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Abstract

Establishing an automatic evaluation metric that closely
aligns with human judgments is essential for effectively de-
veloping image captioning models. Recent data-driven met-
rics have demonstrated a stronger correlation with human
judgments than classic metrics such as CIDEr; however
they lack sufficient capabilities to handle hallucinations and
generalize across diverse images and texts partially because
they compute scalar similarities merely using embeddings
learned from tasks unrelated to image captioning evalua-
tion. In this study, we propose Polos, a supervised auto-
matic evaluation metric for image captioning models. Po-
los computes scores from multimodal inputs, using a paral-
lel feature extraction mechanism that leverages embeddings
trained through large-scale contrastive learning. To train
Polos, we introduce Multimodal Metric Learning from Hu-
man Feedback (M*LHF), a framework for developing met-
rics based on human feedback. We constructed the Polaris
dataset, which comprises 131K human judgments from 550
evaluators, which is approximately ten times larger than
standard datasets. QOur approach achieved state-of-the-
art performance on Composite, Flickr8K-Expert, FlickrS8K-
CE, PASCAL-50S, FOIL, and the Polaris dataset, thereby
demonstrating its effectiveness and robustness.

1. Introduction

Extensive research on image captioning has yielded a wide
array of practical applications in society, spanning from as-
sisting people who are blind to facilitating dialog about im-
ages and answering questions derived from visual content
(e.g., [21, 24, 68]). To effectively advance the develop-
ment of image captioning models, it is crucial to establish
an automatic evaluation metric that closely aligns with hu-
man judgment. Previous research has shown that classical
automatic evaluation metrics [10, 12, 40, 51, 64] exhibit
weak correlation with human judgments [10, 26]. This has
prompted the introduction of data-driven automatic evalu-
ation metrics [26, 34, 77, 78]. However, by merely mea-
suring the similarity of embeddings learned from tasks un-
related to image captioning, these metrics potentially mis-
judge caption quality, which raises concerns about their ac-
curacy in evaluating image captioning models. Further-
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Figure 1. Our supervised metric Polos computes evaluation scores
from multimodal inputs by integrating human feedback within the
novel framework M2LHF. Polos is capable of modeling intricate
relationships within the vector space of text-image pairs as well as
text-text pairs, thereby effectively evaluating the depicted samples.

more, some experiments have identified the limitations of
these metrics regarding handling hallucinations adequately.

Although recent similarity-based [26, 31, 34, 77, 78] and
learning-based [35, 55] metrics have demonstrated perfor-
mance superior to classic metrics, they are still not com-
pletely satisfactory. For instance, while the correlation be-
tween the state-of-the-art (SOTA) metric and human judg-
ments on the Flickr8K dataset [27] is only about 0.56, the
correlation coefficient among human judgments is approx-
imately 0.73 [10]. This discrepancy may emerge because
similarity-based metrics merely compute cosine similarity
from well-known embeddings (e.g., [16, 19, 52]) learned
from tasks unrelated to image captioning evaluation, which
potentially leads to a misrepresentation of caption qual-
ity. Moreover, many learning-based metrics are specifically
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for limited settings (e.g., closed-vocabulary settings), and
therefore fail to accommodate diverse images and texts.

In this paper, we propose Polos, a supervised automatic
evaluation metric for image captioning models. Alongside
this, we introduce Multimodal Metric Learning from Hu-
man Feedback (M2LHF), a framework used to develop a
practical supervised metric for image captioning. Fig.1 il-
lustrates our proposed metric Polos and the M2LHF frame-
work. As akey contribution, our proposed metric fuses both
similarity-based and learning-based approaches. Previous
similarity-based approaches merely compute scalar similar-
ities using classic methodologies (e.g., cosine similarity and
optimal transport), whereas our metric models intricate re-
lationships in the vector space of text-image pairs and text-
text pairs. This is achieved through the parallel feature ex-
traction mechanism that leverages SimCSE [22] and CLIP
[52], which we provide details for in Section 3.3.

To train a metric that embodies the aforementioned char-
acteristics through the M2LHF approach, we have con-
structed the Polaris dataset, which contains a diverse range
of human judgments. Compared with existing datasets, Po-
laris contains a greater diversity of captions and a more
extensive range of evaluations. Notably, our dataset com-
prises 131K human judgments, whereas even the largest
existing dataset [1] contains only approximately 12K in to-
tal. Regarding the total number of evaluators involved, even
the CapEvallK dataset [35], which has the largest number
of evaluators to the best of our knowledge, was assessed
by only five evaluators. By contrast, our dataset is dis-
tinguished by its assessment by a much higher number of
evaluators at 550 evaluators. Furthermore, our dataset is su-
perior to existing datasets such as [1, 10, 27, 35] in terms of
the inclusion of diverse captions, which were collected from
humans and generated from ten image captioning models,
including modern models.

The main contributions of this paper' are as follows :

+ We propose Polos”, a supervised automatic evaluation
metric for image captioning models.

o We introduce M2LHF, a novel framework used to de-
velop a practical metric for image captioning.

e We introduce a parallel feature extraction mechanism
that leverages text embeddings [43] pretrained with
SimCSE and vision-language embeddings [52].

e We constructed the Polaris dataset, which contains
131,020 human judgments from 550 evaluators.

* We achieved SOTA performance on image captioning
benchmarks including Composite, Flickr§K-Expert,
and Flickr8K-CF, PASCAL-50S, FOIL, and Polaris.

'Project page: https://yuiga.dev/polos
ZPractical visiOn-and-Language evaluatiOn metic for image caption-
ing modelS

2. Related Work

Data-driven metrics can be broadly divided into similarity-
based metrics [26, 31, 34, 77] and learning-based metrics
[35, 53, 55]. Similarity-based metrics compute similarities
using classic approaches such as cosine similarity and opti-
mal transport in an unsupervised manner, whereas learning-
based metrics compute scores in a supervised manner.

Standard and similarity-based metrics. Standard auto-
matic metrics for evaluating image captioning models in-
clude BLEU [51], ROUGE [40], METEOR [12], CIDEr
[64], and SPICE [10], which are primarily based on ei-
ther n-grams or scene graphs. Extensions to these stan-
dard metrics, such as CIDEr-R [49] and JaSPICE [65], have
also been proposed. Despite their widespread use, in sev-
eral studies, researchers have highlighted the limitations
of these metrics, indicating their suboptimal performance
[26, 34, 53, 55, 56]. This has led to the emergence of data-
driven metrics such as BERTScore [77] and MoverScore
[78]. Additionally, there are similar metrics that leverage
image features directly, such as [26, 29, 31, 34, 35].

CLIPScore [26] evaluates captions in an unsupervised
manner by computing their similarity with embeddings de-
rived from CLIP [52]. Its distinctive feature is its capacity
not only to evaluate based on a reference-with-image man-
ner but also in a reference-free context. Similarly, PAC-
S [55] fine-tunes CLIP on generated image-text pairs and
evaluates captions in the same manner. However, these de-
pendences solely on the computation of cosine similarity
between CLIP embeddings could potentially constrain its
effectiveness and robustness across diverse scenarios.

MID[31] uses the negative Gaussian cross-mutual infor-
mation using CLIP features. It was proposed as a bridge be-
tween reference-with-image and reference-free metrics and
has demonstrated strong performance across multiple image
captioning benchmarks. However, it is crucial to highlight
that MID relies solely on the text embeddings provided by
CLIP for processing text data, which could potentially lead
to suboptimal evaluation. This concern stems from the fact
that CLIP is predominantly trained on a dataset that com-
prises mainly short noun phrases, which means that it is
possibly suboptimal for evaluating the longer sentences typ-
ically generated by image captioning models [55].

Learning-based metrics. Limited learning-based met-
rics exist for image captioning models; however multiple
learning-based metrics exist in the field of evaluation of
text generation [45, 56, 59, 70-72], including RUSE [59]
and COMET [53]. COMET is a metric trained using hu-
man judgments that has demonstrated robust performance
in evaluating machine translations. COMET comprises
both an estimator model that directly predicts human judg-
ments and a ranking model that predicts the quality order of
the generated translations.
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By contrast, a few learning-based metrics exist that were
specifically designed for image captioning [32, 35, 36]. One
such metric is UMIC [35], which is among the few learning-
based metrics tailored for evaluating image captioning mod-
els. UMIC is a fine-tuned UNITER [14] model designed
to rank captions against each other using CapEvallK. How-
ever, as we argue later, such ranking models have shortcom-
ings when they process multiple potential references, such
as varying focal points in captions and subjective variations
in expression. Furthermore, UMIC is only a straightforward
fine-tuned UNITER model and it cannot adequately handle
diverse images and text, such as those associated with an
open-vocabulary setting.

Datasets and benchmarks. Standard datasets commonly
used for the evaluation of image captioning include
Flickr8K-Expert, Flickr§K-CF [27], Composite [1] and
PASCAL-50S [64]. The Flickr8K-Expert and Flickr8K-
CF datasets comprise a significant amount of human judg-
ments on captions provided by humans. However, these
datasets do not contain any captions generated by models,
which presents an issue from the perspective of the domain
gap when using them for training metrics. The Compos-
ite dataset [1] encompasses 12K human judgments across
images collected from MSCOCO [41], Flickr8k [27], and
Flickr30k [73]. Although each image initially contains five
references, only one reference was selected for human judg-
ments within the dataset. The CapEvallk dataset was in-
troduced by [35] for training automatic evaluation metrics.
We note that the CapEvallK dataset has several limita-
tions: it is a closed dataset, uses outdated models such as
[11, 28, 54], and includes only 1K human judgments. In
stark contrast, our Polaris dataset offers significant advan-
tages: it is openly accessible, incorporates inferences from
modern models [17, 37, 38, 62, 66, 67, 69, 75], and includes
a substantial 131K human judgments. A meta-analysis of
these datasets can be found in Appendix B.1.

Standard datasets for image captioning include MS-
COCO, nocaps [7], Flickr30K, and CC3M [57]. The no-
caps dataset contains a greater diversity of classes than MS-
COCO, which enables a more comprehensive evaluation of
image captioning models’ ability to generate diverse cap-
tions. Our Polaris dataset is built on inferences from MS-
COCO and nocaps to ensure caption diversity.

3. Methodology
3.1. Meta-Analysis

When designing automatic evaluation metrics, the decision
to use an unsupervised or supervised approach is important.
As detailed in previous research [74], this binary distinc-
tion can be further decomposed into four categories: regres-
sion, ranking, matching, and generation. We will discuss
the above categories in the following subsections.
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Figure 2. Overview of the proposed metric. In alignment with the
principles of M?LHF, Polos computes the evaluation 7 based on
multimodal inputs and regresses the human evaluation. The pro-
posed metric extracts effective features for caption evaluation us-
ing the difference and Hadamard product of features derived from
both CLIP and RoBERTa.

Unsupervised approaches. In the domain of unsuper-
vised approaches, metrics such as BERTScore [77], CLIP-
Score [26], and BARTScore [74] are prominent. However,
each of these metrics has its limitations for evaluating image
captioning models. For instance, matching models such as
BERTScore measure the similarity between tokens, which
makes them ill-suited to explicitly handling images. Simul-
taneously, CLIPScore, which computes the similarity be-
tween sentence embeddings and image embeddings, has a
major drawback. Because CLIP was designed to match an
entire image to a text description, it has shortcomings re-
garding capturing the fine-grained alignment between spe-
cific image regions and text spans as indicated in [23, 79].
This limitation suggests that there is potential to improve
performance, particularly by transitioning to a supervised
approach. Similarly, unsupervised generation models such
as BARTScore encounter challenges in the evaluation of im-
age captioning models. This difficulty stems from the lim-
ited availability of large-scale, pretrained, and lightweight
multimodal encoders.

Supervised approaches. Based on the above discussion,
we believe that supervised metrics have distinct advantages.
Both regression and ranking models are viable options;
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however, we believe that regression models are better suited
for evaluating image captioning models that involve multi-
ple references because ranking models cannot adequately
handle multiple potential references, such as varying areas
of interest in captions and inherent subjectivity in expres-
sion. For instance, the comparison of captions with dif-
ferent focal points lacks substantive meaning and ranking
subjective expressions is difficult. Although COMET [53]
introduces both ranking and regression models, the task of
evaluating machine translation with limited interpretation
differs significantly from our task. This distinction is a fac-
tor that prevents the straightforward adoption of a ranking
model. Given these considerations, in this study, we pro-
pose a metric based on regression.

3.2. Metric Design

Reference-free vs reference-with-image. In several
studies, researchers have introduced reference-free metrics
for image captioning [26, 35, 55]. However, these met-
rics have not achieved performance comparable with met-
rics that consider references. Additionally, the performance
of reference-free metrics heavily relies on the alignment ca-
pabilities between image and language features. This is ev-
ident from the fact that, on the FOIL dataset, CLIP-S under-
performs compared with traditional metrics such as CIDEr
[26]. Such results suggest potential limitations in handling
hallucinations, which poses a significant challenge in the
field of image captioning. Given these considerations, we
chose not to adopt the reference-free problem setting.

Limitations of CLIP text embeddings. As previously
highlighted, many data-driven metrics do not have adequate
generalization capabilities across diverse image and text
types. This inadequacy partly stems from the sole use of
text embeddings from the CLIP text encoder. CLIP pro-
vides versatile textual and visual features, as demonstrated
by their performance in various tasks. However, the CLIP
model, pretrained on web-collected image-caption pairs, is
likely to be suboptimal for evaluation metrics because these
annotations typically lack the richness and descriptiveness
necessary for evaluating generated long captions, as indi-
cated in [55]. Consequently, we posit that sentence embed-
dings pretrained with supervised SIimCSE [22] may be a
more advantageous approach than CLIP. This is partially
supported by the observation that SimCSE outperformed
previous sentence embedding techniques in the semantic
text similarity task [2-6, 13, 47].

3.3. Proposed Method: Polos and M2LHF

We propose Polos, a supervised automatic evaluation met-
ric tailored for image captioning models. Fig.2 shows the
overview of the proposed Polos. To enhance robustness
and practicality, we also present Multimodal Metric Learn-
ing from Human Feedback (M2LHF), a novel framework

for developing metrics based on human feedback. Within
MZ2LHF, a metric computes the evaluation § based on mul-
timodal input  and directly regresses the human evaluation
y. Our method is inspired by automatic evaluation met-
rics for machine translation, such as COMET and BLEURT
[56], which were explicitly designed to predict human judg-
ments. However, our framework differs from previous
works [53, 56, 59] in that it handles both images and text,
and learns directly from human judgments based on mul-
timodal inputs. We consider that our approach, which ap-
plies regression using both image and language features, is
considered to be broadly applicable to automatic evaluation
metrics that have learnable parameters.
We define the input « to the model as follows:

@\
T = {mcand; {mref}ifl 7$img} ) (D

where Teana € {1,0}V*L represents the candidate,

{20} € {1,00V*V*L represents the i-th reference out
of N, and ®img € R3*HXW represents the image. Here,
V, L, N, H and W denote vocabulary size, maximum token
length, number of reference sentences in one sample, and
height and width of the image, respectively.

As previously emphasized, selecting an appropriate
method for sentence embedding necessitates careful con-
sideration. In this study, we use both the CLIP text encoder
and RoBERTa trained with supervised SimCSE to obtain
sentence embeddings. Initially, using RoOBERTa pretrained
with supervised SimCSE, we extract sentence embedding
¢, € REXAR and {rg))}fil € RNXLXdr from g,,q and
{wié)f N |, respectively. Note that dr represents the out-
put dimension of RoBERTa and the sentence embeddings
are derived from the [CLS] token of inputs into ROBERTa.
Following this, using the CLIP text encoder, we derive lan-

guage feature c.i, € Réoure and réfi)p € Rcue from
(4)

Tcand and x,;, respectively, where dcrip denotes the out-
put dimension of the CLIP encoders. Additionally, utilizing
the pretrained CLIP image encoder (ViT-B/16), we obtain
image features v € Récure from Timg-

3.3.1 Parallel Feature Extraction Mechanism

In alignment with the principles of M2LHF, we also pro-
pose a parallel feature extraction mechanism. This mech-
anism serves as a multimodal extension of the RUSE
method[53, 59], employing both difference and Hadamard
products. It extracts effective features for caption evalua-
tion by utilizing the difference and Hadamard product of
features derived from both CLIP and RoBERTa. Given that
CLIP is designed to minimize the cosine similarity between
corresponding language and image features, the Hadamard
product applied to CLIP features is considered to be effec-
tive. Additionally, the difference and Hadamard product
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operations generate vectors that encapsulate similarity be-
cause each element of the vector can be amplified or atten-
uated in relation to the others.

Initially, given the following inputs:

{Cclip7 TSi)p, Crb, "“151?7 1}}, (2

0

the proposed framework first computes h; ;.

as:

e = [F(Catip, 7)) Fleatip, v); Flem, ). (3)
Here, F is the following function:
Fle,7)=|c;r; lc—7]; cOT], 4)

where © denotes the Hadamard product.

Subsequently, we apply the MLP to hi(fl)ter to compute
h(), which effectively captures the similarity among the
multimodal features for the i-th reference. Note that we
chose MLP because pilot experiments demonstrated its su-
perior performance compared with Transformer [63].

Finally, we compute the evaluation score  as:

§ = Aggregate(o(MLP(h("))), 5)

where o denotes the sigmoid function, which scales the out-
put to the range [0, 1]. In this context, Aggregate denotes
an aggregation function. This function can encompass vari-
ous operations, such as calculating the maximum or average
value. Notably, in our experimental setup, we opted for the
max function.

For the loss function, we adopted the mean squared error,
which is a standard choice in regression problems because
of its effectiveness in quantifying the variance between pre-
dicted and human judgments. Our implementation details
can be found in Appendix E.

4. Experimental Evaluation
4.1. Setups

Polaris dataset. In this study, we introduce the Polaris
dataset, which consists of image-caption pairs and human
judgments on the appropriateness of the captions. Train-
ing supervised models to predict human judgments bene-
fits significantly from a large-scale corpus that contains di-
verse captions. However, to the best of our knowledge, there
are few open datasets with diverse captions. Therefore, we
constructed the Polaris dataset, which contains a total of
131,020 human judgments collected from 550 evaluators.
In comparison with existing datasets, which comprise
the inference results of image captioning models and are
suitable for metric training, Polaris is distinguished by its
exceptional diversity of captions and broader spectrum of

evaluations. Our dataset, which comprises over 131K hu-
man judgments, significantly surpasses the largest dataset
suitable for metric training, which contains only around
12K judgments [1]. Regarding the diversity of evaluations,
the Polaris dataset had an average of eight evaluators per
caption, which provides a more comprehensive judgment
than the Flickr8K dataset, which had an average of only
three evaluators per caption. Even the CapEvallK dataset,
one of the largest in terms of evaluator participation, only
involved five evaluators, which underscores the extensive
nature of Polaris with its inclusion of 550 evaluators. More-
over, Polaris differentiates itself from existing datasets such
as [1, 10, 27, 35] by being openly accessible, constructed
with modern models, and incorporating a wide range of di-
verse captions.

The Polaris dataset comprises captions generated by the
ten standard models: SAT [69], M?-Transformer [17],
VinVL [75], GRIT [62], BLIPpase, BLIP1arge [371, GIT
[66], OFA [67], BLIP-2g,y, and BLIP-2,y, [38]. Within
this set, BLIPyase and BLIP ;g refer to versions of BLIP
that employ ViT-B and ViT-L as their image encoders. Sim-
ilarly, BLIP-2q,, and BLIP-2,,; denote versions of BLIP-
2 that adopt Flan-T5 [15] and OPT [76] as their Large
Language Models (LLMs), respectively. We selected these
models because they are standard image captioning models.
Additionally, we also chose older models to ensure diver-
sity in the quality of their output sentences. We included
inference results for each model, as performed on the MS-
COCO [41] and nocaps [7] datasets in the Polaris dataset.
We selected MS-COCO because it is the standard dataset
for image captioning, whereas we chose nocaps because of
its greater diversity of classes compared with MS-COCO.

For a given image, human evaluators assessed the ap-
propriateness of its caption using a five-point scale, taking
into account factors such as fluency, relevance, and descrip-
tiveness. We used a crowdsourcing service to collect these
evaluations. In the Polaris dataset, we transformed the hu-
man judgments, which were rated on a five-point scale, to
values in the range [0, 1] using min-max normalization. To
eliminate unreliable data, we excluded data from evaluators
who exhibited suspicious behavior, such as extremely short
response times or consistently providing identical values.
The statistical information and details of the Polaris dataset
can be found in Appendix B.

Baseline metrics. We adopted BLEU [51], ROUGE [40],
METEOR [12], CIDEr [64] and SPICE [10] because they
are standard metrics for image captioning tasks. Addi-
tionally, we included MoverScore [78], BERTScore [77],
BARTScore [74], VILBERTScore [34], TIGEr [29], LEIC
[18], CLIPScore [26], MID [31], UMIC [35] and PAC-
S [55] as baseline metrics because they are representative
metrics for image captioning.
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Flickr8K  Flickr8K

Composite (Expert) (CF) Polaris
Classic metrics
BLEU [51] 30.6 30.8 16.4 46.3
ROUGE [40] 324 323 19.9 46.3
CIDEr [64] 37.7 43.9 24.6 52.1
METEOR [12] 38.9 41.8 222 51.2
SPICE [10] 40.3 44.9 244 51.0
SPARCS [20] 43.1 48.1 10.4 433
Similarity-based metrics
MoverScore [78] 30.1 46.7 22.8 46.4
BERTScore [77] 30.1 46.7 22.8 51.6
BARTScore [74] 435 37.8 243 473
LEIC [18] - - 29.5 -
TIGEr [29] 454 - - -
VIiLBERTScore [34] 524 50.1 - -
CLIP-S [26] 53.8 51.2 344 523
RefCLIP-S [26] 554 53.0 36.4 523
MID [31] 55.7 54.9 37.3 51.3
Learning-based metrics
PAC-S [55] 55.7 54.3 36.0 52.5
UMIC [35] 56.1 46.8 30.1 49.8
RefPAC-S [55] 57.3 55.9 37.6 56.0

57.6 56.4 37.8 57.8

Polos (Ours) (+0.3) (+0.5) (+0.2)  (+1.8)

Table 1. Correlation coefficients between various metrics and hu-
man judgments. The symbol ‘-~ indicates non-executable code or
unavailable data. Bold font indicates the highest recorded value
and underlining indicates the second-highest value.

Benchmarks. To assess the practicality of a supervised
metric, it is essential to evaluate the metric using both in-
domain and out-of-domain datasets. Particularly in the
context of supervised automatic evaluation, cases exist in
which supervised metrics seemingly outperform unsuper-
vised metrics on test sets (in-domain). However, as we
demonstrate in the following section, this does not in-
herently imply better performance on out-of-domain data.
Given that supervised metrics are frequently applied to out-
of-domain data, those that lack robustness can be impracti-
cal. Therefore, evaluating zero-shot performance in super-
vised models is paramount. In this study, in addition to the
Polaris dataset, we used Composite, Flickr8K, PASCAL-
50S and FOIL to evaluate zero-shot performance.

4.2. Correlation with Human Judgments
4.2.1 Caption-level Likert judgments

We conducted comparative experiments with baselines
across Composite, Flickr8K-Expert, Flickr8K-CF, and the
Polaris dataset. The results are presented in Table I,
which details the comparison of Kendall’s 7 with the base-
lines across the aforementioned datasets. Following the
methodology of previous research [10, 26, 31], we used 73
(Kendall-B) for the Flickr8K-CF dataset and 7. (Kendall-
C) for all other datasets. Notably, our proposed metric

achieved SOTA results with scores of 57.6, 56.4, 37.8, and
57.8 for Composite, Flickr§K-Expert, Flickr8K-CF and the
Polaris dataset, respectively. Specifically, our metric out-
performed RefPAC-S by margins of 0.3, 0.5, 0.2, and 1.8
points on Composite, Flickr8K-Expert, Flickr§K-CF, and
the Polaris dataset, respectively. This indicates that our su-
pervised metric is superior to other supervised metrics such
as RefPAC-S. Moreover, we achieved better performance
than reference-free metrics such as PAC-S and intermediary
metrics (metrics positioned between reference-with-image
and reference-free metrics) such as MID. This highlights
the critical role of incorporating references. See B.5 for a
comparison of Polos and other metrics trained on Polaris.

Fig.3 shows various examples of the proposed metric for
the Polaris dataset (further results are provided in Appendix
G). First, Fig.3 (a) shows the sample that human evalua-
tors deemed high quality. In this sample, x.,,q captured
the image content suitably, which resulted in a high human
judgment of 0.750. CLIP-S assessed it at 0.402, whereas
our proposed method aligned more closely with the human
evaluation with a score of 0.745. Fig.3 (b) illustrates sam-
ples rated as mediocre by human evaluators because of par-
tial accuracy. For instance, the veracity of the phrase “hang-
ing on a tree” could not be confirmed by the image content,
which led to a moderate human score of 0.450. RefPAC-
S and RefCLIP-S overestimated the caption with scores of
0.825 and 0.746, respectively, whereas our proposed metric
provided a more judicious score of 0.513, thereby reflecting
its effectiveness in recognizing “normal” quality captions.
Fig.3 (c) shows examples labeled as poor by human evalua-
tors. A discrepancy, such as misidentifying the animal in the
reference, resulted in a low human score of 0.071. Again,
RefPAC-S and PAC-S assessments overestimated the cap-
tion, with scores at 0.903 and 0.856, respectively, whereas
Polos assigned a more realistic score of 0.173, effectively
capturing the hallucination error. These results show that
our proposed metric appropriately handled multimodalities
and produced evaluation scores close to human judgments.

Fig.3 (d) illustrates a sample for which the proposed met-
ric did not perform as expected. In Fig.3 (d), mgz and mgz
were described as “A cardboard box with a brown teddy
bear and items in it outside on a curb” and “a box full of
stuffed animals and other children’s items,” respectively.
Conversely, x..nq Was described as “a brown teddy bear
sitting in a cardboard box.” For this sample, the average of
human judgments was T ,nq as 0.50. We believe that this
was because the box contained various items in addition to
the teddy bear. By contrast, our proposed metric evaluated
this sample with a score of 0.790, which indicates a notable
disparity from human judgment. Similarly, RefPAC-S and
RefCLIP-S output scores of 0.847 and 0.751, respectively,
which also demonstrates a discrepancy between them and
human judgment. Given the failure of our metric and the
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biting on something 3 0.071 0.173 with a brown teddy E 0.500 0.790
© a person is holding. PAC.S RefPAC-S @ gitasrida;irl]tznzlg it ' PAC-S RefPAC-S
Ablack and ' 0.856 0.903 ¢ 0812 0.847
white cat ! a brown teddy |
sleeping on a | CLIP-S RefCLIP-S bear sitting in a - CLIP-S RefCLIP-S
blue blanket. ; 0.200 0.343 L cardboard box. ' 0.429 0.751

Figure 3. Examples of successful and failed cases from the Polaris dataset. Values in blue indicate critical errors, and values in red
represent those closest to the human judgments. Underlined words indicate significant inaccuracies in the candidate captions. These results
demonstrate that our proposed metric effectively handled multimodal inputs and yielded evaluation scores that aligned closely with human
judgment. Note that z)

ref and Tcang denote one of the reference captions and the candidate caption, respectively.

HC HI HM MM Mean correct), HM pairs (one from a human and the other gener-
Classic metrics ated by a machine), and MM pairs (both generated by ma-
BLEU [51] 60.4 906 849 547 727 chines). The caption that received the majority vote was
METEOR [12] 63.8 977 937 654  80.2 deemed the preferred choice, with ties resolved randomly.
RICD)IU]C;EIMO] 637 953 923 612 781 In our study, following the procedure in [26], we calcu-
SPICE [10] 636 963 867 683 787 lated the average over five evaluations randomly selected
CIDEr [64] 65.1 98.1 90.5 64.8 79.6 f 48 didates. Table 2 sh th lts f
Similarity-based metrics rom 48 candidates. Table 2 shows the accuracy results for
VILBERTScore [34] 499 996 93.1 758 79.6 PASCAL-SOS. In our experiments, we achieved SOTA re-
BERTScore [77] 654 981 964 603  80.1 sults with accuracies of 70.0%, 79.0%, and 86.5% for HC,
MoverScore [78] 651 971 932 656 80.3 MM, and Mean, respectively. The results in Tables 1 and
TIGEr [29] 56.0 998 928 742 80.7 2 demonstrate that our proposed metric outperformed the
CLIP-S [26] 565 993 964 704 807 baselines in terms of zero-shot performance. These results
RefCLIP-S [26] 645 99.6 954 728 831 provide strong evidence that our metric is both robust and
MID [.31] : 670 997 974 1768 85.2 practical, thereby serving as a potent automatic evaluation
Learning-based metrics metric for image captioning.
PAC-S [55] 60.6 993 969 729 82.4
RefPAC-S [55] 677 996 96.0 756 84.7 e . o
UMIC [35] 661 998 981 762 851 4.2.3 Sensitivity to hallucination
s () 700 996 974 790 865 Previous studies [26, 31]
(#3.0) (GL-2) R GH3) measured how evaluation Iref d-ref
metrics handle hallucina- BLEU [51 665 82.6
Table 2. Pascal50-S accuracy results (five references). . . . . ROUGE [40] 71.7 793
tions 1n Captlons USIFIg METEOR [12] 78.8 82.6
CLIPScore family, the primary cause of these failures is the FOIL (Find One mis-  CIDEr [64] 82.5  90.6
likely to be an overemphasis on objects that are prominently match between Image and ]il:l({:”ll?s[m] = ;g 2 g?}
visible, which results in overlooking the broader context of Language caption) dataset core [74] ' '

. ... S [58]. Following the pro- MoverScore [78] 88.4 884
the image. This is likely to be caused by CLIP’s shortcom- : ) BERTScore [77]  88.6 92.1
ings in capturing the fine-grained alignment between spe- cedure used in [26], we e [26] 872 872
cific image regions and text, as indicated in [23, 79]. evaluate.d 32.K test 1m-  \p (31 90.5 90.5

ages with either one or “paACS (53] 390 899
4.2.2 Pairwise ranking on Pascal-50S four references. ~Subse-  RefCLIP-S[26] 910 92.6
quently, we computed the RefPAC-S[55]  93.7 949
Pascal-50S [64] introduced an alternative evaluation frame- accuracy of various met-  Polos (Ours) 93.3 954

work for accuracy, which comprised 4K pairwise prefer-
ence judgments between two captions. These judgments
encompass four distinct scenarios: pairs of HC (human cor-
rect) captions, HI pairs (both human-written, with one in-

rics to evaluate their ef-
fectiveness in consistently
awarding higher scores to

the true candidate compared with the FOIL dataset.
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Table 3. FOIL hallucination pair-
wise detection accuracy results.



Table 3 presents the accuracy results for the FOIL
dataset. Our proposed method outperformed previous met-
rics, achieving SOTA results in the 4-ref setting. Specifi-
cally, it achieved an accuracy of 93.3% in the 1-ref setting
and 95.4% in the 4-ref setting. As previously mentioned,
CLIP-S lags behind the traditional metric CIDEr, whereas
our method outperformed it in both the 1-ref and 4-ref set-
tings. Moreover, compared with reference-with-image met-
ric RefPAC-S as well as the intermediary metric MID, our
approach led by 0.6 and 4.9 points in the 4-ref setting.

4.3. Ablation Study

We conducted three ablation studies to demonstrate the ef-
fectiveness of our proposed method. Table 4 presents the
results of the ablation studies.

Parallel feature extraction ablation. We investigated the
performance of our parallel feature extraction mechanism
by excluding the Hadamard product and difference, specifi-
cally by modifying F'(c, r) (eq.4) to the function F'(c,r) =
[c; r]. The correlation coefficients between Metric (i) and
human judgments were lower by 18.3, 15.4, and 6.4 points
compared to Metric (vi) for the Composite, Flickr8K, and
Polaris, respectively. These indicate that our parallel fea-
ture extraction mechanism provided superior performance.

MZ2LHF ablation. We investigated the performance of
M2LHF by modifying our model to make predictions based
solely on text, excluding any of the following: xing,
(Celips {rgi)p N ), or (e, {rfé) N ). Initially, by omit-
ting ximg, we assessed the significance of the image fea-
ture. Compared to Metric (vi), the correlation coefficients
between Metric (ii) and human judgments were lower by
0.4, 1.4, and 0.7 points on Composite, Flickr8K, and Polaris
respectively. These results suggest that the image feature
played a pivotal role in enhancing the performance of our
proposed metric. Subsequently, we evaluated the contribu-
tion of each module by excluding either CLIP or RoBERTa.
Relative to Metric (vi), the correlation coefficients between
Metric (iii) and human judgments decreased by 2.6, 3.2,
and 2.4 points. Similarly, the exclusion of RoBERTa led
to a decrease in performance. Although we observed that
RoBERTa pretrained by SimCSE was found to enhance per-
formance, these results highlighted CLIP as the most influ-
ential feature extractor. Overall, these results validated the
efficacy of the image feature and each module, underscoring
that the introduction of M?LHF contributed to the perfor-
mance improvement of the proposed metric.

Aggregation mechanism ablation. We investigated the
impact on performance by setting the Aggregate function
to either Max or Mean. The correlation coefficients be-
tween Metric (v) and human judgments were lower by
2.5, 1.0, and 5.7 points compared with Metric (vi) for the
Composite, Flickr8K, and the Polaris dataset, respectively.

Metric P @img CLIP RoBERTa Aggregate Composite Flickr8K Polaris

() v v v Max 39.3 41.0 514
Gi) v v v Max 56.8 555 571
(i) v v Max 55.0 532 554
vy v v Vv Max 56.0 550 574
v v v v v Mean 55.1 554 521
wi) v v v v Max 57.6 564 57.8

Table 4. Ablation study results: performance of M?LHF and the
parallel feature extraction and comparison of the effects of using
either the Max or Mean within the Aggregate function. ‘P’ indi-
cates the use of the parallel feature extraction mechanism

These results indicate that using the Max function as the
Aggregate function provided superior performance.

4.4. Discussion and Limitations

Although our metric generated compelling results, our ap-
proach has some limitations. As shown in Fig.3, our met-
ric demonstrated a tendency to overestimate captions that
lacked intricate details. This phenomenon is likely to be
attributed to its excessive focus on prominently visible ob-
jects; hence it consequently overlooked the broader context
within the image. As discussed in Section 4.2.1, this lim-
itation may be attributed to CLIP’s inherent limitations in
capturing the fine-grained alignment between specific im-
age regions and their corresponding textual descriptions.
Despite this, we firmly believe that this study represents a
significant stride toward the development of a more prac-
tical metric for image captioning models. In future work,
we plan to extend our metric by enhancing the fine-grained
alignment, drawing inspiration from methods such as Re-
gionCLIP [79].

5. Conclusion

In this paper, we introduced Polos, an automatic evalua-
tion metric for image captioning. The contribution of this
paper is fourfold: i) the introduction of M?LHF, a novel
framework used to develop a practical metric for image cap-
tioning; ii) the introduction of a parallel feature extrac-
tion mechanism that leverages CLIP and RoBERTa pre-
trained with SimCSE; iii) the construction of the Polaris
dataset, containing a total of 131,020 human judgments col-
lected from 550 evaluators; and iv) achieving SOTA per-
formance on image captioning benchmarks including Com-
posite, Flickr8K-Expert, and Flickr8K-CF, PASCAL-50S,
FOIL, and the Polaris dataset.
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