with the Daily dataset showing the lowest agreement across most models. For
rating-based evaluations (Table, ranking correlations remain high at the global
level, with Grok-4 Fast, GPT-4.1, GPT-5, and the ensemble achieving perfect
correlation (7, = 1.0). Dataset-level correlations show more variability than in
pairwise comparisons.

4.2 Response-level agreement

Beyond ranking correlation, we assess agreement on individual responses using
Cohen’s kappa (Tables [3| and .

Regarding pairwise comparisons (Table, unweighted Cohen’s kappa values
show lower response-level agreement than ranking correlations, ranging from
0.0592 (Grok-4 Fast) to 0.0869 (Gemini 2.5 Pro). Thus, while MLLMs yield
similar final rankings, their individual choices differ considerably from humans.

When examining rating-based evaluations (Table [4] weighted Cohen’s kappa
values are substantially higher than for pairwise comparisons, ranging from
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Table 3. Ranking correlation (Kendall’s 1) and response-level agreement (unweighted
Cohen’s k) between MLLMs and human evaluators for pairwise comparisons.

Kendall’s 73 Cohen’s k
Evaluator Virus  Scary Daily Hipster = Trans Global Global
Gemini 2.5 Pro  1.0000 0.6667 0.0000  0.6667 0.6667 1.0000 0.0869
Grok-4 Fast 0.6667 0.6667 0.6667  0.6667 0.3333 0.6667 0.0592
GPT-4.1 0.6667 0.6667 0.3333  0.6667 0.6667  1.0000 0.0741
GPT-5 0.6667 1.0000 0.0000  1.0000 0.6667 1.0000 0.0818
Ensemble 0.6667 0.6667 0.0000  1.0000 0.6667  1.0000 0.0862

Table 4. Ranking correlation (Kendall’s 75,) and response-level agreement (weighted
Cohen’s k) between MLLMs and human evaluators for rating-based evaluation.

Kendall’s 1, Cohen’s Kq
Evaluator Virus  Scary Daily Hipster  Trans Global Global
Gemini 2.5 Pro  0.6667 0.0000 0.0000 0.6667 0.6667 0.6667 0.3163
Grok-4 Fast 0.0000 0.6667 0.1826  0.3333 0.9129  1.0000 0.1062
GPT-4.1 0.6667  0.6667 0.3333 1.0000 0.6667  1.0000 0.2314
GPT-5 0.3333  1.0000 0.3333 1.0000 0.6667  1.0000 0.3094
Ensemble 0.6667 0.6667 0.3333  0.9129 0.6667  1.0000 0.3323

0.1062 (Grok-4 Fast) to 0.3323 (Ensemble), suggesting better agreement on in-
dividual ratings than on pairwise choices, though still indicating only fair to
moderate agreement.

4.3 Cost and time comparison

Finally, Table[5|reports a comparison of evaluation time and estimated monetary
cost for human and MLLM-based evaluation. MLLM evaluations were conducted
through the OpenRouter API [32], while human evaluation costs are estimated
based on Prolific [35] rates, assuming a compensation of £0.90 per minute with
an average completion time of 6 minutes per evaluation. Professional artist eval-
uations were conducted on a voluntary basis, and therefore no monetary cost
estimate is reported for expert ratings.

5 Discussion

Our results reveal a striking discrepancy between ranking-level and response-
level agreement. While MLLMs achieve high or perfect Kendall’s tau correlations
with human rankings (often 7 = 1.0 at the global level), Cohen’s kappa values
indicate substantially lower agreement on individual responses (ranging from
0.0592 to 0.0869 for pairwise comparisons and 0.1062 to 0.3323 for ratings).
This suggests that MLLMs arrive at similar overall quality judgments through
different evaluation patterns than humans.
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Table 5. Time and cost comparison for human and MLLM evaluation. Bold indicates
the lowest value within each column among MLLM evaluators.

Pairwise Comparisons Ratings
Evaluator Time (hh:mm) Cost (£) Time (hh:mm) Cost (£)
Human (General) 13:50 122.85 — —
Human (Artist) — — 1:30 N/A
Gemini 2.5 Pro 13:10 43.96 1:07 3.32
Grok-4 Fast 8:17 3.67 1:42 0.33
GPT-4.1 3:09 10.99 0:13 1.00
GPT-5 12:56 18.32 1:03 1.00

Figures [I] and [2] reveal systematic differences in response patterns that help
explain this discrepancy. For pairwise comparisons (Figure, MLLMs exhibit a
strong bias toward definitive choices, selecting either A or B in the vast majority
of cases. In contrast, human evaluators more frequently use the both and neither
options to indicate equal quality or overall poor fit. This binary decision pattern
means that while MLLMs and humans may disagree on many individual com-
parisons, they can still produce similar final rankings if their preferences align
directionally. The ensemble approach, which combines responses from all four
MLLMs, achieves similar ranking correlation to the best individual models but
does not substantially improve response-level agreement, suggesting that the ob-
served biases are consistent across different MLLMs rather than model-specific.

2500+ EEE Human
W Gemini 2.5 Pro
20004 s Grok-4 Fast
s GPT4.1
mm GPT-5
= 1500 HEE Ensemble
3
o
O
1000
500

Method A Method B Both Neither
Category

Fig. 1. Distribution of pairwise comparison responses (A/B/both/neither) for human
evaluators and MLLMs, aggregated across all datasets.
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s Gemini 2.5 Pro
175- mmm Grok-4 Fast
s GPT4.1
150 s GPT-5
+= 125- WM Ensemble

3
Rating

Fig. 2. Distribution of rating responses (1-5 scale) for human evaluators and MLLMs,
aggregated across all datasets.

For rating-based evaluations (Figure , MLLMs demonstrate a systematic
tendency toward higher scores, with distributions concentrated at the upper end
of the 1-5 scale. Human evaluators show greater use of the full range, including
more frequent assignment of lower scores (1-3). The higher Cohen’s kappa values
for ratings compared to pairwise comparisons can be largely attributed to the
use of weighted kappa, which gives partial credit for near-agreement (e.g., rating
4 vs. 5 is penalized less than 1 vs. 5).

Beyond agreement metrics, MLLMs offer substantial practical advantages.
As shown in Table [f}, MLLM evaluation is both faster and more cost-effective
than human evaluation. Even the most expensive MLLM (Gemini 2.5 Pro at
£43.96 for pairwise comparisons) costs significantly less than the estimated hu-
man evaluation cost (£122.85), while completing the task in comparable time.
Faster models like GPT-4.1 complete evaluations in a fraction of the time (3:09 vs
13:50) at even lower cost (£10.99). These figures represent only the direct evalu-
ation time and do not account for the additional overhead involved in recruiting,
coordinating, and managing human participants, costs that further favor auto-
mated approaches.

Taken together, these findings have important implications for the use of
MLLMs as evaluators. MLLMs appear capable of identifying relative quality
differences and producing rankings that align closely with human judgments,
making them potentially suitable for tasks requiring coarse-grained comparisons
or identifying the best among several options. However, their response biases,
avoiding intermediate judgments in comparisons and inflating absolute scores in
ratings, suggest that they may not reliably replicate the fine-grained nuances of
human evaluation behavior. This limits their suitability for applications requiring
calibrated absolute judgments or detailed analysis of individual outputs.
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6 Conclusion

This work investigates whether large language models can serve as reliable sub-
stitute evaluators for assessing Al-generated images. Using a previously estab-
lished human evaluation benchmark for style-consistent character generation,
we directly compare the judgments of four state-of-the-art MLLMs with those
of human evaluators across both pairwise comparisons and rating-based assess-
ments.

Our findings show that MLLMs achieve strong agreement with humans at the
ranking level, often producing identical orderings of evaluated methods. However,
this ranking-level alignment masks substantial differences in individual response
patterns. MLLMs exhibit systematic biases, including a tendency to avoid in-
termediate judgments in pairwise comparisons and to assign inflated scores in
absolute ratings. As a result, response-level agreement remains low despite high
ranking correlation.

These results suggest that MLLMs are well-suited for tasks requiring coarse-
grained quality comparisons, such as identifying the best performing method
among alternatives. However, they do not yet reliably replicate the full spec-
trum of human evaluation behavior, limiting their applicability for fine-grained
assessments or applications requiring calibrated absolute scores.

Future work should explore whether prompt engineering or calibration tech-
niques can mitigate the observed biases. Additionally, future efforts could focus
on refining the human evaluation benchmark itself. While the current study
relies on a robust volume of total comparisons, the random-sampling design
used to ensure broad image coverage precluded the calculation of inter-annotator
agreement. Constraining future evaluations to overlapping subsets would allow
for a direct comparison of consistency and calibration between human and Al
judges. Finally, extending this analysis to other subjective evaluation domains
may help clarify the appropriate role of MLLMs as evaluators in broader pro-
duction pipelines.
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