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Abstract
The evaluation of machine-generated captions is a
complex and evolving challenge. With the advent
of Multimodal Large Language Models (MLLMs),
image captioning has become a core task, in-
creasing the need for robust and reliable evalua-
tion metrics. This survey provides a comprehen-
sive overview of advancements in image caption-
ing evaluation, analyzing the evolution, strengths,
and limitations of existing metrics. We assess
these metrics across multiple dimensions, includ-
ing correlation with human judgment, ranking ac-
curacy, and sensitivity to hallucinations. Addition-
ally, we explore the challenges posed by the longer
and more detailed captions generated by MLLMs
and examine the adaptability of current metrics to
these stylistic variations. Our analysis highlights
some limitations of standard evaluation approaches
and suggests promising directions for future re-
search in image captioning assessment. For a com-
prehensive overview of captioning evaluation refer
to our project page available at https://github.com/
aimagelab/awesome-captioning-evaluation.

1 Introduction
Image captioning, the task of generating natural language de-
scriptions of visual content [Stefanini et al., 2022], is a funda-
mental component of modern Artificial Intelligence systems
such as Multimodal Large Language Models (MLLMs) and
autonomous agents. These models, indeed, need to under-
stand and interact with visual data effectively and be capable
of generating high-quality descriptions. As MLLMs continue
to advance, the development of robust and reliable evaluation
metrics for image descriptions becomes essential.

The history of image description has been marked by con-
tinuous innovation. Early captioning models evolved from
template-based and recurrent neural networks [Vinyals et
al., 2015] to Transformer-based architectures [Cornia et al.,
2020; Pan et al., 2020]. Typically, an image captioning model
consists of a visual encoder and a language model. Visual
encoders range from CNNs [Anderson et al., 2018] to Vision
Transformers [Dosovitskiy et al., 2021], while language mod-
els have transitioned from LSTMs to Transformers [Vaswani
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Figure 1: Taxonomy of image captioning metrics, distinguishing be-
tween reference-based and reference-free approaches. Grey dashed
lines indicate the absence of the input image during evaluation.

et al., 2017]. More recently, MLLMs, such as LLaVA [Liu et
al., 2024], IDEFICS [Laurençon et al., 2023], and Llama 3.2
Vision [Dubey et al., 2024], have integrated these capabili-
ties, transforming how captions are generated and evaluated.

Training strategies have also evolved, incorporating super-
vised learning integrating both cross-entropy loss and rein-
forcement learning using self-critical sequence training [Ren-
nie et al., 2017]. Several benchmark datasets have facili-
tated the development of image captioning models, including
COCO [Lin et al., 2014], Conceptual Captions [Sharma et
al., 2018], and nocaps [Agrawal et al., 2019], each providing
varying levels of diversity and complexity.

As captioning models improve, the role of evaluation met-
rics becomes increasingly critical. A good metric must assess
captions across multiple dimensions to ensure alignment with
human expectations both linguistically and semantically. A
strong captioning metric should reward captions that are flu-
ent, accurate, and faithful to the image content, while also
ensuring they focus on the most salient aspects and strike
a balance between detail and conciseness. Furthermore, it
should penalize hallucinated or misleading information.

Early metrics such as BLEU [Papineni et al., 2002],
ROUGE [Lin, 2004], and METEOR [Banerjee and Lavie,
2005] were borrowed from machine translation and focused
on n-gram overlap with reference captions. Later, specialized
metrics like CIDEr [Vedantam et al., 2015] and SPICE [An-
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derson et al., 2016] aimed to improve correlation with hu-
man judgment by incorporating consensus-based scoring and
scene graph analysis, respectively. While these metrics in-
troduced refinements, they remained constrained by their re-
liance on reference captions and linguistic overlap.

Recent advances have shifted towards learnable metrics
leveraging vision-and-language pre-trained models. CLIP-
S [Hessel et al., 2021] introduces a contrastive approach
to measure image-caption alignment based on CLIP em-
beddings. Fine-grained metrics like BRIDGE [Sarto et al.,
2024a] and HiFi-S [Yao et al., 2024] capture localized se-
mantics and hierarchical structures. LLM-based metrics such
as CLAIR [Chan et al., 2023] and FLEUR [Lee et al., 2024]
integrate reasoning and explanation into caption evaluation.

With the rise of MLLMs as image description generators,
the nature of captions has changed, as these models gener-
ate captions that differ in length and specificity. Conventional
evaluation metrics may no longer reliably assess caption qual-
ity in this new paradigm, posing new challenges for the task.
Following this insight, this survey provides a comprehensive
analysis of existing captioning metrics, from traditional rule-
based approaches to modern learnable methods and LLM-
driven techniques. We explore their evolution, strengths, and
limitations while emphasizing the growing need for robust
evaluation frameworks that can adapt to the stylistic diver-
sity introduced by MLLMs. Additionally, we present an
in-depth experimental study assessing metrics across multi-
ple dimensions, including correlation with human judgment,
ranking accuracy, and sensitivity to hallucinations. Our anal-
ysis highlights the performance gaps of conventional metrics
and showcases promising directions for future research.

2 The Evolution of Captioning Metrics
In this section, we present the evolution of captioning metrics,
outlining their development from traditional non-learning-
based evaluation strategies to recent advancements incorpo-
rating LLMs. Fig. 1 presents a taxonomy that highlights the
key characteristics of the most commonly used metrics, in-
cluding their reliance on reference captions or image input.

2.1 Rule-based Metrics
Many widely used evaluation metrics for image caption-
ing originate from NLP tasks and rely heavily on n-gram
matching techniques. Popular metrics in this domain in-
clude BLEU [Papineni et al., 2002], METEOR [Banerjee and
Lavie, 2005], ROUGE [Lin, 2004], CIDEr [Vedantam et al.,
2015], and SPICE [Anderson et al., 2016]. Despite their ex-
tensive use in image captioning, these traditional metrics ex-
hibit several limitations. Notably, they do not consider the in-
put image during evaluation and often demonstrate weak cor-
relations with human judgment. Also, their reliance on refer-
ence captions restricts their ability to comprehensively eval-
uate generated captions, as their effectiveness is inherently
influenced by the style and quality of the reference dataset.

BLEU [Papineni et al., 2002] and METEOR [Banerjee and
Lavie, 2005] were originally designed for machine translation
tasks. BLEU evaluates n-gram precision and introduces the
concept of modified unigram precision, which adjusts word

frequency counts by considering the maximum occurrence
of each word across all reference translations. By design,
it penalizes overly long translations through precision-based
scoring and mitigates excessively short ones with a brevity
penalty, promoting balance in word choice, order, and length.
However, BLEU lacks a direct measure of recall, which quan-
tifies the proportion of matched n-grams in the reference.
Recall is particularly crucial for evaluating translation qual-
ity, as it reflects the extent to which a candidate text cap-
tures the content of the reference. Introduced to mitigate this
limitation, METEOR prioritizes recall by considering uni-
gram matches between candidate and reference sentences and
incorporating exact matches, stemmed forms, and semantic
equivalences. This enables METEOR to provide a more de-
tailed and holistic assessment of translation quality. Simi-
larly, ROUGE [Lin, 2004], initially developed for summa-
rization tasks, has been adapted for evaluating visual descrip-
tions and emphasizes n-gram recall by analyzing the overlap
of n-grams between candidate and reference texts.

Recognizing the limitations of these general-purpose met-
rics, CIDEr [Vedantam et al., 2015] and SPICE [Anderson
et al., 2016] were designed for the captioning task. CIDEr
employs a TF-IDF weighting scheme to reweight the signif-
icance of different n-grams, capturing both precision and re-
call while accounting for their contextual importance. SPICE
takes a structured approach by converting captions into scene
graphs and measuring their similarity, aligning the evaluation
with the semantic and structural elements of the captions.

2.2 Learnable Metrics
All the aforementioned metrics primarily rely on textual-level
comparisons and struggle to adequately account for synonym
matches from a linguistic perspective. Moreover, they as-
sume that human-written reference captions perfectly reflect
the content of the image, which may not always be the case.
To overcome these limitations, recent metrics leverage pre-
trained models to compare textual-only and visual-textual
content, using both supervised and unsupervised approaches.
Unsupervised Metrics. BERT-S [Zhang et al., 2020], for in-
stance, utilizes learned embeddings from the pre-trained lan-
guage model BERT [Devlin et al., 2018] to more effectively
measure semantic similarities between candidate and refer-
ence captions. Building on this, BERT-S++ [Yi et al., 2020]
enhances the approach by incorporating the variance across
multiple reference captions, improving robustness. However,
these metrics still do not integrate the visual modality, which
can limit their ability to fully evaluate the performance of cap-
tioning models. To overcome this, metrics that explicitly in-
clude the image as input have been introduced. These meth-
ods leverage pre-trained vision-and-language models, such as
UNITER [Chen et al., 2020], ViLBERT [Lu et al., 2019], and
CLIP [Radford et al., 2021], to evaluate captions in a way that
aligns more closely with both textual and visual content.

Among these metrics, UMIC [Lee et al., 2021] stands out
as it effectively addresses a key limitation of BERT-S: the
difficulty of evaluating image captions in the absence of suf-
ficient reference captions. To overcome this, it introduces a
reference-free approach built on a fine-tuned version of a pre-
trained multimodal Transformer (i.e., UNITER). By leverag-
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ing contrastive learning, the model is trained to differentiate
between ground-truth captions and diverse synthetic negative
samples. These negative samples are meticulously designed
to cover various undesirable captioning cases, such as those
that are grammatically incorrect, irrelevant to the image, or
relevant but containing incorrect keywords. This approach
ensures a more robust evaluation of image captioning models
without relying on reference captions.

TIGEr [Jiang et al., 2019], on the other hand, focuses on
the integration of the image as one of the inputs for computing
an evaluation score. Building upon a text-image grounding
model [Lee et al., 2018], it allows evaluating caption quality
not only based on how well a caption represents image con-
tent but also on how well machine-generated captions match
human-generated ones. Following this line and inspired by
BERT-S, ViLBERT-S [Lee et al., 2020] computes cosine sim-
ilarity between token embeddings for reference and candidate
sentences. However, different from BERT-S, the token em-
bedding is computed with the consideration of image con-
texts. On a different line, FAIEr [Wang et al., 2021] employs
the scene graph as a bridge between the image and textual
modality. Specifically, it fuses scene graphs of the image and
references as a union scene graph and compares it with the
scene graph of generated captions.

Leveraging the success of employing pre-trained vision-
and-language models, numerous metrics started exploiting
the CLIP extensive pre-training to compute image captioning
evaluation scores. Among these, CLIP-S [Hessel et al., 2021]
was the first metric to utilize a modified cosine similarity be-
tween image and candidate caption representations derived
from the visual and textual encoders of CLIP. In a similar
way, MID [Kim et al., 2022] leverages CLIP-based visual-
textual features to compute negative Gaussian cross-mutual
information, yielding a more effective evaluation metric.

While these advancements highlight the potential of
contrastive-based embedding spaces for caption evaluation,
large-scale models pre-trained on web-sourced data have in-
herent limitations. In particular, CLIP, which is trained on
web-collected image-caption pairs, may be suboptimal for
image evaluation tasks, as such annotations often lack the
richness, grammatical correctness, and detail required to as-
sess generated, typically longer captions. To address this,
methods like PAC-S [Sarto et al., 2023] and its improved ver-
sion PAC-S++ [Sarto et al., 2024b] aim to refine the CLIP em-
bedding space by incorporating a fine-tuning phase. This pro-
cess incorporates curated image-caption pairs along with syn-
thetically generated positive examples, achieving improved
performance in image captioning evaluation.
Supervised Metrics. All the aforementioned metrics lever-
age the CLIP embedding space, either pre-trained or fine-
tuned on image-caption pairs. However, CLIP was not orig-
inally designed specifically for computing evaluation scores,
which can limit its effectiveness. To address this challenge, a
less explored research direction focuses on refining the CLIP
embedding space through supervised training approaches.
For instance, the Polos metric [Wada et al., 2024] is based
on Polaris, a dataset specifically designed for predicting eval-
uation scores under direct supervision from human-annotated
judgments. As part of this work, the authors propose a multi-

modal metric learning framework based on human feedback,
which handles both image and text inputs and learns directly
from human evaluations based on multimodal inputs.

Building on this foundation, the DENEB metric [Mat-
suda et al., 2024] introduces a supervised evaluation ap-
proach specifically designed to be robust against hallucina-
tions. DENEB processes multiple reference captions simulta-
neously to effectively capture similarities between an image,
a candidate caption, and reference captions. Furthermore, to
improve the visual diversity of the Polaris dataset, DENEB
introduces Nebula, an extended dataset containing approxi-
mately three times the number of images, further enhancing
its robustness and scalability for evaluation tasks.
Fine-grained Oriented Metrics. More recent metrics still
utilize multimodal models (e.g. CLIP) while integrating ad-
ditional components to enhance performance, particularly by
improving their ability to reward fine-grained details.

Some metrics adopt a reference-free approach, arguing that
reliance on reference captions introduces challenges and ad-
ditional costs, thereby increasing the complexity of the eval-
uation process. For instance, BRIDGE [Sarto et al., 2024a] is
a reference-free metric that employs a dual-encoder architec-
ture combined with a mapping module responsible for gen-
erating multimodal pseudo-captions, which integrate textual
and dense visual features. Similarly, InfoMetIC [Hu et al.,
2023] is designed to provide fine-grained feedback on cap-
tion quality. Beyond assessing precision and recall, it identi-
fies specific errors, such as incorrect words and unmentioned
image regions. To achieve this, InfoMetIC incorporates a fu-
sion module to model intra- and inter-modality relationships,
along with a fine-grained module that enhances the accuracy
of error localization in both text and image content.

Available in both reference-free and reference-based ver-
sions, HICE-S [Zeng et al., 2024] highlights the limitations
of CLIP-based metrics, which primarily assess global image-
text compatibility but often struggle with detecting local tex-
tual hallucinations and maintaining sensitivity to small visual
objects. To overcome these challenges, HICE-S introduces
a hierarchical scoring mechanism that leverages the SAM
model [Kirillov et al., 2023] to generate masks for localized
visual regions and corresponding textual phrases. These are
then processed through a modified version of the CLIP archi-
tecture [Sun et al., 2024], enhancing the model’s ability to
capture fine-grained visual-semantic relationships.

Following a similar hierarchical approach, HiFi-S [Yao et
al., 2024] is a fine-grained image description evaluation met-
ric that represents both text and images as parsing graphs.
These graphs organize multi-granular instances into a hier-
archical structure based on their inclusion relationships, en-
abling a comprehensive scene analysis across modalities from
global to local levels. Additionally, HiFi-S incorporates an
LLM to evaluate the fluency of candidate descriptions, fur-
ther enhancing the evaluation process.

2.3 LLMs-based Metrics
In recent years, the integration of LLMs into the captioning
evaluation pipeline has gained popularity, as demonstrated by
HiFi-S. While first attempts compared generated sentences
with reference captions using BERT-based embeddings, more
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Inputs Flickr8k-Expert Flickr8k-CF Polaris Nebula Composite Pascal-50S FOIL

External Models Image Refs Kendall τc Kendall τb Kendall τc Kendall τc Kendall τc Accuracy Accuracy

Rule-based
BLEU-4 [Papineni et al., 2002] - ✓ 30.8 16.9 46.3 40.4 30.6 74.0 66.2
ROUGE [Lin, 2004] - ✓ 32.3 19.9 46.3 42.6 32.4 78.0 54.6
METEOR [Banerjee and Lavie, 2005] - ✓ 41.8 22.2 51.2 46.8 38.9 81.1 70.1
CIDEr [Vedantam et al., 2015] - ✓ 43.9 24.6 52.1 48.1 37.7 80.1 85.7
SPICE [Anderson et al., 2016] - ✓ 44.9 24.4 51.0 44.0 40.3 76.7 75.5

Learnable Unsupervised
FAIEr [Wang et al., 2021] - ✓ ✓ - - - - - 81.4 -
TIGEr [Jiang et al., 2019] SCAN ✓ ✓ 49.3 - - - 45.4 80.7 -
UMIC [Lee et al., 2021] UNITERBASE ✓ 46.8 - 49.8 - 56.1 85.1 -
BERT-S [Zhang et al., 2020] BERTBASE ✓ 39.2 22.8 51.6 47.0 30.1 80.1 88.6
BERT-S++ [Yi et al., 2020] BERTBASE ✓ 46.7 - - - 44.9 80.1 -
ViLBERT-S [Lee et al., 2020] ViLBERTBASE ✓ ✓ 50.1 - - - 52.4 79.6 -
MID [Kim et al., 2022] CLIP ViT-B ✓ ✓ 54.9 37.3 51.3 51.3 - 85.2 90.5
CLIP-S [Hessel et al., 2021] CLIP ViT-B ✓ 51.2 34.4 52.3 46.9 53.8 80.9 87.2
RefCLIP-S [Hessel et al., 2021] CLIP ViT-B ✓ ✓ 53.0 36.4 52.3 46.9 55.4 83.3 91.0
PAC-S [Sarto et al., 2023] CLIP ViT-B ✓ 54.3 36.0 52.3 47.2 55.7 82.4 89.9
RefPAC-S [Sarto et al., 2023] CLIP ViT-B ✓ ✓ 55.9 37.6 55.2 50.6 57.3 84.7 93.7
PAC-S++ [Sarto et al., 2024b] CLIP ViT-B ✓ 54.5 37.0 52.4 - 58.3 82.3 90.2
RefPAC-S++ [Sarto et al., 2024b] CLIP ViT-B ✓ ✓ 55.7 37.9 54.8 - 59.1 84.5 93.5
InfoMetIC [Hu et al., 2023] CLIP ViT-B ✓ 55.5 36.6 - - 59.3 86.5 -
CLIP-S [Hessel et al., 2021] CLIP ViT-L ✓ 52.6 35.2 53.2 - 55.4 81.7 90.9
RefCLIP-S [Hessel et al., 2021] CLIP ViT-L ✓ ✓ 54.4 36.5 55.5 - - 85.0 94.9
PAC-S [Sarto et al., 2023] CLIP ViT-L ✓ 55.5 36.8 52.4 47.9 56.5 82.2 91.9
RefPAC-S [Sarto et al., 2023] CLIP ViT-L ✓ ✓ 57.1 37.7 55.5 50.4 - 85.0 95.3
PAC-S++ [Sarto et al., 2024b] CLIP ViT-L ✓ 57.4 38.5 53.6 - 62.0 82.4 -
RefPAC-S++ [Sarto et al., 2024b] CLIP ViT-L ✓ ✓ 57.9 38.8 55.6 - 61.6 84.7 -

Learnable Supervised
Polos [Wada et al., 2024] CLIP ViT-B ✓ ✓ 56.4 37.8 57.8 53.9 57.6 86.5 93.3
DENEB [Matsuda et al., 2024] CLIP ViT-B ✓ ✓ 56.5 38.0 - 54.1 57.9 87.0 95.1
DENEB [Matsuda et al., 2024] CLIP ViT-L ✓ ✓ 56.8 38.3 - 54.3 58.2 87.8 95.4

Learnable Fine-grained Oriented
BRIDGE [Sarto et al., 2024a] CLIP ViT-B ✓ 54.8 36.1 - - 55.0 82.6 91.5
BRIDGE [Sarto et al., 2024a] CLIP ViT-L ✓ 55.8 36.3 - - 57.2 82.9 93.0
HICE-S [Zeng et al., 2024] SAM+Alpha-CLIP ViT-L ✓ 56.4 37.2 - - 57.9 86.1 93.1
RefHICE-S [Zeng et al., 2024] SAM+Alpha-CLIP ViT-L ✓ ✓ 57.7 38.2 - - 58.7 87.3 96.4
HiFi-S [Yao et al., 2024] SAM+BLIP-2 ✓ 58.4 - - - 65.8 83.0 -

LLMs-based
CLAIR [Chan et al., 2023] GPT-3.5 ✓ 48.3 - - 52.7 61.0 78.7 81.4
FLEUR [Lee et al., 2024] LLaVA v1.5-13B ✓ 53.0 38.6 - - 63.5 83.2 96.8
RefFLEUR [Lee et al., 2024] LLaVA v1.5-13B ✓ ✓ 51.9 38.8 - - 64.2 85.5 97.3

Table 1: A quantitative comparison between metrics, reporting correlation scores on Flickr8k-Expert, Flickr8k-CF, Polaris, Nebula, and
Composite, along with accuracy on Pascal-50S and FOIL. The best scores within each category are in bold, overall best scores are underlined.

recent approaches leverage the advanced reasoning and ex-
tensive pre-training capabilities of LLMs to produce more ro-
bust evaluation scores. For example, CLAIR [Chan et al.,
2023] utilizes an LLM to rate the alignment of a candidate
caption with a set of reference captions. Notably, CLAIR
evaluates captions without considering image content. In re-
sponse, FLEUR [Lee et al., 2024] is a reference-free, explain-
able evaluation metric for image captioning, which directly
leverages a score generated by an MLLM and adjusted with
a smoothing function to better align with human judgments.

2.4 Hallucination-oriented Metrics
In image captioning, hallucination refers to the inclusion of
information, objects, or details in a generated caption that are
not present in the corresponding image, compromising the
reliability and quality of the description. Accurately identify-
ing captions with potential object hallucinations is therefore
essential. Metrics such as CHAIR [Rohrbach et al., 2018]
and ALOHa [Petryk et al., 2024] are specifically designed to
address this challenge. Specifically, the CHAIR metric cal-
culates what proportion of words generated is actually in the
image according to the ground-truth sentences and detected

object. However, this metric is restricted to a fixed set of
COCO objects and their synonyms. To overcome this limi-
tation, ALOHa introduces an open-vocabulary approach that
utilizes LLMs to detect object hallucinations. Specifically,
ALOHa extracts groundable objects from the candidate cap-
tion using an LLM, measures their semantic similarity to ref-
erence objects in captions or detections, and applies Hungar-
ian matching to compute the final hallucination score.

3 Experimental Evaluation
This section presents a comprehensive analysis of caption-
ing evaluation metrics through quantitative experiments. The
evaluation spans multiple dimensions, including correlation
with human judgments, ranking accuracy, and sensitivity to
object hallucinations. Experiments are conducted on diverse
datasets, with results summarized in Table 1. Additionally,
we assess how well existing metrics evaluate captions gener-
ated by modern MLLMs, with results presented in Table 2.

3.1 Correlation with Human Judgment
We analyze the correlation of metrics with human judgment,
highlighting their varying behaviours. Experimental results
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are reported on standard captioning evaluation datasets, in-
cluding Flickr8k-Expert, Flickr8k-CF, and Composite, along
with the more recent Polaris and Nebula datasets.

Datasets. Flickr8k-Expert [Hodosh et al., 2013] contains 17k
annotations for 5,664 images, with each pair scored from 1
(no correlation) to 4 (accurate depiction). Flickr8k-CF [Ho-
dosh et al., 2013] provides 145k binary quality judgments for
48k pairs across 1,000 unique images, using the mean pro-
portion of “yes” votes as the alignment score. The Compos-
ite dataset [Aditya et al., 2015] includes 12k human ratings
for image-caption pairs (with around 4k unique images), as-
sessed on a 1–5 scale. However, these datasets lack model-
generated captions, leading to a domain gap when applying
them to train evaluation metrics. To address this limitation,
the Polaris dataset [Wada et al., 2024] introduces 131k human
judgments from 550 evaluators (i.e., around ten times larger
than previous datasets) covering both human-written and
machine-generated captions from ten image captioning mod-
els. Expanding on Polaris, the Nebula dataset [Matsuda et al.,
2024] includes 32,978 images with human judgments from
805 annotators. In line with prior studies [Hessel et al., 2021;
Wada et al., 2024], we use Kendall’s correlation coefficient
τb for Flickr8k-CF and Kendall’s τc for the other datasets.

Experimental Analysis and Key Takeaways. Among rule-
based methods, CIDEr demonstrates the highest performance
across most datasets, with the exception of Flickr8k-Expert
and Composite, where SPICE outperforms it by +1 and +2.6
points, respectively. Within the learnable metrics, RefPAC-
S++ (ViT-L) achieves the best results on Flickr8k-Expert,
Flickr8k-CF, and Polaris, while ViLBERT-S yields the high-
est scores among metrics evaluated on the Nebula dataset.
Notably, reference-based metrics generally outperform their
reference-free counterparts. However, among the reference-
free methods, InfoMetIC and PAC-S variants demonstrate
superior performance, emphasizing the importance of refin-
ing large pre-trained backbones in the absence of reference
captions. When scaling the backbone size, PAC-S variants
maintain superior performance, demonstrating their robust-
ness and scalability. In a supervised setting, comparisons are
more complex due to differences in backbone sizes. Over-
all, DENEB (ViT-L) achieves the highest results across mul-
tiple datasets. Interestingly, despite leveraging a supervised
approach and incorporating an additional learnable module,
DENEB is outperformed by RefPAC-S++ (ViT-L), which is
trained in an unsupervised manner. This highlights the ef-
fectiveness of leveraging CLIP pre-training and enhancing
it with regularization through additional generated visual-
textual pairs. For fine-grained evaluation, the HiFi met-
ric, employing a hierarchical parsing graph, achieves the
best results in a reference-free setting, surpassing HICE-S
by +7.9 and BRIDGE (ViT-L) by +8.6 on the Composite
dataset. On the Flickr8k-CF dataset, the best performance
is instead achieved by RefHICE-S. Among LLM-based met-
rics, FLEUR performs best, highlighting the importance of
leveraging a multimodal approach that incorporates input im-
ages, unlike the CLAIR metric which relies solely on refer-
ence captions for evaluation. This underscores the critical
role of visual information in the captioning task.

Overall, no single metric consistently outperforms all oth-
ers across datasets. Interestingly, on the Flickr8k-CF dataset,
comparable results are achieved using both RefPAC-S++ and
the MLLM-based metric FLEUR. This comparison is partic-
ularly noteworthy, as the FLEUR metric, based on a LLaVA
model with 13B parameters, achieves similar performance to
metrics that utilize a smaller CLIP model with around 400M
parameters. This highlights that for specific tasks like cap-
tioning evaluation, refining a pre-trained embedding space
may be more effective than relying on a larger, multi-task em-
bedding. Moreover, there is a significant performance gap be-
tween rule-based metrics and newer approaches, highlighting
the importance of leveraging input images and the advantages
of large-scale pre-training in achieving superior performance.

3.2 Pairwise Ranking
We focus on the pairwise ranking ability of current captioning
metrics, measuring performance on the Pascal-50S dataset.
Dataset. Pascal-50S [Vedantam et al., 2015] evaluates cap-
tioning metrics using pairwise preference judgments. It con-
sists of 4,000 sentence pairs linked to 1,000 images, each
with 50 reference captions. Human judges determine which
caption better describes the image, categorizing pairs into
human-correct, human with one incorrect caption, human vs.
machine-generated, and machine-generated. In this setting,
we compute accuracy instead of correlation scores, reporting
the averaged results across the four categories.
Experimental Analysis and Key Takeaways. Among rule-
based metrics, METEOR achieves the highest accuracy, out-
performing CIDEr by +1 point. For learnable unsupervised
metrics, the results deviate from trends seen in correlation-
based evaluations, where larger backbones and reference-
based metrics typically excel. In this case, InfoMetIC, a
reference-free metric using the ViT-B backbone, emerges as
the best among all metrics. Its ability to identify incorrect
semantic words and unmentioned visual regions proves ad-
vantageous for this task. Conversely, for other learnable and
LLM-based metrics, the results closely align with those ob-
served in human correlation evaluations, with the highest
overall accuracy achieved by DENEB (ViT-L).

3.3 Sensitivity to Object Hallucinations
We evaluate robustness to hallucinations on the FOIL dataset.
Dataset. FOIL [Shekhar et al., 2017] consists of image-
caption pairs derived from COCO [Lin et al., 2014], where
captions are intentionally altered by introducing a single er-
roneous word, that makes the modified caption closely re-
sembles the original but includes a specific mistake. In our
evaluation, we compute the percentage of times the original
caption gets the highest score, according to each metric.
Experimental Analysis and Key Takeaways. In this task,
CIDEr outperforms all other rule-based metrics by a substan-
tial margin, with a gain of around +10 points. Among learn-
able metrics, RefHICE achieves the highest accuracy, fol-
lowed by DENEB and RefPAC-S, both using the ViT-L back-
bone. Reference-free versions of HICE and PAC-S experi-
ence a significant drop, indicating the need for reference cap-
tions to detect hallucinated objects. The results also highlight
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LLM Length BLEU-4 METEOR CIDEr CLIP-S PAC-S++ RefCLIP-S RefPAC-S++ Polos BRIDGE
C

ap
tio

ni
ng

M
od

el
s

Show and Tell [Vinyals et al., 2015] - 9.1 31.4 25.0 97.2 0.715 0.654 0.779 0.752 0.585 0.788
Show, Attend and Tell [Xu et al., 2015] - 9.1 33.4 26.2 104.6 0.727 0.670 0.790 0.766 0.609 0.804

Up-Down [Anderson et al., 2018] - 9.5 36.7 27.9 122.7 0.740 0.680 0.804 0.778 0.640 0.821
SGAE [Yang et al., 2019] - 9.4 38.6 28.8 129.8 0.750 0.691 0.812 0.786 0.655 0.833

AoANet [Huang et al., 2019] - 9.5 39.1 29.0 128.9 0.753 0.693 0.813 0.787 0.660 0.836
M2 Transformer [Cornia et al., 2020] - 9.7 39.1 29.2 131.2 0.757 0.699 0.813 0.791 0.629 0.841

X-Transformer [Pan et al., 2020] - 9.6 39.7 29.5 132.8 0.762 0.701 0.819 0.792 0.668 0.845
VinVL [Zhang et al., 2021] - 10.0 41.0 31.1 140.9 0.784 0.715 0.836 0.805 0.708 0.865
COS-Net [Li et al., 2022] - 9.6 42.0 30.6 141.1 0.773 0.712 0.829 0.803 0.692 0.859
BLIP-2 [Li et al., 2023] Flan T5-XL 9.6 43.8 31.7 146.0 0.782 0.719 0.838 0.810 0.716 0.868

G
en

er
al

P
ur

po
se

M
LL

M
s

InstructBLIP [Dai et al., 2023] Vicuna-7B 10.2 41.2 31.8 142.2 0.786 0.721 0.838 0.810 0.714 0.871
LLaVA-1.5 [Liu et al., 2024] Vicuna-7B 14.5 8.1 28.0 69.6 0.785 0.707 0.828 0.794 0.666 0.867

IDEFICS [Laurençon et al., 2023] Llama-7B 8.8 36.8 28.3 125.1 0.788 0.711 0.840 0.803 0.699 0.863
IDEFICS-2 [Laurençon et al., 2024b] Mistral-7B 12.2 19.1 24.3 74.1 0.800 0.711 0.819 0.780 0.626 0.865
IDEFICS-3 [Laurençon et al., 2024a] Llama-3-8B 14.2 17.4 24.5 62.2 0.801 0.710 0.811 0.771 0.615 0.865

Llama-3.2 [Dubey et al., 2024] Llama-3.2-11B 22.2 14.3 25.8 46.0 0.827 0.734 0.828 0.796 0.692 0.900

InstructBLIP [Dai et al., 2023] Vicuna-7B 43.3 9.8 25.0 2.8 0.828 0.738 0.817 0.792 0.709 0.912
LLaVA-1.5 [Liu et al., 2024] Vicuna-7B 49.5 8.3 23.0 0.3 0.813 0.722 0.808 0.783 0.689 0.898

IDEFICS [Laurençon et al., 2023] Llama-7B 29.0 11.4 24.8 43.9 0.792 0.719 0.815 0.788 0.679 0.867
IDEFICS-2 [Laurençon et al., 2024b] Mistral-7B 22.1 7.3 20.0 31.7 0.728 0.683 0.773 0.760 0.575 0.794
IDEFICS-3 [Laurençon et al., 2024a] Llama-3-8B 123.6 2.0 12.2 8.3 0.777 0.697 0.770 0.748 0.605 0.856

Llama-3.2 [Dubey et al., 2024] Llama-3.2-11B 31.4 10.2 23.9 30.5 0.832 0.736 0.818 0.790 0.689 0.906

Humans 10.4 - 24.1 87.6 0.782 0.710 0.822 0.792 0.654 0.856

Table 2: Evaluation scores on the COCO test set comparing traditional captioning models with general-purpose MLLMs. For MLLMs, we
assess both short captions and longer, unconstrained descriptions generated using the default prompt of the model.

the advantages of stronger backbones. For instance, PAC-S
(ViT-L) outperforms PAC-S (ViT-B) by +2 points, demon-
strating the impact of model architecture. Notably, rule-based
metrics like CIDEr are significantly surpassed by modern
multimodal approaches, with a performance gap of approx-
imately 10 points compared to RefPAC-S (ViT-L) and nearly
12 points against the LLM-based RefFLEUR. This dispar-
ity highlights the limitations of rule-based approaches in ef-
fectively capturing the nuanced semantics of image captions,
particularly in detecting subtle errors such as hallucinations.
Metrics like RefPAC-S and RefFLEUR benefit not only from
powerful backbones but also from their ability to align text
with visual content, allowing them to detect discrepancies
much more accurately than traditional metrics. These results
empathize the growing need for evaluation metrics that assess
not just linguistic fluency but also semantic accuracy and vi-
sual relevance through advanced multimodal understanding.

3.4 System-level Correlation
We assess whether well-established captioning metrics effec-
tively evaluate captions generated by modern MLLMs, espe-
cially when their style deviates from traditional COCO cap-
tions. The potential limitations of these metrics originate
from their design: rule-based metrics rely on reference cap-
tions that adhere to COCO-style annotations, while learnable
metrics are primarily fine-tuned on COCO or similar datasets.
As a result, their ability to evaluate captions with diverse lin-
guistic structures remains uncertain. To investigate this, we
assess MLLM-generated captions in two formats: short cap-
tions, comparable in length to COCO ones, and longer, un-
constrained descriptions1. This enables us to analyze metric
performance across varying caption styles and lengths.

1For short captions, we use the prompt “Briefly describe
the image”. For longer ones, we rely on the MLLM default
prompt (e.g. “What is the content of the image?”).

In Table 2, we evaluate popular captioning models on
the COCO test set using a range of metrics to assess their
effectiveness and highlight differences in their behavior2.
Our analysis includes both traditional captioning models and
modern MLLMs designed for broader tasks. Additionally, we
establish a human-based baseline by randomly selecting one
human-annotated caption from the five provided in COCO
and comparing it against the remaining references3. For eval-
uation, we employ standard rule-based scores such as BLEU,
METEOR and CIDEr, as well as two widely used learnable
metrics, CLIP-S and PAC-S++, along with their reference-
based counterparts. Additionally, we include two recent eval-
uation methods: Polos, a supervised metric, and BRIDGE,
which focuses on fine-grained visual details. This selection
allows for assessing how different evaluation methods cap-
ture caption quality across various models.

As it can be seen, for models explicitly trained for the im-
age captioning task, such as M2 Transformer, the generated
captions tend to align with COCO in both length and style.
Under these conditions, traditional evaluation metrics like
CIDEr, effectively recognize the superior quality of BLIP-
2 captions. Similarly, recently developed metrics leveraging
large-scale pre-trained models maintain strong performance.

When evaluating captions generated by MLLMs interest-
ing patterns emerge. If the captions remain similar in length
to the ones contained in COCO, rule-based metrics still per-
form effectively: CIDEr, for instance, assigns a score of
142.2 to captions generated by InstructBLIP. However, as
caption length increases, these metrics exhibit a sharp decline
in scores. Notably, when evaluating LLaVA-1.5, which pro-
duces significantly longer captions than COCO ones, CIDEr

2Note that for BLIP-2 we employ the captioning-specific model
fine-tuned on COCO image-caption pairs.

3BLEU is not reported for the human-based baseline as its value
is sensitive to the number of reference captions.
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M2 

In the image, we see a breakfast scene
with a plate of pancakes, a bowl of
butter, a cup of syrup, a glass of milk,
and a fork on a table.

IDEFICS

198.0

CIDEr
0.2

Image A plate of food with a sandwich and a
cup of coffee.

M2 

We see a black cat standing on the
hood of a car and the cat seems to be
curiously looking at the engine
compartment of the car.

IDEFICS

Image A cat sitting on the hood of a car.

M2 

We see a polar bear in a zoo enclosure.
The bear is standing on a rock and is
walking towards the camera. There are
some trees in the background.

IDEFICS

Image A polar bear standing next to a fence.

M2 

We see a beautiful flower arrangement
in a glass vase. The vase is placed on a
table, and the flowers are of different
colors, including white, pink, and green.

IDEFICS

Image A vase of flowers on a table with a

0.320

Polos
0.667

0.638

PAC++
0.734

220.5

CIDEr
0.0

0.603

Polos
0.634

0.719

PAC++
0.725

153.3

CIDEr
0.0

0.714

Polos
0.742

0.736

PAC++
0.784

179.9

CIDEr
0.0

0.677

Polos
0.728

0.688

PAC++
0.695

Figure 2: Qualitative examples showing the differences between captions generated by a traditional captioning model (i.e., M2 Transformer)
and MLLM-style captions (i.e., IDEFICS). Length and style variations affect rule-based metrics, while learnable metrics remain robust.

score drops dramatically to just 0.3. Qualitative results show-
ing this trend are reported in Fig. 2. This decline stems from
rule-based metrics relying on COCO-style captions, which
are shorter and simpler than detailed MLLM outputs, result-
ing in misleading evaluations.

In contrast, more recent metrics that incorporate large-
scale components exhibit greater robustness to variations
in caption length. A slight decline in performance is still
observed: for example, PAC-S++ decreases from 0.710 to
0.697 when caption length increases nearly ninefold (i.e., for
IDEFICS-3). This primarily reflects a lower confidence level
rather than a failure of the metric. In fact, although these met-
rics were not explicitly designed for evaluating long, highly
detailed captions, they still maintain a high degree of reliabil-
ity. For learnable reference-based metrics such as RefCLIP-
S, RefPAC-S++, and Polos, performance degrades more sig-
nificantly compared to their reference-free counterparts, re-
flecting a trend similar to that observed in rule-based metrics.
However, unlike rule-based solutions, these metrics retain
their ability to distinguish high-quality captions, correctly re-
warding models such as Llama-3.2 and InstructBLIP.

Overall, these results indicate that recent learnable metrics
designed for image captioning remain valuable for evaluat-
ing longer and more detailed captions generated by MLLMs,
demonstrating reliability despite variations in length and
style. However, reference-free metrics are generally prefer-
able, as they more effectively distinguish high-quality cap-
tions and exhibit greater robustness to variations in length.

4 Future Directions and Open Problems
Despite progress in image captioning evaluation, several chal-
lenges remain, offering opportunities for future research.
Benchmark Evolution. Traditional evaluation datasets
mainly feature short captions similar to those in COCO, cre-
ating a gap with the longer, more detailed outputs of modern
MLLMs. While recent efforts, like Polaris and Nebula, in-
corporate captions from standard models, they often maintain
the concise style of COCO descriptions. A valuable direction
would involve creating new benchmarks specifically designed
to assess the quality of metrics on longer, richer captions that
better reflect the MLLM outputs, addressing challenges like
synonyms, paraphrases, and domain-specific terms.

Explainability in Metrics. Most evaluation metrics generate
scores without offering insights into the rationale behind their
assessments, limiting their usefulness for improving caption-
ing models. A few metrics, such as CLAIR, have advanced in
this area by leveraging the interpretative capabilities of LLMs
to offer explanations alongside scores. Building upon these
advancements, future research should focus on further en-
hancing explainability, facilitating a deeper understanding of
the strengths and weaknesses of evaluation models.
Detecting Hallucinations. Hallucination remains a major
challenge in captioning, with models often generating inaccu-
rate details. While benchmarks like FOIL help identify sim-
pler errors, modern MLLMs produce more complex halluci-
nations, such as distorted relationships or invented elements.
To address this, more diverse datasets are needed to assess
these complex errors, including test cases designed to chal-
lenge evaluation metrics on altered attributes, incorrect rela-
tionships, or non-existent entities and actions. Additionally,
although some metrics targeting hallucinations have emerged,
more advanced solutions are required to capture the diversity
and semantic richness of MLLM-generated captions.
Metrics Personalization. Current evaluation metrics rely on
reference captions or image-caption alignment, but they fail
to accommodate the diversity of user preferences or task-
specific requirements. Future research should focus on the
development of personalized evaluation metrics, that can let
users prioritize factors such as detail, brevity, stylistic prefer-
ences, or domain relevance. By incorporating these custom
priorities, evaluation can become more adaptable and mean-
ingful across a variety of applications and user needs.

5 Conclusion
This survey examines image captioning evaluation metrics
with the advent of MLLMs, comparing their performance on
standard datasets and analyzing their adaptability to evolv-
ing caption styles. Our analysis reveals that traditional rule-
based metrics struggle to evaluate longer, more detailed cap-
tions, while learnable metrics remain effective. Moreover,
we highlight key open challenges and promising future direc-
tions, emphasizing the need for more robust, context-aware
evaluation frameworks that can assess the growing diversity
and complexity of captioning models.
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