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Abstract

The task of image captioning has recently been
gaining popularity, and with it the complex
task of evaluating the quality of image cap-
tioning models. In this work, we present the
first survey and taxonomy of over 70 different
image captioning metrics and their usage in
hundreds of papers, specifically designed to
help users select the most suitable metric for
their needs. We find that despite the diversity
of proposed metrics, the vast majority of stud-
ies rely on only five popular metrics, which
we show to be weakly correlated with hu-
man ratings. We hypothesize that combining
a diverse set of metrics can enhance correla-
tion with human ratings. As an initial step,
we demonstrate that a linear regression-based
ensemble method, which we call ENSEMB-
EvaL, trained on one human ratings dataset,
achieves improved correlation across five ad-
ditional datasets, showing there is a lot of room
for improvement by leveraging a diverse set
of metrics.!

1 Introduction

Evaluating the output of image captioning is chal-
lenging for several reasons. First, as in other
generative tasks, multiple outputs may be valid for
the same input, as illustrated in Figure 1, where
different valid captions for the same image have
no overlap in content words. Second, it involves
bridging across modalities, requiring evaluators to
compare text and images, unlike most generative
tasks that only involve textual information. At-
testing to the difficulty and importance of image
captioning is the sheer volume of metrics proposed
for this task, and their usage in hundreds of image
captioning models (Figure 2).

In this work, we survey the different approaches
proposed for evaluating image captioning, and

'Our code and data are available at github.com
/uriberger/caption_evaluation.

provide a first taxonomy comprising over 70 met-
rics, which were largely developed independently
of one another. We examine usage patterns of met-
rics over the past 14 years and demonstrate that
combining multiple metrics enhances correlation
with human ratings.

We begin by exploring various definitions of
image captioning presented in previous stud-
ies and examining their impact on evaluation
(Section 2). Then, in Section 3, we systemati-
cally examine all relevant papers from 15 major
venues in NLP, vision and machine learning be-
tween 2010 and 2024. This approach yields a body
of work consisting of 71 different automatic eval-
uation metrics and 5 human evaluation paradigms,
used in over 300 papers.

Next, we organize both automatic metrics
and human evaluation in a principled taxonomy
(Section 4). Our taxonomy is the first to com-
prehensively cover all automatic metrics used in
image captioning research. We design the taxon-
omy dimensions with the needs of metric users
in mind, focusing on dimensions such as the
candidate’s property each metric aims to mea-
sure. We also propose the first taxonomy for
human evaluation metrics, categorized into groups
such as comparative evaluation and scale rating
evaluation.

We then survey the use of evaluation methods
across 314 papers (Section 5). Interestingly, we
find that despite the wealth of different metrics
proposed for the task, the vast majority of exam-
ined papers use only five simple metrics (BLEU,
METEOR, ROUGE, CIDEr, SPICE), although
there has been a recent increase in the adoption
of alternative metrics. Furthermore, we find that
the use of human evaluation is declining in recent
years and that significance and inter-annotator
agreement are rarely reported.

Finally, in a series of evaluations, we show
that the five most popular metrics show only a
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Lego figures in the middle of the desert
A pyramid with statues of ancient kings

Some people and a dog in front of an old monument

Figure 1: An image with various valid captions that
have no overlap in content words, exemplifying some
of the challenges in evaluating image captioning (taken
from Crossmodal-3600; Thapliyal et al., 2022).
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Figure 2: Metrics usage over the years. Metrics used
in < 1 papers are omitted. N = indicates number of
metrics in this category.

weak correlation with human ratings, whereas
lesser-known metrics show a much higher corre-
lation. This underscores the value of a systematic
and comprehensive survey in identifying these
lesser-known but more effective metrics. We then
show that an ensemble of selected metrics we
name ENSEMBEvAL, optimized for diversity using
a feature selection algorithm, achieves enhanced
correlation with human ratings. This paves the
way for future research on metrics that consider
multiple aspects simultaneously.

To recap, our contributions are threefold. First,
we introduce the first comprehensive taxonomy
of automatic captioning evaluation metrics cate-
gorized by user-oriented aspects, helping future

model developers select the most suitable metric
based on the specific property they want their
model to excel in. Second, we examine key trends
in image captioning evaluation, highlighting a
shift from reliance on five simple metrics toward
alternative approaches. Finally, we demonstrate
that a simple linear regression-based ensemble
method improves correlation with human ratings
and provide the code publicly for future use.

2 Task Definition

Image captioning can be motivated by diverse
goals, and what counts as a ‘good’ caption heavily
depends on the system’s purpose and context.
Accurate evaluation requires explicitly defining a
system’s purpose, a step often overlooked or only
implicitly addressed in previous work. We start
with a review of common definitions.

Early research framed image captioning as
a means to assess vision-and-language mod-
els based on image-caption semantics, rather
than practical applications (Hodosh et al., 2013).
More recently, the task has often been defined
simply as describing the visual content of an
image or scene in natural language (Stefanini
et al., 2022; Nallapaneni and Konakanchi, 2023;
Gonzalez-Chavez et al., 2024). Yet, this definition
does not specify what visual content should be de-
scribed or the intended nature of the description.
These aspects depend on both the purpose and the
context of the description, which we now discuss
in detail.

Descriptions serve different purposes, each
with distinct requirements. For example, cap-
tions designed for accessibility should replace
the image, while captions in news articles typi-
cally augment or link the content of the image and
article (Kreiss et al., 2022). In practice, most stud-
ies focus on image replacement, i.e., generating
descriptions intended to serve as substitutes for
the image, as defined by Kreiss et al. (2022).

The exact purpose of image captioning is often
implicit in image captioning papers. Hodosh et al.
(2013) discuss the task in detail, and adopt a num-
ber of fundamental theoretical distinctions as to
the purposes of captioning, taken from library sci-
ence (Shatford, 1986; Jaimes and Chang, 1999).
Specifically, they argue that captions that focus
on conceptual descriptions (rather than low-level
“‘perceptual’’ descriptions) are the most relevant
for image understanding, the most commonly
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Conferences

NLP AACL, ACL, CoNLL, EACL
EMNLP, NAACL, TACL, *SEM

CV CVPR, ICCV, ECCV

ML Neurips, ICML, ICLR, AAAI

Community

Table 1: Venues included in our review. NLP: Nat-
ural Language Processing; CV: Computer Vision;
ML: Machine Learning.

tackled purpose in NLP. Within this category,
an important sub-distinction is between specific
captions, that identify entities by their names (e.g.,
Great Pyramid of Giza), and generic ones (e.g.,
that instead identify an object as a pyramid). Im-
age understanding usually (albeit, not universally)
targets the latter.

The second key factor is the context in which
a caption is generated. For instance, the top
caption in Figure 1 may suit Lego’s Instagram
account, while the middle caption might be more
appropriate for a travel guide.

While our survey covers all works on cap-
tioning evaluation—irrespective of purpose or
context—our experiments on metric performance
and ensembling (Section 6) focus on the replace-
ment task, specifically.

3 Literature Survey

We perform a systematic review and gather us-
age statistics of metrics in conference papers on
English image captioning. Overall, we examined
314 papers, and identified 71 distinct metrics.

Scope. We focus on a large set of 15 venues
spanning three distinct research communities
(Table 1). Figure 3 shows the annual number of
papers for each community. We begin collecting
data starting from 2024 backwards until reaching
the first year with no relevant papers, which is
20009.

Search Strategy. To identify image captioning
related papers within a venue, we search the venue
proceedings for papers with the substrings caption
or description in their titles, assuming relevant
titles are likely to include variations of the phrases
image captioning or image descriptions.

Filtering. Next, we manually filter out papers
that we deem irrelevant to our review. Specifi-
cally, we exclude: 1) papers on other types of

—— Vision
20 4 NLP
—— Machine Learning

154

10 4

# of papers

2010 2012 2014 2016 2018 2020 2022
Year

Figure 3: Annual number of image captioning pa-
pers per community, smoothed by convolving with a
window size of 3 years.

captioning such as video captioning; 2) papers un-
related to captioning that happen to have caption
or description in their titles; 3) papers that focus
on languages other than English; and 4) papers
that did not conduct any experiments (e.g., review

papers).

Collected Data. We collect two types of infor-
mation. First, we intend to describe the types of
metrics used in previous work. For each metric
introduced or used in the papers we examined,
we document its name, implementation details
and the paper in which it was introduced. To the
best of our knowledge, we are the first to sys-
tematically collect such a comprehensive set of
metrics, as previous research has focused on a few
well-known metrics (see Section 8).

Second, we seek to analyze the patterns of
metrics usage. Therefore, we record which metrics
were used in each examined paper.”

4 Taxonomy

Here, we introduce a taxonomy of the metrics
from the systematic review outlined in Section 3.

This work is novel in two respects: We are
the first to comprehensively include all metrics
proposed and used in previous studies, rather than
focusing on a limited set of well-known metrics.
Second, we are the first to describe a taxonomy
for human evaluation methods.

4.1 Automatic Evaluation

Motivation. Given the large number of 71 auto-
matic evaluation methods identified in our survey,

2We only document metrics that were used in the main
body of the paper, omitting metrics used in the Appendix.
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Figure 4: A taxonomy of automatic metrics for image captioning evaluation. For each category, we list the number

of metrics in parentheses. Top categories are preceded by the relevant section number.

categories, contain metrics. * —

it is a challenge to stay updated on the latest met-
rics. As a result, the common practice is to rely on
previously used metrics, typically the five dom-
inant ones (BLEU, CIDEr, METEOR, ROUGE,
and SPICE) as shown in Figure 2.

To address this issue, we propose a taxonomy
that helps users select the most suitable metric. We
categorize metrics based on the specific property
they assess in the candidate caption.

Method. We begin by categorizing the metrics
based on the evaluated property. For example,
BLEU, BERTScore, and CLIPScore are classified
under lexical similarity to reference, phrase level
semantic similarity to reference, and semantic
similarity to image, respectively.’

Next, we incrementally group together pairs of
categories based on their similarity to one another.
For instance, lexical similarity to reference and
phrase level semantic similarity to reference are
both grouped under similarity to reference, while
semantic similarity to image falls under similarity
to image. We repeat this process iteratively until
only one overarching category remains.

Finally, following the process of Nickerson
et al. (2013), we extend the taxonomy with three
additional dimensions, again motivated by the
overarching goal to support users in their choice
of metrics:

e Input type: The data provided to the met-
ric (candidate only, candidate + reference,

30ne metric (Yngve score, [Liu et al., 2019a]) did not
align with any category, another (Nubia, [Kane et al., 2020])
fit into two categories.

rectangles contain

Nubia is assigned to two distinct categories under Relation with ground-truth.

candidate + image, candidate + reference +
image).

e Implementation availability: Availability
of the metric’s implementation (none, ded-
icated codebase, or integration within a
generic platform like HuggingFace).

e API access requirements: Whether the
metric relies on a closed model API access.

The initial taxonomy was constructed by the first
author, followed by validation from the remain-
ing authors. Any disagreements were resolved
through majority voting. The final taxonomy is
visually presented in Figure 4. In the follow-
ing sections, we describe the various automatic
evaluation methods.

4.1.1 Relation with Ground-Truth

The largest and most widely used class of auto-
matic methods use a ground-truth source (either a
reference caption or the image) as a basis for
evaluating the candidate. We categorize these
methods based on the relation they examine (simi-
larity/extrinsic) and the nature of the ground-truth
(reference, image, both) they use.

Similarity to Reference. Early automatic meth-
ods, still the most common today, compare the
candidate caption to a reference caption.

Lexical Similarity: ~Some metrics compare the
candidate and reference captions at the word
level using a straightforward textual comparison,
most naively using exact match (Kang et al.,
2023). More advanced methods include comput-
ing n-gram overlap (BLEU: Papineni et al., 2002;
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NIST: Doddington, 2002; ROUGE: Lin, 2004;
METEOR: Banerjee and Lavie, 2005), n-gram
TF-IDF (CIDEr: Vedantam et al., 2015; CIDEr-r:
Oliveira dos Santos et al., 2021), and calculating
minimal edits to match the reference (TER, Snover
et al., 2006). Other metrics include the number of
reference words in the candidate (Rword, Cho
et al., 2022) and semantic comparisons includ-
ing synonyms (CHAIR, Rohrbach et al., 2018).
Finally, some studies measure the precision and re-
call of specific word categories, including parts of
speech (e.g., Exact noun/verb overlap Chan et al.,
2023a), objects (Wang et al., 2021c) and named
entities (common in newsimage captioning, e.g.,
Zhang and Wan, 2023).

Phrase-level Semantic  Similarity: Others
compare the semantics of sentence elements,
most commonly using phrase embeddings, either
with context (BERTScore: Zhang et al., 2020a;
BERTScore++: Yi et al.,, 2020) or without
(WMD: Kusner et al., 2015; NW: Cornia et al.,
2019; SSD: Takmaz et al., 2020; SemSim: Nag
Chowdhury et al., 2021; Fuzzy noun/verb overlap:
Chan et al., 2023a). VILBERTScore (Lee et al.,
2020) enriches phrase embeddings by injecting
visual information. The SPICE family (SPICE:
Anderson et al., 2016; SPICE-U: Wang et al.,
2020c) compares the components of scene graphs
of the candidate and reference captions. ALOHa
(Petryk et al., 2024) prompts Large Language
Models (LLMs) to identify object phrases in
both candidate and references and computes the
similarity of these phrases’ embeddings.

Sentence-level Similarity: Some metrics com-
pare semantics at the sentence level. MPNetScore
(Black et al., 2024) compares sentence level em-
beddings. Others (CLAIR: Chan et al., 2023b;
GPT4V evaluation: Ge et al., 2024) prompt LLMs
to compare the candidate and reference caption.
Nubia (Kane et al., 2020) explicitly trains a model
to evaluate sentence similarity.

Extracted Information Similarity: In specific
domains (e.g., medical image captioning), it is
common to extract relevant information from both
the reference and candidate captions for compar-
ison (e.g., a list of diseases from the captions in
clinical image captioning; Nishino et al., 2022).

Similarity to Image. Recent work suggests
comparing the candidate caption to the image

instead of a reference caption. These metrics are
also known as reference-free metrics.

Lexical Similarity: VIFIDEL (Madhyastha
et al., 2019) compares object phrases in the can-
didate with names of objects identified in the
image.

Phrase-level Semantic Similarity: InfoMetIC
(Hu et al., 2023a) compares text and visual token
embeddings. SPIPE (Xie etal.,2022) is a variation
of SPICE where the scene graphs of the candidate
and image are compared.

Sentence-image Similarity: Several recent
works embedded sentences and images in a joint
visual-textual space and computed the similarity
of candidate-image embeddings (Semantic Score:
Dognin et al., 2019; CLIPScore: Hessel et al.,
2021; PR-MCS: Kim et al., 2023; PACScore:
Sarto et al.,, 2023; BLIP2Score: Zeng et al.,
2024). CLIPImageScore (Ge et al., 2024) use
text-to-image methods to generate an image based
on the candidate and computes the embedding
similarity between this generated image and
the original image. UMIC (Lee et al., 2021b)
explicitly trains models to predict similarity of
candidate caption and image.

Retrieval-based Methods: A popular eval-
uation protocol involves using text-to-image
retrieval on the test set (e.g., Kornblith et al.,
2023). In this setting, a candidate caption is
matched with each image in the test set using
an image-text matching model (most commonly
CLIP), and the images are ranked by their match-
ing score with the candidate. Then, recall@n is
applied as the evaluation metric, with typical
values for n being 1, 5, and 10.

Similarity to Multiple Sources. Some meth-
ods use both the image and reference captions
as sources for comparison. FAIEr (Wang et al.,
2021b) compares the candidate scene graph with
a fusion of the image and reference scene graphs.
TIGER (Jiang et al., 2019b) and REO (Jiang et al.,
2019a) compare the candidate-image joint em-
bedding vector with the reference-image joint
embedding vector. RefCLIPScore (Hessel et al.,
2021) and RefPACScore (Sarto et al., 2023)
compute the harmonic mean of candidate-image
similarity with candidate-reference similarity.

Extrinsic Evaluation Using Ground-truth.
Several NLP tasks focus on understanding the
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relation between two input sources. Some metrics
use models trained for this task with the candidate
and a ground-truth source as the inputs.

Question Generation and Question Answering.
Lee et al. (2021a) generate questions from
the candidate and score it by how well a
question-answering model answers using the
reference caption (QACERef) or the image
(QACEImg).

Natural Language Inference (NLI). Nubia
(Kane et al., 2020) uses NLI models with the
reference as the premise and the candidate as the
hypothesis.

4.1.2 Relation With Human Behavior

The primary aim of captioning systems developed
in recent years is to imitate human behavior,
both in the text they generate and in the evaluation
process. Metrics in this category strive to explicitly
assess these properties.

Candidate Fluency. Some works (e.g., Ou
et al., 2023) evaluate the candidate’s perplex-
ity by employing an off-the-shelf large language
model (commonly GPT-2, Radford et al., 2019) to
compute the probability of the candidate’s tokens.
SMURF (Feinglass and Yang, 2021) computes
the activation flow through a Transformer model
self-attention layers, assumed to increase when the
candidate differs greatly from typical captions.

Is the Candidate Human-like? LEIC (Cui
et al., 2018) and NNEval (Sharif et al., 2018) mea-
sure how likely the candidate is to deceive a model
that discriminates between human-generated and
machine-generated sentences.

Human Rating Prediction. COSMic (Inan
et al., 2021) and Polos (Wada et al., 2024)
explicitly train a model to predict human scores.

4.1.3 Candidate Diversity

Several methods measure the diversity of gen-
erated captions. All assume a set of generated
captions S for which diversity is measured, where
S can either consist of candidates for the entire
test set, a set of similar images or a single image.

Lexical Diversity: While some works use lex-
ical similarity methods such as BLEU (mBLEU:
Shetty et al., 2017; self~-BLEU: Zhu et al., 2018)
and CIDEr (Self-CIDEr: Wang and Chan, 2019;

CIDErBtw: Wang et al., 2020a) on pairs of cap-
tions from S, others specifically designed methods
to measure lexical diversity in S (Vocab: Shetty
et al., 2017; Div-n: Shetty et al., 2017; diversity
edit distance: Dai et al., 2018a; Tdiv: Liu et al.,
2019a; Dist: Liu et al., 2019a).

Sentence-level Textual Diversity: Other meth-
ods compute the percentage of distinct candidates
in S (Distinct, AKA Unique, Wang et al., 2017a),
or the percentage of sentences not seen in the
training set (Novel, Wang et al., 2017a).

Sentence-level Semantic Diversity: Recent
methods propose to compare the semantics of can-
didates as an indicator for diversity. LSA (Wang
and Chan, 2019) computes a matrix K where
K; j is the dot-product between the bag-of-words
vectors of captions ¢,7 in S, and calculates the
singular vector decomposition (SVD) of K. CLIP
diversity (Li et al., 2023b) computes the similarity
of the CLIP embeddings of captions in .S.

4.1.4 Bias in Candidates

Various metrics have been proposed to quantify
the extent of bias evident in captioning mod-
els. BiasAmp (Zhao et al., 2017) measures the
amplification of bias by the model compared to
the training set by comparing the correlation be-
tween predefined attributes and activities (e.g.,
female-cooking) in model- and human-generated
captions. Hendricks et al. (2018) introduce two
metrics: Gender error, which assumes that im-
ages are labeled as male or female and calculates
the number of gender misclassified words in the
candidates, and Gender ratio, which defines male
or female sentences based on the inclusion of pre-
defined gender-related words and computes the
ratio of male candidates to female candidates.
Others measure bias amplification by training
models to predict protected attributes given a cap-
tion (LIC, Hirota et al., 2022) or an image-caption
pair (ImageCaptioner®, Abdelrahman et al., 2024),
and computing the difference between accuracies
when training on candidates versus references.

4.2 Human Evaluation

While automatic evaluation offers clear benefits
in terms of scale and consistency, it still serves as
a surrogate for human evaluation. To ensure that
the improvements shown by automatic methods
are genuine, many image captioning studies also
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apply human evaluation methods to a subset of
the data.

The human evaluation taxonomy development
process followed a similar approach to that in auto-
matic evaluation (Section4.1). In this case, a single
dimension emerged: the evaluation framework.

Scale Rating. Several studies direct human par-
ticipants to evaluate candidates on a discrete scale
based on various attributes, such as relevance
(Maeda et al., 2023), fluency (Wu et al., 2023b)
and descriptiveness (Yue et al., 2023).

Comparative. A different approach presents
pairs of captions to human participants and asks
them to decide which one is better without
knowing their source. Early studies compared can-
didates to references (Kuznetsova et al., 2014,
Yatskar et al., 2014), while recent research
compares candidates with captions generated by
baseline models (Tanaka et al., 2024; Ge et al.,
2024).

Yes/No Questions. Certain studies involve hu-
man participants answering yes/no questions such
as whether the candidate exhibits human-like qual-
ities (Yao et al., 2019) or describes all the objects
in the image (Chen et al., 2022).

Retrieval. Another popular approach is to ask
participants to perform text-to-image retrieval
given the candidate caption (Wang and Chan,
2019; Ou et al., 2023).

Answer Questions Using the Candidate. Nie
et al. (2020) prompts participants with questions
and requires them to answer using the candidate
provided, without showing the images.

S Metrics Usage Analysis

In this section, we analyze the data from Section 3
to identify usage patterns and present the main
findings, excluding 2024 as the data was collected
before the year ended. Appendix B lists metric
usage for all 314 reviewed papers.

5.1 Automatic Evaluation

A Set of 5 Metrics Dominates. Figure 2 dis-
plays the number of papers using different metrics
each year. Given the large number of metrics iden-
tified (71), we only plot usage for the seven most
common metrics, clustering all other metrics by
the categories from Section 4.

The figure shows that since 2015, five metrics
(BLEU, CIDEr, METEOR, ROUGE, and SPICE;
henceforth, the five dominant metrics) have been
used substantially more frequently than all other
metrics. This trend has begun to shift in recent
years, with an increase in the use of other metrics.
Notably, four of the dominant metrics (all except
SPICE) are lexical similarity metrics, criticized for
failing to capture semantic similarity (Giménez
and Marquez, 2007). Figure 5(A) illustrates a
decline in the usage of lexical metrics in recent
years relative to overall metric usage, excluding
diversity and bias metrics from this count.

The Number of Metrics per Paper Has Settled
at 4-5. Figure 5(B) shows a gradual increase in
the mean number of metrics used per paper each
year until reaching approximately 4.5 in 2019, and
remaining in the range of 4-5 since then.

5.2 Human Evaluation

Human Evaluation Usage isDecreasing. Figure
5(C) shows the fraction of papers with human
evaluation each year. From 2010 to 2014, all
papers conducted human evaluation. However, the
publication of large image-caption datasets made
this more challenging, and beginning at 2015 (a
year after MSCOCQO’s release) we see a general
decline in the use of human evaluation, likely due
to improvements in automatic evaluation metrics.

Comparative is the Most Common Human
Framework. Figure 5(D) presents the number
of papers using each human evaluation frame-
work per year. The comparative framework is
most frequently used, closely followed by scale
rating.

Significance and Agreement Are Rarely Re-
ported. Of 94 papers that used human evalua-
tion (29.9% of the papers we documented), only
19 reported significance, which is crucial in hu-
man evaluation because, due to the high cost of
human labor, only a small subset of the test set is
assessed. Moreover, results may be unreliable if
annotator’s agreement is low; however, only 6 of
these 94 papers report annotator agreement.

6 Experiments

Prior captioning evaluation work assumed an au-
tomatic metric’s quality depends on its alignment
with human evaluations. To facilitate this, human
rating datasets were created, where participants
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Figure 5: Metrics usage analysis plots. (A) Percent-
age of lexical metric usage relative to total metric
usage each year, smoothed by convolving with a win-
dow size of four years. (B) Mean number of metrics
used per paper each year. (C) Fraction of papers that
performed human evaluation each year. (D) Human
evaluation frameworks usage over the years, smoothed
by convolving with a window size of four years.

rated candidate captions. A common approach
(among others, Anderson et al., 2016; Hessel et al.,
2021) is to evaluate metrics by applying them to
the candidates in these datasets and measuring the
correlation of their scores with the human ratings.
We follow this convention but extend prior re-
search by incorporating metrics that have not been
previously studied in our experiments.
Throughout our experiments, we focus on the
replacement subtask (see Section 2). This defi-
nition—producing descriptions intended to serve
as substitutes for the image—aligns most closely
with the human rating datasets, where annotators
are instructed to evaluate whether the text accu-
rately reflects the image’s content without adding
information not present in the image.*

6.1 Experimental Setup

Datasets. We experiment with the following 7
human rating datasets.

Flickr8k-Expert and Flickr8k-CF (Hodosh
et al., 2013) include human ratings for captions on
the 1000 images of the Flickr8k test set. The cap-
tions are human-generated captions selected from
the test set, where each image is associated with a
set of captions (not necessarily initially generated
for that image). Flickr8k-Expert includes 5,822
captions rated by a small and controlled group
of native English speakers on a scale from 1 to
4. Flickr8k-CF comprises 47,830 captions, each
rated by three or more crowd-sourced workers us-
ing a binary label (describes/doesn’t describe the
image). For each caption, we take the percentage
of positive ratings as the final ground truth score.

Composite (Adityaet al., 2015) includes 11,985
human ratings for captions of 3,925 images from
Flickr8k, Flickr30k, and MSCOCO. Each image
is paired with two model-generated and one orig-
inal reference captions. Each caption is rated for
correctness and thoroughness on a scale from 1
to 5. Following previous studies (Anderson et al.,
2016), we use the correctness rating (also termed
“‘relevance’’ in some prior research) as the score.

THumB (Kasai et al., 2022) features human
ratings of captions for 500 images sourced from
MSCOCO. Each image is associated with four
model-generated and one original reference cap-
tions. Annotators provide ratings for precision
and recall (on a scale of 1 to 5), deducting some

“4See Appendix A.1 for annotators instructions for existing
human rating datasets.
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penalty points from their average in case of lack
of fluency, conciseness and incluse language to
reach the overall score. We take this overall score
as the score for this caption.

Polaris (Wada et al., 2024) contains 131,020
human ratings for captions generated for 13,691
images from MSCOCO and nocaps (Agrawal
etal., 2019). Ratings were provided on a five-point
scale and then transformed to values in the range
[0,1] using min-max normalization. The captions
were generated by 10 different models. The dataset
is partitioned into training, validation, and test sets.

Pascal50S (Vedantam et al., 2015) contains
4,000 pairs of candidate captions for images
from the Pascal Sentence dataset (Rashtchian
et al, 2010), evenly distributed across four
categories: both captions are human-generated
for the image (HC), both are human-generated
but only one corresponds to the image (HI),
one is human-generated while the other is
machine-generated (HM), both are machine-
generated (MM). Each pair has 48 human judg-
ments indicating which of the two candidates is
more similar to a reference caption. Following
previous work (Hessel et al., 2021), we take the
majority vote for each candidate pair (ties are bro-
ken randomly) and randomly select 5 references
out of the available 48 for reference-based metrics.

The Reformulations dataset (Berger et al., 2025)
includes model-generated captions for 1,405 im-
ages from MSCOCO and Flickr30k, along with
human-generated reformulations, i.e., corrected
versions of the captions (if any errors exist). Eval-
uation metrics are expected to favor the caption
after human correction. The dataset contains 5,208
caption-reformulation pairs; we omit 864 pairs
where the reformulation is identical to the caption.

More details on the version we used for each
dataset can be found in Appendix A.1.

Metrics. We select a subset of the 71 identified
automatic metrics for evaluation. First, we exclude
bias metrics, as bias is not captured by the human
rating datasets. Next, we filter out all metrics
that receive multiple candidates as input (such as
diversity metrics), as the human ratings are pro-
vided for a single candidate. Finally, we exclude
all metrics that rely on a closed model API access
(CLAIR, GPT4V evaluation, ALOHa), focusing
on publicly accessible evaluation methods.

After filtering, 56 metrics remain. To ensure
fair comparison, we conduct all the experiments

Cluster Metrics
BLEUI1, BLEU2, BLEU3, BLEU4,

1 CIDEr, Exact NO, Fuzzy NO,
METEOR, ROUGE, SPICE
BLIP2Score, CLIPImageScore,

2 CLIPScore, MPNetScore, PACScore,
RefCLIPScore, RefPACScore, Polos

3 Exact VO, Fuzzy VO

Table 2: Metrics clustered by mutual correlation.

for each metric ourselves, even if previous stud-
ies have reported results for this metric. Due to
the effort required and the scope of this study,
we focus on metrics frequently employed in im-
age captioning research. Specifically, we select
metrics used in at least two papers per year on
average since their publication.’ This narrows our
selection to 20 metrics (Table 2).° For details
on the implementation of each metric, refer to
Appendix A.2.

6.2 Metric Mutual Correlation

To examine relationships among the selected met-
rics, we analyze their mutual correlations using
Spectral Clustering with N = 3 clusters,” where
the adjacency between two metrics is defined as
their mutual correlation on the Polaris train set.
The resulting grouping is shown in Table 2. Clus-
ter 1 primarily includes lexical similarity metrics,
cluster 2 consists of Transformer-based metrics,
and cluster 3 contains verb overlap metrics, which
exhibit low correlation with all other metrics.

6.3 ENseMBEvAL: An Ensemble of
Evaluation Methods

Our survey reveals that while a large number
of metrics (71, as detailed in our literature re-
view, Section 3) have been developed to assess
diverse properties (outlined in our taxonomy, Sec-
tion 4), only a small subset from a few categories
is widely used (as shown in our usage analysis,
Section 5). Furthermore, popular metric groups
have faced increasing criticism in recent years.
For instance, lexical similarity metrics are often

>Not including the publication year and 2024.

SWe omit two metrics for which we could not obtain a
full implementation: PR-MCS and InfoMetIC.

7The number of clusters was chosen to maximize the
Silhouette score.
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criticized for failing to capture semantic simi-
larity effectively (Giménez and Marquez, 2007),
while the recently popularized reference-free met-
rics have been challenged for focusing solely
on visual grounding errors while neglecting cap-
tion implausibility errors (Ahmadi and Agrawal,
2024).

Consequently, we hypothesize that a more di-
verse evaluation approach, capable of capturing
multiple aspects of a candidate caption, could en-
hance correlation with human ratings. As an initial
step toward this goal, we explore a straightforward
implementation: an ensemble method combining
existing metrics through a linear combination.®
We train the linear coefficients on one human
rating dataset and evaluate the ensemble on ad-
ditional datasets. If capturing multiple aspects
indeed improves alignment with human judg-
ments, the learned coefficients should generalize
across datasets, resulting in improved correlation
with human ratings. We refer to our proposed
ensemble approach as ENSEMBEVAL.

Due to strong correlations among certain met-
rics, using all metrics in the ensemble might create
redundancy. Therefore, we employ a sequential
feature selection algorithm to identify a subset of
metrics that accurately predict human ratings. At
each step, the algorithm adds the best metric to the
ensemble based on the cross-validation score of a
linear regression estimator of human ratings. The
process stops when the estimator’s score does not
increase by at least . We use the Polaris train set’
for selecting the metrics and the validation set to
determine the optimal € value (0.0001).

Next, we standardize the metrics values to the
range [0, 1] and find the metrics coefficients by
training a linear regression model to predict hu-
man ratings, again using the Polaris train dataset.
The rescaling ensures that the coefficients are
meaningfully comparable.!” More details on our
feature selection and linear regression procedures
can be found in Appendix A.3.

Table 3 displays the selected metrics, their clus-
ter assignments (Section 6.2), and their linear
regression coefficients. The Transformer-based
metrics (cluster 2) have the largest coefficients,
making them the most influential in predicting

8Future research can explore more sophisticated multi-
aspect metrics, which lies beyond the scope of this work.

This is the only human rating dataset that is split into
train/val/test.

10Rescaling did not impact the performance of our model.

Metric Cluster Coef
Polos 2 0.55
BLIP2Score 2 0.40
PACScore 2 0.29
Exact NO 1 0.08
BLEU1 1 0.07
Fuzzy VO 3 0.02
ROUGE 1 —0.07
CIDEr 1 —0.15
RefCLIPScore 2 —0.17

Table 3: Metrics selected using feature selection
to predict human ratings, their cluster numbers
(as shown in Table 2), and linear regression
coefficients.

the candidate score. Negative coefficients are ob-
served for some metrics in clusters 1 and 2, likely
to mitigate redundancy from multiple metrics
within the same cluster. For instance, BLIP2Score,
Polos, and PACScore all receive positive coeffi-
cients but are highly correlated. To balance this
redundancy, a fourth metric from the same cluster
(RefCLIPScore) is assigned a negative coefficient.

Considering the frequent use of the five dom-
inant metrics in prior research, we include an
ensemble of these metrics (the dominant en-
semble) as a baseline. As before, we determine
the coefficients for this ensemble using linear
regression.

6.4 Correlation with Human Ratings

We now compute the correlation between met-
ric scores and human ratings across all datasets
containing human ratings (all but Pascal50S and
the Reformulations datasets).!! We follow previ-
ous work (Anderson et al., 2016; Hessel et al.,
2021; Kasai et al., 2022; Wada et al., 2024) and
use Kendall-C correlation for Flickr8k-Expert,
Composite, and Polaris; Kendall-B correlation for
Flickr8k-CF, and Pearson correlation for THumB.

Table 4 presents the results. We omit results
for five metrics'? that were proposed ad hoc in an
experiment (rather than in a dedicated paper) and
showed weak performance.

For Polaris we use the test set.
2CLIPImageScore, Exact NO, Exact VO, Fuzzy NO,
Fuzzy VO.
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Metric Flickr8k Flickr8k Composite THumB Polaris
(Expert) (CF)
BLEU4 30.8 16.9 30.6 10.4 46.2
BLEU3 31.5 17.0 30.9 11.8 46.6
BLEU2 32.5 17.9 31.1 15.8 47.1
BLEU1 32.3 17.9 314 19.5 454
ROUGE 32.3 19.9 32.5 18.7 46.2
METEOR 41.8 22.3 39.0 18.5 51.2
CIDEr 43.9 24.6 37.5 22.4 52.1
Dominant ensemble 43.7 23.3 38.5 23.1 52.3
SPICE 44.9 24.4 40.4 21.0 50.9
CLIPScore 514 344 53.8 31.9 51.5
PACScore 54.3 36.0 55.7 314 52.4
MPNetScore 54.7 353 54.7 40.4 53.6
RefCLIPScore 53.0 36.4 55.4 40.7 54.1
RefPACScore 559 37.6 57.3 42.4 55.2
BLIP2Score 52.5 36.7 61.5 44.9 53.7
Polos 56.4 37.8 58.0 434 57.8
ENSEMBEVAL (ours) 58.5 38.7 61.7 46.6 58.8
A from 2nd best +2.1 +0.9 +0.2 +1.7 +1.0

Table 4: Correlation with human ratings across different datasets. The best performing metric is in bold.

An Ensemble Improves over Individual Met-
rics. ENsEMBEvAL demonstrates the highest
correlation with human ratings across all datasets,
indicating that integrating various aspects of
caption quality yields amore ‘ ‘human-like’’ score.

Dominant Metrics Are Weaker than Eecent
Alternatives. The five dominant metrics, as
well as their ensemble, correlate less with human
ratings compared to all other examined metrics.

Lesser-known Metrics Prove to Be Valuable.
While some metrics were introduced in dedi-
cated papers, others were proposed ad hoc in
the experiments section. Previous studies compar-
ing metrics performance have only discussed the
former, missing strong correlations with human
ratings observed with ad hoc metrics like MP-
NetScore and BLIP2Score. This underscores the
importance of a systematic review of all relevant
papers.

6.5 Accuracy on Pairwise Comparison

We also perform a pairwise comparison task on
the Pascal50S and Reformulations datasets to as-
sess metrics’ accuracy in assigning a higher score
to the human-preferred candidate in each pair. For
Pascal50S, we use majority vote to indicate human

preference and report the mean and standard devi-
ation across five random instances of tie-breaking
and reference selection. For Reformulations, we
consider the reformulated caption as preferred.

Results are presented in Table 5. ENSEMBEvAL
attained the highest score on the Reformulations
dataset, as well as when comparing human- and
machine-generated captions in Pascal 50 (HM).
In all other cases MPNetScore and BLIP2Score
performed best. As noted earlier, these metrics
were absent from previous studies since they were
not introduced in dedicated papers.

6.6 Why Does the Ensemble
Improve Correlation?

To understand why ENseMBEvAL improves correla-
tion over individual metrics, we manually examine
cases where scores of individual metrics deviate
from human ratings while the ensemble score
aligns more closely.

These cases often arise from disagreements on
which entities to describe. If reference captions
omit an entity mentioned in the candidate caption,
reference-based metrics assign a low score, while
reference-free metrics give a high one. Humans
typically rate such captions moderately, as they are
accurate but may not align with their descriptive
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Pascal50S

Metric HC HI oM MM Mean Reformulations
BLEU4 59.8+0.7 923407 856+05 5734+12 73.7+£0.5 49.8
BLEU3 60609 93.0£0.7 88.1+05 57610 748+0.6 51.8
ROUGE 63.1+£08 952+06 91.9+03 603+1.0 77.6+04 53.1
BLEU2 629+1.7 940+£04 90.1+£02 58.6+1.0 764+0.7 54.9
BLEU1 628 +13 951405 915+£04 598+07 77.3£02 56.0
CIDEr 656+17 980+£04 909+03 649+11 798+£04 54.3
SPICE 61.2+19 9434+07 855+£0.7 495407 72.6=£0.7 67.6
METEOR 644+17 97604 941+08 6534+09 804+0.6 66.3
Dominant ensemble 655+ 1.7 97.74+03 93.0+0.5 68.0+0.7 81.1£0.6 66.0
RefPACScore 67607 99.6£0.1 96.0+02 757406 847403 73.3
RefCLIPScore 64.1+12 996+£01 958+£04 7294+06 83.1£04 74.9
BLIP2Score 60.5+02 998+0.0 963+00 712405 82.0+£0.1 76.1
Polos 695+12 99.6+£0.0 97.0+03 785+06 86.1+0.1 73.0
MPNetScore 719 £0.6 99.8+0.1 963+05 79.0+0.6 86.7+0.2 72.7
PACScore 604+0.1 993+£00 968+0.0 7294+04 824+0.1 77.2
CLIPScore 56.1+02 993400 963+00 712404 80.7+0.1 80.8
ENsEMBEvAL (ours) 68.7+06 998401 983+03 77.34+03 86.0£0.2 814

Table 5: Accuracy in pairwise comparison. In Pascal50S we report mean and standard deviation across
five random instances of tie-breaking and reference selection. HC: both captions are human-generated
for the image, HI: both are human-generated but only one corresponds to the image, HM: one caption is
human-generated while the other is machine-generated, MM: both captions are machine-generated. In

each dataset, best scoring metric is in bold.

choices. The ensemble, combining both metric
types, aligns more closely with human ratings.
This issue is especially relevant beyond English,
as research shows speakers of different languages
tend to describe different entities (Berger and
Ponti, 2025). See Figure 6 for an example.

7 Software Package

Our empirical analysis of the redundancy/
complementarity of the different metrics, reveals
that an ensemble of several methods may be con-
siderably better correlated with human rankings
of the captions. To this aim, we release a software
package, ENseMBEvAL, under the permissive MIT
license.!?

The software package implements the en-
semble metric presented in Section 6.3. It also
straightforwardly supports the use of alternative
sets of weights. The software package can eas-
ily be extended with additional metrics, either
reference-based or reference-free. The package
is therefore usable not only for replication of
the results presented in this paper, but also as
a generic tool for ensembling image captioning
evaluation metrics.

13github .com/uriberger/caption_evaluation.

Candidate caption: “A red plaid blanket”

Reference: “A bed room with many books on a bed”
Polos score 0.20 EnsembkEvalscore 0.47

BLIP2Score 0.79

Human rating 0.5

Figure 6: An image, corresponding candidate cap-
tion, reference example and evaluation scores. Since
no reference captions mention the blanket, Polos (a
reference-based metric) assigns a low score. How-
ever, as the caption accurately describes the image,
BLIP2Score (a reference-free metric) gives a high
score. The ensemble score falls in between, aligning
best with human ratings. Image and caption taken from
the Polaris dataset.

8 Related Work

8.1 Image Captioning Surveys

To the best of our knowledge, no previous
work has exclusively surveyed image captioning
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evaluation methods. However, most image cap-
tioning surveys include a dedicated section for
automatic evaluation methods, typically mention-
ing the five dominant metrics along with one or
two additional ones (e.g., Hossain et al., 2019;
Liu et al., 2019b; Ghandi et al., 2023; Sharma and
Padha, 2023).

A few studies (Stefanini et al., 2022; Xu et al.,
2023) provide a more detailed taxonomy of au-
tomatic metrics. Our work differs from them in
two ways: First, our systematic review identifies
strong metrics not covered previously. Second,
while these studies group metrics into loosely de-
fined categories (e.g., ‘‘standard’’ metrics), we
clearly define our categorization criteria based on
the properties each metric aims to measure.

We are also the first to develop a taxonomy for
human evaluation frameworks. Before our study,
Bernardi et al. (2016) discussed human evaluation
but only mentioned the scale rating framework.

Prior to our study, Stanitité and Sesok (2019)
reported metric usage from selected papers; how-
ever, they manually selected popular papers
rather than identifying them systematically. Sim-
ilar to our work, two studies (Sharma, 2021;
Al-Shamayleh et al., 2024) systematically identify
image captioning papers and report metric usage,
but cover much fewer papers (79 and 41, respec-
tively) and metrics (3 and 8, respectively), and do
not report trends or provide in-depth analysis.

8.2 Image Captioning Metrics Analysis

Several previous studies have analyzed the ef-
fectiveness of image captioning metrics. Hodosh
et al. (2013) compare BLEU and ROUGE scores
to human ratings and find that these metrics fall
short in measuring content quality. Elliott and
Keller (2014) compute the correlation of lexical
similarity metrics with human ratings and find that
METEOR had the strongest correlation. Kilickaya
et al. (2017) compare the five dominant metrics
and WMD, finding that n-gram based metrics
exhibit lower performance than SPICE and WMD.

Recently, as reference-free metrics like CLIP-
Score gain prominence, there has been growing
criticism directed at this line of research. Deutsch
et al. (2022) argue that reference-free metrics can
be exploited at test time to find outputs that max-
imize their scores. Ahmadi and Agrawal (2024)
find these metrics sensitive to visual grounding
errors but not to caption implausibility.

9 Conclusion

We conducted a comprehensive survey of im-
age captioning evaluation methods, yielding two
key outcomes: a taxonomy of captioning met-
rics, including overlooked high-performing ones
(e.g., BLIP2Score) and an analysis revealing that
most papers rely on five metrics that have only
a weak correlation with human ratings. We fur-
ther showed that an ensemble of several existing
metrics improves correlation with human ratings,
and proposed a simple weighted ensemble method
to this effect. We release a software package that
implements this ensemble methods and facilitates
future developments in image captioning metric
ensembling methods.
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A Experiments: Additional Information

A.1 Datasets

Flickr8k. We use the official version of the Flickr8k dataset.'* We follow previous work (Anderson
et al., 2016; Hessel et al., 2021) when handling references that are also included in the candidate set: In
Flickr8k-Expert we remove these sentences from the candidate set (158 examples), and in Flickr8k-CF
we remove these sentences from the reference set.

In Flickr8k-expert, annotators are instructed to rank the candidate on a scale of 1 to 4, with the
following specifications:

4 = Sentence describes the image: Sentence contains no errors, everything described in the sentence
appears in the image.

3 = Sentence almost describes the image: Sentence contains only a single moderate error or a small
number of minor errors, major details described in the sentence appear in the image.

2 = Sentence barely describes the image: Sentence contains a major error or many moderate or minor
errors, only some minor details described in the sentence appear in the image.

1 = Sentence does not describe the image at all: No details described in the sentence appear in the
image, sentence is unrelated to image.

In Flickr8k-CF, annotators are shown images with ten sentences below each images, and are asked to
select all sentences that could describe the image, with the following specifications:

Yes- The sentence is a good enough description of the image (minor details may be wrong, and not
everything that appears in the image has to be described).

No- The sentence does not describe the image because it contains major errors or is completely
unrelated to the image.

Composite. We use the official version of the Composite dataset.!> While previous work mentioned

that there are three candidates per image and a single score per candidate, we find that the dataset contains
four candidates per image for MSCOCO and Flickr30k, and two scores per candidate (correctness and
throughness). We find that results from prior work was most closely replicated when we discarded
the fourth candidate when one exists and used the correctness score as the total score. Also, following
Hessel et al. (2021) we remove sentences that appear both as references and as candidates from the
reference set.

Instructions for the correctness rating (which we use in this study) are as follows:

Descriptions that correctly describe the image content with higher precision have better correctness
ratings.

Score 1: The description has no relevance to the image.

Score 2: The description have only weak relevance to the image.

Score 3: The description have some relevance to the image.

Score 4: The description relates closely to the image.

Score 5: The description relates perfectly to the image.

THumB. We use the official version of the THumB dataset.'® Following the practice in other datasets,
we remove sentences that appear both as references and as candidates from the reference set.

In this study, the authors performed the annotations themselves, relying on general descriptions for
each aspect of the rating rather than providing specific instructions.

Polaris. We use the HuggingFace version of the Polaris dataset.!”

Annotators were instructed to rate the candidate on a scale of 1 to 5, with the following specifications:
Evaluate the extent to which the sentences capture the features of the image, considering fluency,
relevance and descriptiveness.

Ywww.kaggle.com/datasets/dibyansudiptiman/flickr-8k

15imagesdg.wordpress.com/image—to—scene—description—graph.
1github.com/jungokasai/THumB.
"huggingface.co/datasets/yuwd/Polaris.
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Figure 7: Image provided as an example in the Polaris dataset instructions.

Use a five-point scale for your evaluation, employing a point addition or deduction system.

For descriptiveness, rate a caption as ‘Excellent’ if it is both detailed and accurate.

For relevance, award points if the caption accurately depicts any present object, even if irrelevant
words are included. Deduct points for each irrelevant word.

For fluency, assign lower scores if there are grammatical errors.

For example, consider the caption ‘A man wearing a helmet is skateboarding with a dog behind
him.” with the given image (Figure 7). This caption scores high in relevance as it accurately describes
the main object in the image. However, the mention of ‘a dog,” which is absent from the image,
reduces its descriptiveness. Despite its high fluency, this warrants a ‘Fair’ (3 on a scale of 1 to 5) rating
overall.

PascalS0S. The link to download the official version of the dataset in the CIDEr blog post [Link]
seems to be broken; we thank (REMOVED FOR ANONIMYZATION) for providing us with the
original files.

A.2 Metrics Implementations.

The five dominant metrics. For the five most dominant metrics we use the pycocoevalcap
implementation. [Link]

Exact/fuzzy noun/verb overlap. We use an implementation [Link] provided to us by the author.

CLIPImageScore. Since no implementation is provided by the authors, we implement the metric
ourselves. We use the SD-XL 1.0-base model [Link] to generate the image based on the candidate.

(Ref) CLIP and PAC Score, Polos. We use the official implementations. [CLIP] [PAC] [Polos]

BLIP2Score. Since no implementation is provided by the authors, we implement the metric ourselves.
We use the BLIP2 image-text-matching model from the LAVIS package (Li et al., 2023a).

MPNetScore. Since no implementation is provided by the authors, we implement the metric ourselves.
We use the all-mpnet-base-v2 model. [Link]

A.3 Feature Selection and Linear Regression

We use the scikit-learn [Link] implementations of feature selection and linear regression. We use
forward-selection in feature selection.
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A.4 Reproducibility Issues

In our experiments in Section 6.4 we tried our best to replicate the results reported by previous studies.
We now describe the cases where we were unable to. We compare our results to Hessel et al. (2021),
Kasai et al. (2022), Sarto et al. (2023), Hu et al. (2023a) and Wada et al. (2024).

The five dominant metrics. Across some of the datasets, we found small differences between our
values and previous reported values, no larger than 0.2. One exception is the THumB dataset, where
prior work (Kasai et al., 2022; Hu et al., 2023a) report no digits after the decimal point, so the differences
are no larger than 1.0, except for BLEU4, where the difference was larger because the authors used
the sacrebleu implemenation while we used the pycocoevalcap implementation, consistent with the
common practice in image captioning.

(Ref) CLIP and PAC Score. Across all datasets our results are identical to those previous reported.

One exception is the Polaris dataset, where our results for these metrics differed from those of Wada
et al. (2024). Since we used the HuggingFace version of the dataset and the official implementations for
these metrics, we assume this discrepancy results from the authors using a more preliminary version of
the dataset.

B Metric Usage Records

We now list all the papers we examined and the metric categories they used. Abbreviations:
LexSim: Lexical similarity; RefPhSim: Candidate-reference phrase semantic similarity; RefSenSim:
Candidate-reference sentence-level similarity; InfoSim: Extracted information similarity; ImPh-
Sim: Candidate-image phrase-level semantic similarity; SenImSim: Sentence-image similarity; Ret:
Retrieval-based methods; MulSim: Candidate-multiple source similarity; Flu: Fluency, Div: Diversity;
Yngve: Yngve score; Bias: Bias.

2024. NLP Yang et al. (2024): LexSim, RefPhSim, Bias, Ramos et al. (2024): LexSim, Tanaka et al.
(2024): Div, Qu et al. (2024): LexSim, Li et al. (2024b): LexSim, SenImSim

Vision Ge et al. (2024): RefSenSim, SenlmSim, Huang et al. (2024): LexSim, RefPhSim, Zeng et al.
(2024): LexSim, RefPhSim, SenlmSim, Li et al. (2024a): LexSim, RefPhSim

Machine Learning Ma et al. (2024b): LexSim, RefPhSim, Black et al. (2024): LexSim, RefSenSim,
Liu et al. (2024): LexSim, RefPhSim, Ma et al. (2024a): LexSim, Qi et al. (2024): LexSim, Qiu
et al. (2024): LexSim, RefPhSim, Wang et al. (2024): LexSim, RefPhSim, Fu et al. (2024): LexSim,
RefPhSim.

2023. NLP Wang et al. (2023c): LexSim, RefPhSim, Qiu et al. (2023): LexSim, RefPhSim, SenImSim,
Hwang and Shwartz (2023): LexSim, RefPhSim, Chan et al. (2023a): LexSim, RefPhSim, Ret, Maeda
et al. (2023): LexSim, RefPhSim, SenlmSim, MulSim, Yang et al. (2023d): LexSim, RefPhSim,
Mohamed et al. (2023): LexSim, Wu et al. (2023b): LexSim, Yang et al. (2023a): LexSim, RefPhSim,
Yang et al. (2023b): LexSim, RefPhSim, Rajakumar Kalarani et al. (2023): LexSim, Ramos et al.
(2023b): LexSim, Ou et al. (2023): Flu, Zhang and Wan (2023): LexSim, Bielawski and VanRullen
(2023): LexSim, Anagnostopoulou et al. (2023): LexSim, Zhao et al. (2023): LexSim, RefPhSim, Ramos
et al. (2023a): LexSim, RefPhSim, Zhou and Long (2023): LexSim, RefPhSim, Flu.

Vision Wu et al. (2023a): LexSim, Li et al. (2023b): Flu, Div, Kornblith et al. (2023): LexSim,
SenImSim, Ret, MulSim, Hu et al. (2023b): LexSim, RefPhSim, Tu et al. (2023): LexSim, RefPhSim,
Fei et al. (2023a): LexSim, RefPhSim, Fan et al. (2023): LexSim, RefPhSim, Kang et al. (2023):
LexSim, RefPhSim, SenlmSim, Ret, Barraco et al. (2023): LexSim, RefPhSim, SenlmSim, MulSim,
Hu et al. (2023b): LexSim, RefPhSim, Chen et al. (2023b): LexSim, Dessi et al. (2023): LexSim,
RefPhSim, Vo et al. (2023): LexSim, RefPhSim, SenImSim, Ret, MulSim, Luo et al. (2023a): LexSim,
RefPhSim, Zeng et al. (2023): LexSim, RefPhSim, SenImSim, MulSim, Div, Kuo and Kira (2023):
LexSim, RefPhSim, Chen et al. (2023a): LexSim, Ramos et al. (2023c): LexSim, RefPhSim, Hirota
et al. (2023): LexSim, RefPhSim, SenlmSim, Bias, Ren et al. (2023): LexSim, RefPhSim.
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Machine Learning Yang et al. (2023c): LexSim, Yue et al. (2023): SenlmSim, Ret, Flu, Div, Luo
et al. (2023b): SenlmSim, Ret, Zheng and Yu (2023): LexSim, Li et al. (2023c): LexSim, RefPhSim,
Fei et al. (2023b): LexSim, RefPhSim, Zhong et al. (2023): LexSim, RefPhSim, Nguyen et al. (2023):
LexSim, RefPhSim, Wang et al. (2023a): LexSim, RefPhSim, Wang et al. (2023b): LexSim, RefPhSim.

2022. NLP Gao et al. (2022): LexSim, Div, Zhang et al. (2022a): LexSim, RefPhSim, Mirchandani
et al. (2022): LexSim, Nukrai et al. (2022): LexSim, Zhou et al. (2022): LexSim, Zhao et al. (2022):
LexSim, RefPhSim, Nishino et al. (2022): LexSim, RefPhSim, InfoSim, Cafagna et al. (2022): LexSim,
RefPhSim, Cho et al. (2022): LexSim, RefPhSim, SenImSim, Ret, MulSim, Pantazopoulos et al. (2022):
LexSim, RefPhSim, Xu et al. (2022): LexSim, Guo et al. (2022): LexSim.

Vision Jiao et al. (2022): LexSim, Wang et al. (2022a): LexSim, RefPhSim, Ruta et al. (2022):
LexSim, Wang et al. (2022c): LexSim, RefPhSim, Nguyen et al. (2022): LexSim, RefPhSim, Meng
et al. (2022): LexSim, RefPhSim, Chen et al. (2022): LexSim, Hirota et al. (2022): LexSim, Bias, Cai
et al. (2022): LexSim, Wu et al. (2022): LexSim, RefPhSim, Chen et al. (2022): LexSim, Yuan et al.
(2022): LexSim, Li et al. (2022): LexSim, RefPhSim, Fei et al. (2022): LexSim, RefPhSim, Liu et al.
(2022): LexSim, RefPhSim, Vo et al. (2022): LexSim, RefPhSim, Mohamed et al. (2022): LexSim,
Fang et al. (2022): LexSim, RefPhSim, Hu et al. (2022): LexSim, RefPhSim, Kuo and Kira (2022):
LexSim, RefPhSim, Mavroudi and Vidal (2022): LexSim, RefPhSim.

Machine Learning Yang et al. (2022): LexSim, RefPhSim, Yang et al. (2022): LexSim, RefPhSim,
SenlmSim, Div, Xie et al. (2022): ImPhSim, Fei (2022): LexSim, RefPhSim, Zhang et al. (2022b):
LexSim, RefPhSim, Div, Yao et al. (2022): LexSim, Wang et al. (2022b): LexSim, RefPhSim, Feng
et al. (2022): LexSim, RefPhSim, Flu.

2021. NLP Yang et al. (2021c): LexSim, Liu et al. (2021): LexSim, Tu et al. (2021a): LexSim,
RefPhSim, Chen et al. (2021a): LexSim, Shi et al. (2021b): LexSim, RefPhSim, Div, Ng et al. (2021):
LexSim, RefPhSim, Div, Yan et al. (2021): LexSim, Shi et al. (2021c¢): LexSim, RefPhSim, Ret, Tu et al.
(2021b): LexSim, RefPhSim, Bugliarello and Elliott (2021): LexSim, RefPhSim, Wang et al. (2021c):
LexSim, RefPhSim, Honda et al. (2021): LexSim, RefPhSim, Nag Chowdhury et al. (2021): LexSim,
RefPhSim, Ahsan et al. (2021): LexSim, RefPhSim, Zhong and Miyao (2021): LexSim, RefPhSim,
Nagasawa et al. (2021): LexSim, RefPhSim.

Vision Shi et al. (2021a): LexSim, Div, Kim et al. (2021a): LexSim, RefPhSim, Zhao et al. (2021):
LexSim, RefPhSim, Yang et al. (2021b): LexSim, RefPhSim, Nguyen et al. (2021): LexSim, RefPhSim,
Yang et al. (2021d): LexSim, Chen et al. (2021b): LexSim, RefPhSim, Div, Hosseinzadeh and Wang
(2021): LexSim, RefPhSim, Xu et al. (2021): LexSim, RefPhSim, Div, Wang et al. (2021a): LexSim,
RefPhSim, Chen et al. (2021c¢): LexSim, Zhang et al. (2021b): LexSim, RefPhSim.

Machine Learning Hu et al. (2021): LexSim, RefPhSim, Ji et al. (2021): LexSim, RefPhSim, Fei
(2021b): LexSim, RefPhSim, Fei (2021a): LexSim, RefPhSim, Song et al. (2021): LexSim, RefPhSim,
Luo et al. (2021): LexSim, RefPhSim, Zhang et al. (2021a): LexSim, RefPhSim, Yang et al. (2021a):
LexSim, Kim et al. (2021b): LexSim.

2020. NLP Milewski et al. (2020): LexSim, RefPhSim, Alikhani et al. (2020): LexSim, Shi et al.
(2020b): LexSim, RefPhSim, Park et al. (2020): LexSim, Nie et al. (2020): LexSim, Nguyen et al.
(2020): LexSim, RefPhSim, Takmaz et al. (2020): LexSim, RefPhSim.

Vision Wang et al. (2020a): LexSim, RefPhSim, Ret, Div, Sidorov et al. (2020): LexSim, RefPhSim,
Wang et al. (2020c): LexSim, RefPhSim, Yang et al. (2020): LexSim, RefPhSim, Deng et al. (2020):
LexSim, RefPhSim, Zhong et al. (2020): LexSim, RefPhSim, Div, Shi et al. (2020a): LexSim, RefPhSim,
Gurari et al. (2020): LexSim, RefPhSim, Ma et al. (2020): LexSim, RefPhSim, Chen et al. (2020):
LexSim, RefPhSim, Sammani and Melas-Kyriazi (2020): LexSim, RefPhSim, Guo et al. (2020):
LexSim, RefPhSim, Chen and Jin (2020): LexSim, RefPhSim, Div, Cornia et al. (2020): LexSim,
RefPhSim, Pan et al. (2020): LexSim, RefPhSim, Zhou et al. (2020b): LexSim, RefPhSim, Tran et al.
(2020): LexSim.

Machine Learning Del Chiaro et al. (2020): LexSim, Mahajan and Roth (2020): LexSim, RefPhSim,
Div, Zhang et al. (2020b): LexSim, RefPhSim, Zhou et al. (2020a): LexSim, RefPhSim, Zhao et al.
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(2020): LexSim, Flu, Wang et al. (2020b): LexSim, RefPhSim, Liu et al. (2020): LexSim, Hou et al.
(2020): LexSim, RefPhSim, Cao et al. (2020): LexSim, RefPhSim.

2019. NLP Zhao et al. (2019): LexSim, Fan et al. (2019): LexSim, Nikolaus et al. (2019): LexSim,
RefPhSim, Changpinyo et al. (2019): LexSim, RefPhSim, Kim et al. (2019b): LexSim, RefPhSim,
Wang et al. (2019a): LexSim, RefPhSim.

Vision Shen et al. (2019): LexSim, Div, Liu et al. (2019a): LexSim, RefPhSim, Ret, Div, Yngve, Ge
et al. (2019): LexSim, Yao et al. (2019): LexSim, RefPhSim, Yang et al. (2019b): LexSim, RefPhSim,
Aneja et al. (2019): LexSim, RefPhSim, Div, Park et al. (2019): LexSim, RefPhSim, Huang et al.
(2019a): LexSim, RefPhSim, Laina et al. (2019): LexSim, RefPhSim, Ke et al. (2019): LexSim,
RefPhSim, He et al. (2019): LexSim, Vered et al. (2019): LexSim, RefPhSim, Ret, Li et al. (2019a):
LexSim, RefPhSim, Agrawal et al. (2019): LexSim, RefPhSim, Gu et al. (2019): LexSim, RefPhSim,
Cornia et al. (2019): LexSim, RefPhSim, Zheng et al. (2019): LexSim, RefPhSim, Dognin et al.
(2019): LexSim, SenlmSim, Feng et al. (2019): LexSim, RefPhSim, Wang and Chan (2019): LexSim,
RefPhSim, Div, Guo et al. (2019): LexSim, Flu, Yin et al. (2019): LexSim, Kim et al. (2019a): LexSim,
Ret, Gao et al. (2019a): LexSim, RefPhSim, Qin et al. (2019): LexSim, RefPhSim, Yang et al. (2019a):
LexSim, RefPhSim, Deshpande et al. (2019): LexSim, RefPhSim, Div, Biten et al. (2019): LexSim,
RefPhSim, Li et al. (2019d): LexSim, RefPhSim, Shuster et al. (2019): LexSim, RefPhSim.

Machine Learning Herdade et al. (2019): LexSim, RefPhSim, Chen et al. (2019¢): LexSim, RefPhSim,
Div, Huang et al. (2019b): LexSim, RefPhSim, Wang et al. (2019b): LexSim, RefPhSim, Song et al.
(2019): LexSim, Li et al. (2019b): LexSim, RefPhSim, Ret, Li et al. (2019¢): LexSim, Gao et al.
(2019b): LexSim, RefPhSim, Chen et al. (2019a): LexSim, RefPhSim, Chen et al. (2019b): LexSim,
RefPhSim.

2018. NLP Sharma et al. (2018): LexSim, RefPhSim, Chen et al. (2018c): LexSim, Madhyastha
et al. (2018): LexSim, RefPhSim, Liu et al. (2018a): LexSim, RefPhSim, Guo et al. (2018): LexSim,
Melas-Kyriazi et al. (2018): LexSim, Lu et al. (2018): LexSim, Div, Wang et al. (2018): LexSim,
RefPhSim, Cohn-Gordon et al. (2018): Ret, Chandrasekaran et al. (2018): NONE.

Vision Chen and Zhao (2018): LexSim, Liu et al. (2018b): LexSim, RefPhSim, Ret, Div, Gu et al.
(2018b): LexSim, Div, Dai et al. (2018b): LexSim, RefPhSim, Hendricks et al. (2018): LexSim, Bias,
Jiang et al. (2018b): LexSim, RefPhSim, Chen et al. (2018d): LexSim, Yao et al. (2018): LexSim,
RefPhSim, Chen et al. (2018e): LexSim, RefPhSim, Luo et al. (2018): LexSim, RefPhSim, Ret,
Mathews et al. (2018): LexSim, RefPhSim, Flu, Chen et al. (2018a): LexSim, Aneja et al. (2018):
LexSim, RefPhSim, Anderson et al. (2018b): LexSim, RefPhSim.

Machine Learning Dai et al. (2018a): LexSim, RefPhSim, Div, Huang et al. (2018): LexSim,
RefPhSim, Anderson et al. (2018a): LexSim, RefPhSim, Jiang et al. (2018a): LexSim, Div, Chen et al.
(2018b): LexSim, Gu et al. (2018a): LexSim, RefPhSim.

2017. NLP Anderson et al. (2017): LexSim, RefPhSim.

Vision Shetty et al. (2017): LexSim, RefPhSim, Div, Liu et al. (2017b): LexSim, Gu et al. (2017):
LexSim, RefPhSim, Pedersoli et al. (2017): LexSim, Tavakoli et al. (2017): LexSim, Yao et al. (2017b):
LexSim, RefPhSim, Dai et al. (2017): LexSim, RefPhSim, Vedantam et al. (2017): LexSim, Gan et al.
(2017a): LexSim, Ren et al. (2017): LexSim, Lu et al. (2017): LexSim, RefPhSim, Chunseong Park
et al. (2017): LexSim, Yang et al. (2017): NONE, Gan et al. (2017b): LexSim, Chen et al. (2017a):
LexSim, Venugopalan et al. (2017): LexSim, Yao et al. (2017a): LexSim, Sun et al. (2017): LexSim,
Rennie et al. (2017): LexSim, Wang et al. (2017b): LexSim, RefPhSim, Div, Rohrbach et al. (2017):
LexSim.

Machine Learning Dai and Lin (2017): LexSim, Ret, Wang et al. (2017a): LexSim, RefPhSim, Div,
Liu et al. (2017a): LexSim, Chen et al. (2017b): LexSim, Li et al. (2017): LexSim, Mun et al. (2017):
LexSim.
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2016. NLP

Vision Hendricks et al. (2016): LexSim, Johnson et al. (2016): LexSim, Ret, You et al. (2016):
LexSim.

Machine Learning Yang et al. (2016): LexSim, Pu et al. (2016): LexSim, Flu, Yao et al. (2016):
LexSim, Mathews et al. (2016): LexSim.

2015. NLP Devlin et al. (2015): LexSim, Flu, Yagcioglu et al. (2015): LexSim, Chen et al. (2015):
LexSim.

Vision Jia et al. (2015): LexSim, Ushiku et al. (2015): LexSim, Yu et al. (2015): LexSim, Chen and
Lawrence Zitnick (2015): LexSim, Ret, Flu, Vinyals et al. (2015): LexSim, Ret, Fang et al. (2015):
LexSim, Flu, Donahue et al. (2015): LexSim, Ret, Karpathy and Fei-Fei (2015): LexSim, Ret

Machine Learning Xu et al. (2015): LexSim, Lebret et al. (2015): LexSim, Mao et al. (2015): LexSim,
Ret, Flu.

2014. NLP Mason and Charniak (2014b): LexSim, Mason and Charniak (2014a): LexSim, Yatskar
et al. (2014): LexSim, Kuznetsova et al. (2014): LexSim.

2013. NLP Kuznetsova et al. (2013): LexSim, Elliott and Keller (2013): LexSim.
2012. NLP Kuznetsova et al. (2012): LexSim, Mitchell et al. (2012): NONE.

2011. NLP Lietal. (2011): LexSim.
Machine Learning Ordonez et al. (2011): LexSim.

2010. NLP Feng and Lapata (2010): LexSim, Aker and Gaizauskas (2010): LexSim.
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