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Abstract

We focus on the automatic evaluation of image captions
in both reference-based and reference-free settings. Exist-
ing metrics based on large language models (LLMs) favor
their own generations; therefore, the neutrality is in ques-
tion. Most LLM-free metrics do not suffer from such an is-
sue, whereas they do not always demonstrate high perfor-
mance. To address these issues, we propose Pearl, an LLM-
free supervised metric for image captioning, which is appli-
cable to both reference-based and reference-free settings. We
introduce a novel mechanism that learns the representations
of image—caption and caption—caption similarities. Further-
more, we construct a human-annotated dataset for image cap-
tioning metrics, that comprises approximately 333k human
judgments collected from 2,360 annotators across over 75k
images. Pearl outperformed other existing LLM-free metrics
on the Composite, Flickr8K-Expert, Flickr8K-CF, Nebula,
and FOIL datasets in both reference-based and reference-free
settings.

Introduction

Image captioning has been widely studied and utilized in
various applications, including assisting visually impaired
people and providing explanations in robotics. The efficient
development of image captioning models relies on auto-
matic evaluation metrics that closely align with human judg-
ments. Recent efforts have focused on building metrics that
correlate more strongly with human evaluations than clas-
sic metrics such as CIDEr (Vedantam, Zitnick, and Parikh
2015). Although this task has been widely investigated, it re-
mains challenging even for state-of-the-art (SOTA) metrics
(e.g. Yao et al. (2024); Kim et al. (2025)). Indeed, the corre-
lations of these metrics with human judgments are still lower
than the correlations among human judgments (Lee et al.
2024; Hodosh et al. 2013). Therefore, constructing aligned
metrics would be beneficial for both the image captioning
community and society.

Previous studies have shown that existing metrics based
on LLMs favor their own generations (Panickssery, Bow-
man, and Feng 2024; Navigli, Conia, and Ross 2023). More-
over, they often suffer from prohibitively long inference
times, which makes their application impractical. Therefore,
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Figure 1: Pearl is an LLM-free automatic evaluation metric
for image captioning. Pearl works significantly faster than
slow LLM-based metrics; thus it is suitable for fast devel-
opment cycles of practical image captioning models. More-
over, Pearl is the first LLM-free supervised metric that can
handle both reference-based and reference-free evaluation
with a single supervised model.

it is important to develop an LLM-free metric that does not
suffer from the neutrality and speed issues.

LLM-free metrics (Sarto, Barraco et al. 2023; Matsuda
et al. 2024; Sarto, Moratelli et al. 2024) are significantly
faster than LLM-based metrics. However, they exhibit sev-
eral notable issues. For example, although supporting both
reference-based and reference-free evaluation is important
for practical applications (Tong, He et al. 2024), few demon-
strate high performance in both settings. This is partially be-
cause metrics that support both settings (Hessel, Holtzman
et al. 2021; Sarto, Moratelli et al. 2024) simply compute
cosine similarity between embeddings from encoders such
as CLIP (Radford et al. 2021), which can be less aligned
with human judgments (Wada et al. 2024). Moreover, su-
pervised metrics employ fixed representations for similarity
(e.g. RUSE (Shimanaka et al. 2018)), which may be subop-
timal because of the lack of representation learning.

To address these issues, we propose Pearl, a supervised



automatic evaluation metric for image captioning. Fig. 1
shows an overview of Pearl. In addition to its LLM-free
nature, Pearl differs from existing approaches in several re-
spects. First, unlike other learning-based metrics (Lee, Yoon
et al. 2021; Wada et al. 2024), Pearl is a single model ca-
pable of evaluating captions in both reference-based and
reference-free settings. Second, we introduce the Adaptive
RUSE-type Similarity Mechanism to learn the representa-
tions of image—caption and caption—caption similarities.

To train Pearl, we construct a new dataset, Spica, which
includes 333K human judgments for a diverse collection of
image—caption pairs. The Spica dataset stands out with its
significantly larger number of human judgments and greater
diversity of both images and annotators compared with other
standard datasets (Aditya et al. 2015; Hodosh et al. 2013;
Lee, Yoon et al. 2021; Wada et al. 2024; Matsuda et al.
2024). Specifically, it includes approximately 333K human
judgments, which is 2.5 times the number of human judg-
ments in the dataset previously recognized as having the
largest number of human judgments.

Our key contributions are as follows:

* We introduce the Image-Guided Evaluation Module and
the Reference-Guided Evaluation Module to handle the
similarities, which enables both reference-based and
reference-free evaluation with a single model.

* We constructed Spica, a publicly available dataset for im-
age captioning metrics, which is significantly larger than
previous datasets. Specifically, it contains 75,535 images
and 333,397 human judgments from 2,360 annotators.

e We achieved SOTA performance on standard bench-
marks within LLM-free metrics, enabling practical large-
scale candidate caption evaluation.

Related Work
LLM-free Metrics

Reference-based metrics. Standard reference-based met-
rics include BLEU (Papineni et al. 2002), METEOR (Baner-
jee et al. 2005), ROUGE (Lin 2004), CIDEr (Vedantam, Zit-
nick, and Parikh 2015), and SPICE (Anderson et al. 2016;
Wada, Kaneda, and Sugiura 2023), which evaluate captions
using rule-based approaches based only on reference cap-
tions.

In contrast, several reference-based metrics also incorpo-
rate images. Notable metrics include VILBERTScore (Lee
et al. 2020), which feeds image—caption and caption—caption
pairs into VILBERT (Lu et al. 2019) and calculates the co-
sine similarities. Recent metrics (Wada et al. 2024; Matsuda
et al. 2024) adopt a supervised approach, directly learning to
evaluate captions from human judgments. These metrics are
based on the RUSE-type similarity (Shimanaka et al. 2018;
Rei et al. 2020), which merely computes fixed representa-
tions of the element-wise difference and Hadamard product.

Reference-free metrics. Reference-free metrics such as
CLIPScore (Hessel, Holtzman et al. 2021) rely only on
images for evaluating candidate captions. CLIPScore cal-
culates scores by computing the cosine similarity between
the embeddings of CLIP (Radford et al. 2021). Sarto et
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al. (Sarto, Barraco et al. 2023) highlighted that CLIP was
trained on alt-texts, whose text distribution significantly dif-
fers from that of image captions; they therefore proposed
PAC-S and PAC-S++ (Sarto, Moratelli et al. 2024), variants
of CLIPScore, which employ CLIP finetuned by generated
images and captions. BLIP2Score (Zeng et al. 2024b) evalu-
ates candidate captions in a manner similar to that of CLIP-
Score by using embeddings of BLIP-2 (Li et al. 2023).

LLM-based Metrics

LLM-based metrics use LLM or MLLM in its evaluation
process. Various studies (Chan, Petryk et al. 2023; Lee et al.
2024; Ohi et al. 2024; Tong, He et al. 2024; Yao et al. 2024;
Zeng et al. 2024a; Kim et al. 2025; Matsuda et al. 2025)
have proposed LLM/MLLM-based metrics for image cap-
tioning. CLAIR (Chan, Petryk et al. 2023) is the first met-
ric that leverages LLMs in a zero-shot manner to compare
references and candidate captions. While CLAIR evaluates
the captions without considering images, FLEUR (Lee et al.
2024) utilizes LLaVA (Liu, Li et al. 2023; Liu et al. 2024)
to incorporate images. FLEUR introduces score smooth-
ing, which calibrates the raw score by the probabilities
associated with output tokens. Similarly, EXPERT (Kim
et al. 2025) first produces the evaluation score using score
smoothing, and then generates a brief explanation based on
three criteria — fluency, relevance, and descriptiveness. On
the other hand, HiFi-Score (Yao et al. 2024) converts cap-
tions and images into hierarchical parsing graphs by LLMs,
and compares them through fine-grained graph matching.

Methodology

We propose Pearl, an LLM-free supervised automatic eval-
uation metric for image captioning, which is applicable
to both reference-based and reference-free settings. Pearl
adopts a single-model strategy that jointly addresses both
settings, facilitating the learning of shared representations.
In contrast to approaches that train separate models for each
setting, this design allows all samples — whether reference-
based or reference-free — to contribute to training.

The inputs to Pearl are an image &;,,, a candidate caption
Zcand, and a set of references X.¢¢. In the reference-based

set_ting, Xiet = {wii)t}fil, where N > 1 and each reference

x") is represented as a binary matrix 2} € {0,1}V*L.
In the reference-free setting, X, = @, corresponding to
N = 0. Here, V and L represent the vocabulary size and the
number of tokens in a caption, respectively. In both settings,
Timg € R >W represents the input image, where H and
W denote the height and width of the image, respectively.
The candidate caption Teang € {0,1}Y*% is also encoded
as a binary matrix. Given these inputs, Pearl outputs the final
evaluation score ¢ in an LLM-free manner, with or without
reference captions.

Why do we need LLM-free metrics? LLM-based met-
rics have two severe limitations. First, recent studies have
shown that LLM-based evaluators favor their own genera-
tions (Panickssery, Bowman, and Feng 2024; Navigli, Co-
nia, and Ross 2023); therefore, their neutrality is in question.
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Figure 2: Overview of the proposed metric, Pearl. Our proposed metric consists of the Img-GEM and multiple Ref-GEMs. The
Img-GEM computes a score for a candidate caption based on the associated image, whereas each Ref-GEM calculates a score
based on a reference. In reference-based setting, Pearl computes the scores for candidate caption based on either the image or
the references, and then fuses them into the final prediction score. Conversely, in the reference-free setting, the final prediction

score is computed based solely on the image.

Second, as will be discussed in the Experiments section,
LLM-based metrics often suffer from prohibitively long in-
ference times, making their application impractical. There-
fore, it is important to develop an LLM-free metric that does
not suffer from the neutrality and speed issues.

Architecture Overview

Pearl consists of four main features: Adaptive RUSE-type
Similarity Mechanism (ARSM), Image-Guided Evaluation
module (Img-GEM), Reference-Guided Evaluation module
(Ref-GEM), and Vector Similarity Scoring (VSS) submod-
ule. Fig. 2 shows an overview of Pearl.

The core components of our proposed method are ARSM
and VSS. ARSM can handle learnable representations of
image—caption and caption—caption similarities, unlike pre-
vious metrics which rely on fixed representations (Rei et al.
2020; Shimanaka et al. 2018; Wada et al. 2024; Matsuda
et al. 2024). ARSM can be applicable to existing super-
vised metrics for natural language generation (Shimanaka
et al. 2018; Rei et al. 2020). In contrast, VSS generates
an intermediate score for candidates from multiple perspec-
tives by fusing embeddings from multiple encoders (e.g.,
CLIP, BLIP-2, BeiT-3). Specifically, it computes ARSM-
based representations for each encoder independently and
then fuses them to produce an intermediate score.

Building on these cores, the proposed metric consists of
Img-GEM and N Ref-GEMs, each of which internally in-
vokes VSS, where N denotes the number of references.
First, Img-GEM evaluates candidate captions based on im-
ages using VSS, while each Ref-GEM assesses them based
on reference captions, also using VSS. Subsequently, Pearl
generates the final score by combining the N Ref-GEM out-
puts with the Img-GEM outputs. Unlike previous supervised
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metrics (Wada et al. 2024; Matsuda et al. 2024) that per-
form early fusion of features, we adopt a late-fusion ap-
proach, allowing effective learning in both reference-based
and reference-free settings.

Adaptive RUSE-type Similarity Mechanism

We introduce Adaptive RUSE-type Similarity Mechanism
(ARSM), which learns representations of image—caption
and caption—caption similarities. Previous approaches (e.g.
Shimanaka et al. (2018)) often have utilized element wise
differences and the Hadamard product as fixed representa-
tions for the similarity. This RUSE-type similarity operation
has demonstrated its effectiveness in various tasks, includ-
ing machine translation (Shimanaka et al. 2018; Rei et al.
2020) and image captioning (Wada et al. 2024; Matsuda
et al. 2024). However, such fixed operations may be sub-
optimal because they do not involve representation learning.
Although replacing the Hadamard product and element
wise difference with feed-forward networks sounds theoret-
ically plausible, this does not always yield effective results
(see ablation studies in the Experiments section). Therefore,
we construct feed-forward networks that satisfy the same in-
put and output requirements as the Hadamard product and
element wise difference. We then integrate this network in a
trainable form into our proposed metric. We introduce two
components of ARSM: DiffNet and HadamardNet.

DiffNet. DiffNet consists of a single layer of feed-forward
networks. DiffNet replaces the difference operation between
two features, ;7 € R4 and x5, € R"*<, The differ-
ence operation is easily captured by a single fully-connected
layer with the following initialization parameters: ogig =
Wixy + Wsexs 4+ b, where ogig denotes the output of
DiffNet, W; and W5 are weight parameters, and b is a bias



parameter. We initialize W; = 1%, W2 = —14x,, and
b = 0, where 1,,, denotes d x n matrix of ones.

HadamardNet. HadamardNet, composed of L; CNN
layers, is used to capture the relationship between x; and
x instead of the Hadamard product operations. Given the
challenges in constructing mappings of the Hadamard prod-
ucts using methods akin to DiffNet, we employ a learning-
based approach. Initially, we generate multiple vectors from
a uniform distribution U(a,b) to collect training samples.
We then pretrain HadamardNet to learn the Hadamard prod-
ucts of these vectors. Here, a and b denotes the hyperparam-
eters. We initialize HadamardNet with the parameters ob-
tained from this pretraining. The final output of Hadamard-
Net is Opaq, 1., - Finally, the output of ARSM is defined as
OARSM = [Odiff,Ld§ Ohad,Lh]-

Img-GEM and Ref-GEM

Img-GEM and Ref-GEM handle image—caption and
caption—caption similarities, respectively. Previous stud-
ies(Hessel, Holtzman et al. 2021; Sarto, Barraco et al. 2023;
Lee et al. 2024) have noted that preparing high-quality refer-
ences is extremely time-consuming and have proposed met-
rics for both settings (Lee et al. 2024; Sarto, Barraco et al.
2023). Although supervised metrics outperform other LLM-
free metrics on standard benchmarks, almost all existing su-
pervised metrics (Wada et al. 2024; Matsuda et al. 2024)
assume a reference-based setting. This limitation arises be-
cause these metrics fuse the features of a candidate caption,
references, and an image early in the process. In contrast,
our supervised metric employs a late-fusion approach, com-
puting scores from Img-GEM and multiple Ref-GEMs and
then fusing these into the final prediction score.

Img-GEM computes a score for a candidate caption based
on the associated image, while each Ref-GEM calculates a
score based on a reference. Initially, in Img-GEM, we extract
image features { Vygem ; € R¥&veemi |j = 1,2,..., Mipg}
from @i using Miy,, image encoders. Here, dygem,; de-
notes the dimension of the j-th encoder in Img-GEM. Sub-
sequently, we also extract sentence embeddings { Cygem,; €
Rbveems | j = 1,2,..., Mimg} from cang using the corre-
sponding M;y,g text encoders. We use frozen CLIP (Radford
etal. 2021), BLIP-2(Li et al. 2023), and BEiT-3 (Wang et al.
2023) as the image and text encoders in Img-GEM because
they are known for their ability to align image and text fea-
tures.

The i-th Ref-GEM processes the i-th reference x

extracts sentence embeddings {rrgem ; € Rdrgcmﬂ | J
1,2,..., Mt} using M, text encoders. Here, drgem,;
denotes the dimension of the j-th encoder in Ref-GEM.
Similarly, we extract sentence embeddings { Crgem,; €
Rrsem. | 1,2,..., Mot} from @eang using Mier
text encoders. As the text encoders in Ref-GEM, we use
frozen BLIP-2, BEiT-3, and Stella (Zhang et al. 2024), a
lightweight sentence embedding model with approximately
400M parameters. Here, Stella is employed because its per-
formance is comparable to that of SOTA LLMs on standard
benchmarks (e.g. Zhang et al. (2024)).

() and
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Subsequently, in Img-GEM, we feed the extracted
{ (cvgem,ja vvgem,j) |j = 1, 2, faay Mimg} into the VSS
submodule. Moreover Ref-GEM feeds the extracted
{(crgenw7 reem ;) | J = 1,2, .., Ming} into the same sub-
module. Flnaﬁy, the Img- GEM output and the ¢-th Ref-GEM

output are hip,g and h( 2

Lof» TESpEctively.

Vector Similarity Scoring Submodule

VSS submodule evaluates xc.nq based on the inputs
{(e;,hi) | i=1,..., M}, where ¢; and h; denote the i-th
embedding of x.,q4, and the i-th embedding used as a ba-
sis for evaluating x.anq, respectively. Here, M denotes the
number of encoders. By fusing embeddings obtained from
multiple encoders, VSS can assess xcand from multiple per-
spectives. Initially, this submodule employs ARSM on each
pair (¢;, h;) to obtain features g; that capture representa-
tions of differences between embeddings.

These features {g; }£, are then concatenated and fed into
a Transformer con51st1ng of Ly layers to extract features
genc that are beneficial for evaluation. Inspired by (Li et al.
2023), we then feed gen into a Q-Former, which contains
Lq layers, to obtain the feature gqec. Finally, the score ¢,
is obtained by processing gqe.. through an MLP.

In the reference-based setting, we compute the scores

for @cana based on either i, or {:cref}N , and then fuse
them into the final prediction score. In the reference-free set-
ting, the final prediction score for @4 is computed based
solely on the image. The image-based score for §j;mg and the
reference-based score ..+ are computed as follows:

Jimg = 0 (MLP (Rinmg)),
Uref = maX( (MLP(hEZ)f)))

ey
(@)

where o denotes the sigmoid function.
Finally, the final evaluation score g is computed by fusing
Uimg and Jrer as follows:

~ )\Aim + (1
= { Yimeg (
yimg

(Reference-based)
(Reference-free)

- )‘)gref (3)

where )\ is a hyperparameter within [0, 1]. We set A to 0.5.
We use the Huber loss Lyyper (-, -) for its robustness to out-
liers. In the reference-based setting, the loss is computed as
the average of Liyuber(¥; Jimg) and Luuber (Y, Grer). In the
reference-free setting, we use only Lyyper (¥, Qimg).

Spica Dataset

The development of supervised metrics for image caption-
ing requires large-scale and diverse datasets in terms of
the number of images, annotators, and captioning models.
Specifically, a dataset should: (i) contain an extensive col-
lection of human judgments and (ii) include a diverse and
large-scale set of images to effectively capture the similari-
ties between images and candidate captions. However, few
standard datasets (Aditya et al. 2015; Hodosh et al. 2013;
Wada et al. 2024; Matsuda et al. 2024) meet both crite-
ria. The dataset with the largest collection of human judg-
ments (Wada et al. 2024) comprises approximately 131k



Metrics Ref Composite Flickr8K-Ex Flickr8§K-CF Nebula FOIL Test time
Tp Te Ty Te T Te T T 1-ref [%] 4-ref [%] [hour]
LLM-free methods (reference-based)
BLEU (Papineni et al. 2002) v’ 283 306 30.6 308 164 87 465 441 665 82.6 < 0.01
ROUGE (Lin 2004) v 300 324 321 323 199 103 458 434 71.7 79.3 < 0.01
CIDEr (Vedantam, Zitnick, and Parikh 2015) v 34.9 37.7 43.6 439 246 127 51.5 488 825 90.6 < 0.01
METEOR (Banerjee et al. 2005) v’ 360 389 415 418 222 11.5 502 47.6 788 82.6 < 0.01
SPICE (Anderson et al. 2016) v’ 38.8 403 517 449 244 120 515 474 755 86.1 0.089
RefCLIP-S T (Hessel, Holtzman et al. 2021) v 512 554 52.6 53.0 364 188 53.6 508 91.0 92.6 0.014
RefPAC-S T (Sarto, Barraco et al. 2023) v’ 530 573 555 559 376 19.5 547 519 937 94.9 0.023
Polos (Wada et al. 2024) v’ 537 576 56.1 564 378 195 58.0 550 933 95.4 0.036
Ref-HICEScore (Zeng et al. 2024a) v 539 58.7 572 577 382 19.8 - - 96.4 97.0 -
DENEB ' (Matsuda et al. 2024) v’ 540 579 556 565 380 19.6 58.1 55.1 95.1 96.1 0.038
RefPAC-S++ ' (Sarto, Moratelli et al. 2024) v 54.7 59.1 553 557 379 19.6 533 50.6 93.5 94.1 0.023
Ours (ViT-B/32) v 558 604 58.2 58.6 386 200 584 554 96.5 97.2 0.043
LLM-free methods (reference-free)
CLIP-S (Hessel, Holtzman et al. 2021) 49.8 53.8 51.1 51.2 344 177 505 479 872 87.2 < 0.01
PAC-S T (Sarto, Barraco et al. 2023) 51.5 557 539 543 360 18.6 51.0 483 899 89.9 0.013
HICEScore (Zeng et al. 2024a) 53.1 579 559 564 372 192 - - 93.1 93.1 -
PAC-S++ T (Sarto, Moratelli et al. 2024) 539 583 541 545 37.0 19.1 505 479 90.2 90.2 0.013
BLIP2Score (Zeng et al. 2024b) 569 61.5 522 525 367 19.0 53.0 50.7 943 943 0.020
Ours (ViT-B/32) 540 584 56.2 56.6 378 195 559 53.0 96.7 96.7 0.043
LLM-based methods
CLAIR' (Chan, Petryk et al. 2023) v - 61.0 583 488 382 17.0 - - - 93.6 8.3
FLEUR (Lee et al. 2024) - 635 - 53.0 38.6 - - - 96.8 96.8 3.7
Ref-FLEUR (Lee et al. 2024) v - 642 - 519 38.8 - - - 97.3 98.4 4.0
HiFiScore (Yao et al. 2024) - 657 - 584 - - - - - - -
Ref-HiFiScore (Yao et al. 2024) v - 658 - 58.4 - - - - - - -
G-VEval (Tong, He et al. 2024) - - 615 597 387 202 - - - - 11
Ref-G-VEval (Tong, He et al. 2024) v - - 60.5 58.7 382 199 - - 97.8 98.4 11
EXPERT (Kim et al. 2025) - 650 - 56.7 39.3 - - 549 - - -

Table 1: Quantitative comparison with baseline metrics. The column “Ref” indicates whether the method uses reference cap-

tions. Bold font indicates the best values and underline indicates the second best values.

[T3EL]

indicates either non executable

code or unavailable data. “7,” and “7.” represent Kendall’s 7, and 7, correlation coefficients, respectively. “Test time” refers
to the total inference time for evaluating the test sets of COCO (Lin et al. 2014), nocaps (Agrawal, Desai et al. 2019), and
TextCaps (Sidorov, Hu et al. 2020). Metrics marked with T use ViT-B/32 as the backbone for a fair comparison.

human judgments but contains only 13k images. As noted
in (Matsuda et al. 2024), this imbalance could potentially
lead to suboptimal evaluation of various types of images.
Similarly, Nebula (Matsuda et al. 2024) has the largest num-
ber of unique images but only 32k human judgments, which
can result in suboptimal alignment with human judgments.

To address these gaps, we constructed the Spica dataset,
which includes (i) a large number of human judgments and
(i) a diverse and extensive collection of images. The Spica
dataset comprises 333,397 human judgments collected from
2,360 annotators and 75,535 unique images. Our dataset
stands out with its significantly larger number of human
judgments and greater diversity of both images and anno-
tators. Specifically, our dataset includes 2.5 times the num-
ber of human judgments as the Polaris dataset (Wada et al.
2024), the largest existing dataset in terms of human judg-
ments. Moreover, our dataset contains 2.3 times as many
unique images as the Nebula dataset (Matsuda et al. 2024),
which currently has the highest number of unique images.
To generate candidate captions, we employed the ten image
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captioning models. The criteria of model selection, the sta-
tistical information and details of our dataset can be found
in the Appendix.

Experiments

To evaluate the correlation between the metric and human
judgments on both in-domain and out-of- domain samples,
we used the Composite (Aditya et al. 2015), Flickr8K-
Expert (Hodosh et al. 2013), Flickr§K-CF, and Nebula (Mat-
suda et al. 2024) datasets. Note that we corrected the annota-
tion errors found in the Nebula dataset. Moreover, to assess
robustness against hallucination, we conducted comparative
experiments with the FOIL dataset (Shekhar et al. 2017). We
selected these benchmarks because they are standard in this
field. Details of the baselines are provided in the Appendix.

"Following standard practice (Tong, He et al. 2024; Lee et al.
2024), we report the scores of CLAIR as reproduced in (Tong,
He et al. 2024; Lee et al. 2024), because the originally reported
results exhibit a disparity in the calculation method compared to
other metrics (https://github.com/DavidMChan/clair/issues/2).
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Figure 3: Qualitative results on the Nebula dataset. Cases (a) and (b) show successful cases in the reference-based setting, while
Case (c) highlights successful sample in the reference-free setting. Case (d) shows a failure case in the reference-free setting.

Quantitative Results

Human correlation. Table 1 presents the quantitative
comparison results between the baselines and our proposed
metric on the Composite, Flickr§K-Expert, Flickr8K-CF,
and Nebula datasets. We employed Kendall’s 7, and 7. cor-
relation coefficients, as they are standard for evaluation in
this field. In the reference-based setting, Pearl achieved 7,
scores of 55.8, 58.2, 38.6, and 58.4 and 7, scores of 60.4,
58.6, 20.0 and 55.4 on the Composite, Flickr§8K-Expert,
Flickr8K-CF, and Nebula datasets, respectively. These re-
sults indicate that Pearl outperformed the existing LLM-free
baseline metrics by margins of 1.1, 1.0, 0.4 and 0.3 points for
7 and 1.3, 0.9, 0.2, and 0.3 points for 7. Pearl achieved an
average increase of 1.1 points in 73, and 0.93 in 7, over Ref-
HICEScore, the previous SOTA baseline metrics. In com-
parison, the average improvement of Ref-HICEScore over
RefPAC-S++, the second best previous metrics, was only
0.47 and 0.60 in 7, and 7, respectively. These results in-
dicate that Pearl yielded substantial improvements.

In the reference-free setting, our method achieved 7, of
56.2, 37.8, and 55.9, and 7. of 56.6, 19.5, and 53.0 on the
Flickr8K-CF, Flickr8K-Expert, and Nebula datasets, respec-
tively. These results indicate improvements of 0.3, 0.6, and
2.9 points for 73, and 0.2, 0.3, and 2.3 points for 7. over the
previous LLM-free SOTA baseline metrics, respectively.

Sensitivity to hallucination. Table 1 shows the perfor-
mance of the proposed metric and the baseline metrics on the
FOIL dataset. In the reference-based setting, Pearl achieved
SOTA performance among LLM-free metrics, with scores
of 96.5% in the one-reference setting and 97.2% in the four-
references setting. Moreover, in the reference-free setting,
our metric also achieved a SOTA performance of 96.7%
among LLM-free metrics, representing an improvement of
2.4 points over existing LLM-free metrics. These results
suggest that our metric is robust even against hallucinations.

Inference time. The rightmost column of Table 1 shows
the total inference time for evaluating the test sets of
COCO (Lin et al. 2014), nocaps (Agrawal, Desai et al.
2019), and TextCaps(Sidorov, Hu et al. 2020), which are the
standard benchmarks for image captioning (McKinzie et al.
2024; Xiao et al. 2024). All measurements were taken on
a system equipped with a GeForce RTX 3090 and an Intel
Core 19-10900KF. The inference times for recent LLM-free
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metrics, RefCLIP-S and RefPAC-S, were 0.014 and 0.023
hours, respectively. Pearl showed an inference time of 0.043
hours, suggesting that Pearl is comparable in terms of infer-
ence speed. In contrast, LLM-based metrics such as CLAIR
and FLEUR exhibited significantly longer inference times of
8.3 and 3.7 hours, respectively, which makes them at least 85
times slower than Pearl.

Qualitative Results

Successful cases. Fig. 3 shows successful cases of Pearl
on the Nebula dataset. In the figure, Cases (a) and (b) show
successful cases in the reference-based setting, while Case
(c) displays a successful case in the reference-free setting.

In Case (a), the human judgment was 0.90 because Tanqg
appropriately describes the image. Ref-CLIPS and Ref-
PACS++ incorrectly evaluated this sample with scores of
0.67 and 0.66, respectively, whereas Pearl appropriately
evaluated it with a value of 0.87. Similarly, in Case (b), Pearl
yielded the score most aligned with human judgment.

Case (c) shows a successful sample in the reference-free
setting. The human judgment was 0.75 because the cap-
tion only partially describes the image. Both PAC-S++ and
BLIP-S incorrectly evaluated the sample with scores of 0.53
and 0.38, respectively, whereas Pearl assigned a score of
0.81, which more closely aligned with the human judgment.

Failure case. Case (d) in Fig. 3 illustrates a failure case in
the reference-free setting. In this sample, T ..nq Was incor-
rectly described as “The elephant is brown,” which does not
correspond t0 @img. This discrepancy resulted in a human
judgment score of 0.00. However, our proposed metric eval-
uated this sample with a score of 0.21. Similarly, PAC-S++
and BLIP2-S assigned the sample scores of 0.28 and 0.21,
respectively, demonstrating discrepancies as well. Given that
the subject (i.e., “elephant”) is misidentified in this example,
the presence of the adjective “brown” should not contribute
to an increased score. However, these metrics include color
information when computing similarity; therefore, we hy-
pothesize that the failure occurs because even if the core part
(e.g., the subject identification) is incorrect, the presence of
correct color information leads to a score increase.
Moreover, to examine additional failure cases, we ana-
lyzed the 100 samples with the greatest absolute differences
between ¢ and y. For details of the analysis, see Appendix.



Image Encoder

Text Encoder Composite Flickr8K-Ex Flickr8§K-CF Nebula

Metric ARSM
CLIP BLIP-2 BEIiT-3 Stella Te Te Th Te
@) none v v v v 30.9 31.2 17.4 41.7
(i1) initial v v v v 54.3 58.2 38.5 52.5
(iii) RUSE-type v v v 59.5 56.7 37.3 50.3
@iv) adaptive v v v 51.9 56.0 37.3 52.0
) adaptive v v v 55.5 54.2 35.8 53.9
(vi) adaptive v v v 59.0 57.3 38.0 54.0
(vii) adaptive v v v 59.9 58.3 38.4 53.9
(viii)  adaptive v v v v 60.4 58.6 38.6 554

Table 2: Results of ARSM ablation and feature extractor ablation in reference-based setting. “7,” and “7.” represents the
Kendall’s 73, and 7, correlation coefficient, respectively. Results for reference-free setting are in the Appendix.

Metrics Training Com  Ex CF
Dataset . . -
(a) DENEB Nebula 579 56.5 38.0
(b) DENEB  Spica 586 569 382
(c) Pearl Nebula 59.2 57.7 379
(d) Pearl Spica 60.4 58.6 38.6

Table 3: Results of the Spica ablation. “Com”, “EX” and
“CF” represent Composite, Flickr§K-EX and Flickr8K-CF.

Ablation Study

We conducted ablation studies to assess the impact of each
module and Spica dataset. Tables 2 and 3 show the results of
the ablation studies. Results in the reference-free setting are
provided in the Appendix.

ARSM ablation. We investigated the contribution of
ARSM, which learns features, in three different ways: by
removing it, freezing its parameters at their initial values,
and replacing it with a non learnable RUSE-type similar-
ity. Table 2 shows that Metric (i) yielded correlation coeffi-
cients of 30.9, 31.2, 17.4, and 41.7 for Composite, Flickr8K-
Expert, Flickr8K-CF, and Nebula, respectively. These val-
ues decreased by 29.5,27.4,21.2, and 13.7 points compared
with those of Metric (viii).

Moreover, Metric (iii), a version where ARSM was re-
placed with a non-learnable RUSE-type similarity, yielded
correlation coefficients of 59.5, 56.7, 37.3, and 50.3 for
Composite, Flickr8K-Expert, Flickr8K-CF, and Nebula, re-
spectively. These values decreased by 0.9, 1.9, 1.3, and 5.1
points compared to Metric (viii). These results indicate that
ARSM was effective at extracting significant features for
evaluation and significantly contributed to performance.

Feature extractor ablation. We investigated the contribu-
tion of image and text encoders by removing CLIP, BLIP-
2, BEIT-3, and Stella. Table 2 demonstrates that Metric
(iv), which corresponds to Pearl without the Stella en-
coder, achieved correlation coefficients of 51.9, 56.0, 37.3,
and 52.0 on Composite, Flickr8K-Expert, Flickr8K-CF, and
Nebula, respectively. Compared to the original Pearl (viii),
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these scores decreased by 8.5, 2.6, 1.3, and 3.4 points, re-
spectively, highlighting the significant contribution of Stella
to performance in the reference-based setting.

Moreover, Table 2 shows that Metric (v), which corre-
sponds to Pearl without the CLIP encoder, yielded corre-
lation coefficients of 55.5, 54.2, 35.8 and 53.9 on Compos-
ite, Flickr8K-Expert, Flickr§K-CF, and Nebula, respectively.
Compared with those of the original Pearl (viii), these values
decreased by 4.9, 4.4, 2.8 and 1.5 points. These results indi-
cate that CLIP significantly contributed to the performance.

However, they do not indicate that CLIP is the sole con-
tributor to Pearl’s performance. To further investigate this,
we conducted an ablation study where all encoders except
CLIP were removed. Details are provided in the Appendix.

Spica Ablation. We evaluated the effectiveness of the
Spica dataset by training the existing supervised metric on
Spica. We compared DENEB (Matsuda et al. 2024) be-
cause it was the previous SOTA among supervised LLM-
free metrics. As shown in Table 3, DENEB achieved better
performance when trained on Spica (b) compared to when
trained on Nebula (a), which is their original training dataset.
These results indicate the versatility of Spica for supervised
metrics. Moreover, comparing Pearl trained on Nebula (c)
with the original model (d) highlights the contribution of
the Spica dataset to overall performance. These indicate that
Spica provided effective data for training supervised metrics.

Conclusion

We focused on the automatic evaluation for image caption-
ing. Our contributions are as follows: (i) we proposed Pearl,
a supervised metric for reference-flexible settings, (ii) we in-
troduced Img-GEM and Ref-GEM to handle image—caption
and caption—caption similarities, (iii) we introduced ARSM,
which learns rich similarity representations, (iv) we con-
structed Spica, a dataset with diverse images and extensive
human judgments, and (v) we achieved SOTA performance
on standard benchmarks within LLM-free metrics.

The proposed metric performed well on standard bench-
marks, although limitations remain. Our error analysis re-
vealed that Pearl assigned incorrect scores to captions that
lacked descriptiveness. Details of the analysis are provided
in the Appendix.
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