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Abstract

Vision-language models (VLMs) have shown impressive abilities across a range of multi-modal tasks. However,
existing metrics for evaluating the quality of text generated by VLMs typically focus on an overall evaluation
for a specific task, such as image captioning. While the overall evaluation is essential for any task, the criteria
prioritized can differ depending on the task, making it challenging for current metrics to adapt to multi-task
scenarios. To address this limitation, we propose HarmonicEval, a reference-free comprehensive evaluation
metric that aggregates criterion-wise scores to produce the overall score in a bottom-up manner. Furthermore,
to assess the generalizability of automatic evaluation metrics in multi-task scenarios, we construct the Multi-task
Multi-criteria Human Evaluation (MMHE) benchmark, which comprises 18,000 expert human judgments across
four multi-modal tasks. Our experiments demonstrate that HarmonicEval achieves higher correlations with
human judgments than conventional metrics while providing numerical scores for each criterion. Project page:
https://stjohn2007.github.io/MMHE_project/
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1. Introduction

Automatic evaluation of text generated by vision-
language models (VLMs) is essential for improving
their performance across various multi-modal tasks,
such as image captioning and visual question an-
swering (Hessel et al., 2021; Lee et al., 2024b). As
the range of tasks that VLMs can perform contin-
ues to expand, developing specialized evaluation
metrics for each task becomes increasingly difficult.
Hence, a comprehensive metric capable of evalu-
ating text across multiple tasks is highly desirable.
However, most existing metrics focus on measur-
ing the overall quality of text within a specific task,
limiting their applicability in multi-task settings (see
Figure 1 (a)).

Existing metrics that provide only overall
scores (Papineni et al., 2002; Zhang et al., 2020;
Hessel et al., 2021) often prioritize specific evalua-
tion criteria, as discussed in previous studies (Kasai
et al., 2022; Fabbri et al., 2021). For example, met-
rics for evaluating image captions typically prioritize
correctness and completeness over conciseness
and fluency. When these metrics are applied to
other tasks, such as visual question answering,
they tend to overvalue verbose or unnatural re-
sponses. To address this limitation, integrating mul-
tiple evaluation criteria to predict the overall score,
a concept we refer to as comprehensive evaluation,
holds significant potential for a more comprehen-
sive assessment in multi-task scenarios. However,
this approach remains underexplored due to the
lack of a meta-evaluation benchmark that provides
human judgment across multiple tasks and criteria.
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Figure 1: Multi-task and multi-criteria evalua-
tion. (a) Conventional single-criterion approach
focuses on a single task, such as image caption-
ing. (b) HarmonicEval integrates multiple criteria to
provide overall scores. MMHE consists of 18,000
expert human judgments across four multi-modal
tasks and five criteria.

This motivates us to introduce a novel evaluation
metric with a new benchmark in this paper.

First, we propose HarmonicEval, a reference-
free harmonic evaluation metric for multiple multi-
modal tasks. As shown in Figure 1 (b), HarmonicE-
val integrates multiple criteria to produce the overall
score in a bottom-up manner. Specifically, the eval-
uation pipeline consists of two steps: 1) criterion-
wise scoring, where a VLM is prompted to evaluate
the input text based on each specific criterion, and
2) score aggregation, where the overall score is cal-
culated from the criterion-wise scores. For score
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Figure 2: HarmonicEval framework consists of two steps. (a) Criterion-wise scoring is performed by
prompting a VLM to evaluate the input text based on each criterion, followed by score smoothing to
improve robustness based on the first-order statistics. (b) Score aggregation produces an overall score
using harmonic weighting based on the second-order statistics, aiming to reduce statistical fluctuations.

aggregation, we introduce a novel harmonic weight-
ing scheme that automatically determines weight
coefficients based on the second-order statistics of
the output token probability distributions.

Second, to assess the generalizability of au-
tomatic evaluation metrics, we introduce the
multi-task multi-criteria human evaluation (MMHE)
benchmark, the first meta-evaluation benchmark
that provides human judgment annotations across
multiple criteria and multiple multi-modal tasks.
Specifically, MMHE consists of 18,000 expert hu-
man judgments on five criteria for four diverse tasks:
referring expression generation (REG), visual ques-
tion answering (VQA), visual document understand-
ing (VDU), and image captioning (IC).

Our experiments on MMHE show that Harmon-
icEval achieves higher correlations with human
judgments than conventional metrics, while also
providing criterion-specific scores that highlight ar-
eas for improvement. Furthermore, we demon-
strate that HarmonicEval achieves state-of-the-
art or comparable performance in conventional
image caption evaluation scenarios across five
widely used benchmarks that provide only over-
all judgments: Flickr8k-EX / CF (Hodosh et al.,
2013), Composite (Aditya et al., 2018), PASCAL-
50S (Vedantam et al., 2015), and FOIL (Shekhar
et al., 2017). In summary, our key contributions are
threefold:

» We propose HarmonicEval, a novel reference-
free metric for harmonic evaluation across multi-
ple multi-modal tasks.

* We introduce MMHE, the first multi-task muilti-
criteria human evaluation benchmark, consisting
of 18,000 expert judgments spanning four multi-
modal tasks and five evaluation criteria.

» We demonstrate the effectiveness of Harmon-
icEval on MMHE and five conventional image
captioning benchmarks. In addition, we conduct
the first in-depth analysis of how existing metrics

implicitly prioritize different evaluation criteria.

2. HarmonicEval

As shown in Figure 2, the pipeline of HarmonicEval
consists of two steps: criterion-wise scoring (§2.1)
and score aggregation (§2.2).

2.1. Criterion-wise scoring

In this step, a VLM is employed as an evaluator and
prompted to generate evaluation scores on each
criterion independently. Let ¢ be an input text to
be evaluated, such as an image caption for the IC
task. The evaluation process to obtain criterion-
wise scores s, is formulated as s. = f([p., t], ),
where c is a criterion, x is an input image, f is a
VLM, p. is a prompt, and [,] denotes textual con-
catenation. To improve alignment with human judg-
ments, score smoothing (Liu et al., 2023b; Lee et al.,
2024Db) is applied as 5. = > . 7P(r | [pc,t],x)
where P(r | [pe, t], x) is the output token probability
of token r assigned by the VLM, and R is a set of
ratings.

2.2. Score aggregation

To aggregate the criterion-wise scores 3., we intro-
duce harmonic weighting, a novel approach that
leverages the second-order statistics of the output
token probability distributions to adaptively deter-
mine the weight coefficients for aggregation. Com-
pared to simple averaging, our aggregation ap-
proach aims to better align with human evaluation
by dynamically emphasizing more reliable scores
based on the input. Specifically, the overall score
S is computed as

1
S = chéc, w, = EUJQ(P'Y)/'Y, (1)
ceC
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where w, is a weight coefficient, C is a set of criteria,
o. is the standard deviation of the criterion-wise
score given by

O, = Z(T —5.)2 P(r | [pe, t], x), (2)

reR

and H = 3, 0. 2" 7"/ is the harmonic mean
of the variances with a hyperparameter v. Smaller
values of o, can be interpreted as indicating higher
confidence in the evaluation of ¢. The role of hyper-
parameter ~ is to bridge three weighting strategies:
uniform weighting, inverse variance weighting and
selective weighting as detailed below.

Uniformweighting. When~y =1, harmonic
weighting reduces to uniform weighting w. = 1/|C]|.
This is effective when all criterion-wise scores are
equally reliable in determining the overall score.
However, this does not provide the best estimator
as observed variances are ignored in aggregation.

Inverse variance weighting. When v =0.5, har-
monic weighting reduces to inverse variance
weighting w. « o 2. This provides the best linear
unbiased estimator under the assumption that the
observed variance is due to statistical fluctuations.
However, this assumption is not always reasonable,
as each criterion may have its own variance.

Selective weighting. When v — 0, only the
score 5. with the smallest variance is selected as
the overall score. This approach is used in experi-
ments to show the necessity of aggregation.
Discussion. When the evaluation criteria are care-
fully designed, the uniform weighting (y = 1.0)
aligns closely with human expert judgment, and
0.5 < v < 1.0 further improves the alignment
because it adaptively reflects the confidence of
criterion-wise scores. Since the assumption un-
derlying the inverse variance weighting (y = 0.5)
is not reasonable when each criterion has its own
variance, we hypothesize that a value between 0.5
and 1.0 is optimal and choose v = 0.75 as the
default value.

2.3.

Definition of criteria. Based on prior research
in natural language generation (Asano et al,
2017; Kryscinski et al., 2019; Fabbri et al., 2021;
Freitag et al., 2021; Song et al.,, 2024) and
multi-modal evaluation (Aditya et al., 2018; Ka-
sai et al.,, 2022), we define five evaluation cri-
teria: C = {Correctness, Completeness, Fluency,
Conciseness, Clarity}. Their definitions are sum-
marized in Table 1. We validated these crite-
ria by examining 100 outputs from various vision-

Implementation details

Correctness (Crt): The degree to which the target
text accurately reflects the content of the input image
and text.

Completeness (Cmp): The extent to which the target
text captures all relevant and significant details of the
input image and text.

Clarity (CIr): The ease with which the reader can
understand the target text.

Fluency (Flu): The grammatical accuracy and natural
flow of the target text.

Conciseness (Cnc): The efficiency of the target text
in conveying information without unnecessary ver-
bosity.

Table 1: Five criteria for HarmonicEval and MMHE.

language tasks and confirmed their adequacy for
reliable evaluation.

Aggregating these five criteria contributes to the
overall text quality evaluation across a wide range
of tasks. Depending on the task and the style of
the input text, some criteria may not be neces-
sary. However, when such evaluations are con-
ducted, the output becomes less confident, leading
to higher variance o, and lower weight coefficients
w,, as VLMs account for task and criterion features
in addition to the input text. Thus, HarmonicEval
can adaptively perform comprehensive evaluations
without manual tuning of weight coefficients.
Prompts. The prompt p. instructs the VLM to eval-
uate text with respect to the criterion ¢ on a five-point
scale R ={1,2,3,4,5}. Below is the prompt of the
correctness criterion for the IC task.

Your task is to rate the caption for the given image
on a scale of 1 to 5 on the following criterion and
rating scale.

Evaluation Criterion: Correctness

How accurately does the caption describe the
image?

Rating Scale:

- 1 Very Low Correctness: The caption is mostly
or entirely incorrect ...

- 5 Extremely High Correctness: The caption per-
fectly captures all ...

Here, the boldfaced portions indicate the task-
dependent phrases. For example, “caption” is re-
placed with “answer” for the VQA task.

3. MMHE Benchmark

We present the MMHE benchmark, the first meta-
evaluation benchmark that covers multiple evalua-
tion criteria across multiple multi-modal tasks. We
collected 18,000 expert human judgments span-
ning four tasks and five criteria. Example human
judgment scores are shown in Figure 3.
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Referring expression generation (REG) Visual question answering (VQA)

Candidate expression: Person sitting on the left side of the image, with a gray Ouest{on. Why does this qnlmal not have to compete with most other grazers in its habltqt.
sweater, is enjoying a lively meal with friends at restaurant that feels cozy. Candidate answer: The giraffe does not have to compete with most other grazers due to its
Jong neck, which afows it to reach feaves and branches high up in trees that other animals
cannot access.

Target bounding box
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Image captioning (IC) Visual document understanding (VDU)

Question: When will cards go out?

Candidate caption: A hotel room with two beds and a table.

Candidate answer: Cards wilf go out next week. The card is preloaded with the latest

Ubuntu 16.04 distro.

Human judgment

@
“Wconcieness)

Ultra-slim USB membership card

once every month. Thanks in advance for your patience!

Human judgment

You will receive an ultra siim, credit- judg 222
card-sized, 16GB card loaded with _ . n n
Trisquel Live, a fully free GNU/ Correctness 1

Linux distribution. The card sports Comp leteness
an incredibly sturdy and durable

double-sided USB connector and Fluenc - . .
fits in a wallet, 5o you can take it Y 2] & B
anywhere — sharing GNU/Linux on Conciseness n
the go! Please note that the bootable membership cards are cost

effective only if we print and send them out in batches. Cards go out Clarit

Figure 3: MMHE benchmark is a multi-task multi-criteria human evaluation benchmark. Each candidate

text is manually evaluated by three expert annotators.

3.1. Benchmark design

Motivation. Despite numerous human evaluation
benchmarks for multi-modal tasks, most focus on
a single task (e.g., image captioning) or offer only
an overall quality label. Our purpose is twofold:
1) to assess how evaluation metrics perform in a
multi-task setting, and 2) to investigate how metrics
that provide only overall scores prioritize certain
criteria over others. To achieve these goals, we
design MMHE to cover multiple multi-modal tasks
and to explicitly collect human judgments across
five evaluation criteria.

Multi-modal tasks. We select four diverse tasks
to show how different criteria matter across con-
texts: 1) REG aims to generate a textual expression
that uniquely identifies a specific object in the image
(marked by a bounding box). We expect complete-
ness to be crucial for precisely distinguishing the
target object. 2) VQA requires generating an an-
swer to a question about the image content. Given
the nature of question answering, we hypothesize
that correctness and conciseness are particularly
important here. 3) VDU focuses on interpreting in-
formation from visually presented documents. Sim-
ilar to VQA, we suspect that correctness and con-
ciseness play key roles. 4) IC involves producing
a descriptive sentence for the entire image. We
anticipate that correctness and completeness are
especially relevant for capturing key elements.
MMHE is the first benchmark to integrate multiple
multi-modal tasks with a unified set of evaluation
criteria in a single framework. This design enables
fine-grained, criterion-wise analysis of how different
metrics perform across various task requirements,

which cannot be achieved by simply combining ex-
isting benchmarks with their disparate evaluation
criteria.

3.2. Benchmark construction

The benchmark construction process consists of
three steps: 1) Source selection, which selects
source text-image pairs; 2) Target generation,
which creates target texts to be evaluated using
state-of-the-art VLMs; and 3) Human expert eval-
uation, which assesses the quality of the target
texts.

Source selection. We selected the following four
datasets: RefCOCO (Kazemzadeh et al., 2014)
for REG, OK-VQA (Marino et al., 2019) for VQA,
VisualMRC (Tanaka et al., 2021) for VDU, and
MSCOCO (Lin et al., 2014) for IC. We randomly
sampled 100 instances from the validation or test
subset of each dataset.

Target generation. The target texts to be evalu-
ated were generated using state-of-the-art VLMs.
Specifically, we employed ten VLMs: LLaVA-1.5-
7B/13B (Liu et al., 2023a), InstructBLIP-Vicuna-
7B/13B (Dai et al., 2023), Qwen-VL (Bai et al.,
2023), Qwen2-VL-Instruct-7B/72B (Wang et al.,
2024a), CogVLM-Chat (Wang et al., 2024b), GPT-
40-mini and GPT-40 (OpenAl, 2024). For each
instance, we assigned three distinct VLMs from
this pool, ensuring that every instance had exactly
three candidate outputs. The assignment was bal-
anced across tasks and models. This design re-
sulted in 100 instances x 3 outputs = 300 candidate
responses per task.
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Figure 4: Human judgment score distributions for
each task and criterion on the MMHE benchmark.

Human expert evaluation. Five expert annota-
tors were given an explanation of the four multi-
modal tasks and asked to carefully review the five
evaluation criteria in Table 1. They rated each tar-
get text on a five-point scale, then conducted a thor-
ough review for consistency. Each instance was
independently scored by three annotators, yielding
18,000 human judgment scores.

Overall judgments. To collect overall judgments,
we adopted a best-of-three approach, in which
annotators choose the best output among three
responses generated by different models for the
same input. We did not use a five-point scale for
the overall score because defining each rating level
(from 1 to 5) for the overall quality is difficult and
could introduce bias (Chiang et al., 2024).

3.3. Data analysis

Figure 4 presents the score distributions for each
criterion across the four tasks. The correctness
and completeness criteria exhibit diverse score dis-
tributions for most tasks, suggesting that even the
state-of-the-art VLMs face challenges in these as-
pects. In contrast, the fluency criterion shows a
narrow score distribution across most tasks, with a
dominant score of five. This indicates that the VLMs
generate fluent text even when visual understand-
ing is inaccurate. Nonetheless, we consider fluency
an essential criterion, as overlooking it could lead
to high scores being assigned to correct but non-
fluent text. A qualitative example illustrating this
is provided in Section 4.2. The clarity and con-
ciseness criteria have score distributions that are
intermediate between the diverse and narrow dis-
tributions. While the score of five is more prevalent
than in the diverse distributions, other scores still
occur with noticeable frequency.

Method REG VQA VDU IC Avg.
BLEU 45.3 29.4 57.3 46.8 44.7
ROUGE 49.0 30.8 56.0 47.9 45.9
CIDEr 42.5 25.0 62.1 42.7 43.1
METEOR 44.4 29.4 59.7 53.6 46.8
BERT-S 46.2 33.8 62.1 53.1 48.8
BART-S 56.4 20.5 60.9 57.8 48.9
CLIP-S 60.1 39.7 60.9 52.0 53.2
G-VEval 60.1 75.0 71.9 68.7 68.9
FLEUR 62.9 76.4 60.9 73.9 68.5
GPT-FLEUR 60.1 75.0 76.5 76.0 71.9
HarmonicEval 66.6 76.4 734 77.0 73.4

Table 2: Accuracy (%) on MMHE. The best result
for each task is marked in bold. Average (Avg.) in-
dicates the average accuracy across the four tasks.

4. Experiments

4.1. Performance on MMHE

We evaluate the performance of HarmonicEval on
MMHE and compare it with conventional metrics.
We also examine how existing metrics prioritize or
deprioritize specific criteria in each task.

Settings. To assess the performance of each
metric, we use accuracy (%) for the overall evalua-
tion and the Kendall’s tau correlation coefficient 7
for criterion-wise evaluations.

We implement nine baselines, including four
n-gram-based metrics (Papineni et al.,, 2002;
Lin, 2004; Vedantam et al., 2015; Banerjee and
Lavie, 2005) and five neural network-based met-
rics (Zhang et al., 2020; Yuan et al., 2021; Hessel
et al., 2021; Tong et al., 2025; Lee et al., 2024b),
grouped in Table 2. Among them, FLEUR (Lee
et al., 2024b) is a state-of-the-art VLM-based met-
ric'. HarmonicEval utilizes GPT-40 as its backbone.
For a fair comparison with FLEUR, we also imple-
ment GPT-FLEUR, which substitutes GPT-40 for
the original LLaVA-1.5-13B.

Main results. Table 2 compares HarmonicEval
with conventional metrics in terms of overall per-
formance on MMHE. HarmonicEval achieves the
highest accuracy in REG (66.6), VQA (76.4), IC
(77.0), and attains the top average score of 73.4
across tasks. While GPT-FLEUR obtains the high-
est score on VDU (76.5), it performs less effectively
on REG. These results underscore the strong multi-
task capability of HarmonicEval.

Correlation analysis. To investigate how existing
metrics prioritize or deprioritize certain criteria, we

"Note that all baseline metrics don’t support criterion-
wise scoring and produce only overall scores.
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REG VQA VDU IC
Metric Crt Cmp CIr Flu Cnc| Crt Cmp CIr Flu Cnc| Crt Cmp CIr Flu Cnc| Crt Cmp CIr Flu Cnc
BLEU 6.0 69 39 12 6.1 |-1.3 -10.4-11.0-19.3 4.1 {19.8 12.9 14.9 14.3 21.2| 44 4.5 59 0.3 11.3
ROUGE 23 57 44 -35 39|71 -2.8 -5.0 -8.1 10.2(20.0 14.7 16.2 17.9 22.7| 5.2 6.5 9.0 4. 9.7
CIDEr 6.4 34 24 -9.7 20.9|-27.8-39.0-19.5-26.0 -3.8 |23.7 15.8 19.3 18.0 23.8| 0.7 -1.6 8.7 -3.8 14.5
METEOR 1.9 53 52 -51 -6.3|53 -39 -82 -85 2.7 (17.8 18.0 16.9 20.5 14.9| 6.8 12.1 7.3 -2.3 1.0
BERT-S 6.5 6.9 -6.5 -8.6 12.4|-2.8 -14.3 4.9 -10.0 6.1 [21.0 17.4 20.4 21.6 23.9|12.3 11.1 6.4 4.7 10.5
BART-S 44 6.7 42 -7.8 3.1 |-13.4-20.2 -2.8 -16.6 1.6 [22.4 21.3 21.6 17.9 14.7| 4.8 4.3 4.3 2.2 3.2
CLIP-S 135 14.4 6.8 -0.9 -5.1| 6.6 54 7.2 81 4.5(15.2 12.5 15.0 12.6 8.4 |20.2 21.3 11.1 3.2 3.5
G-VEval 11.4 23.4 18.7 9.9 8.3 [52.8 41.0 19.0 44.7 35.9|54.1 41.7 47.0 40.6 42.0(43.8 43.4 21.9 26.0 14.5
FLEUR 29.3 30.8 18.6 8.7 11.2|38.7 38.2 39.9 39.8 44.7|38.1 37.1 44.6 35.2 28.2|33.9 35.0 25.9 24.5 14.0
GPT-FLEUR |19.7 30.6 14.0 19.7 11.0|54.7 42.0 18.0 35.0 23.0|59.0 44.4 43.8 37.2 29.5|47.5 47.7 25.3 29.1 13.4

HarmonicEval|23.2 30.8 24.0 20.7 23.8|53.5 50.6 31.8 51.9 44.4|60.0 48.8 47.9 51.2 45.8|44.7 50.3 19.8 36.4 22.8

Table 3: Criterion-wise correlation analysis on MMHE. Scores for the most positively and negatively
correlated criteria are marked with red and blue underlines, respectively. The highest correlations for each
criterion are highlighted in bold. Crt: Correctness, Cmp: Completeness, Clr: Clarity, Flu: Fluency, Cnc:

Conciseness.

show the correlation between the predicted overall
scores and the human judgment scores for each
criterion in Table 3. In the table, red and blue under-
lines denote the most and least correlated criterion,
respectively, for each task.

We observe task-wise trends. For REG, com-
pleteness shows the highest correlation across
most metrics. This is reasonable, as REG requires
explicit expressions to identify a unique object by
distinguishing it from marked objects. For VQA,
most metrics are more strongly correlated with con-
ciseness but less so with completeness. This in-
dicates that conventional metrics deprioritize com-
pleteness, potentially leading to inaccurate evalu-
ations of insufficient answers. A similar trend is
observed in VDU, where completeness is also de-
prioritized by conventional metrics. For IC, fluency
exhibits low correlations for most metrics, suggest-
ing a tendency to assign high scores even to non-
fluent texts. Overall, these results underscore the
necessity of a comprehensive evaluation metric in
multi-task scenarios.

Table 3 also shows the correlations between the
criterion-wise scores of HarmonicEval and the hu-
man judgment scores. HarmonicEval achieves the
highest correlation across most criteria. While this
is expected, as HarmonicEval is the only metric
that outputs criterion-wise scores, the result never-
theless demonstrates that its predictions align well
with human judgments on each individual criterion.

4.2. Analysis

Can HarmonicEval improve explainability?
Providing feedback on evaluation results to users is
important. To investigate whether HarmonicEval of-
fers clear textual explanations, we prompt the VLM
with “Why? Tell me the reason.” after obtaining the

REG VQA VDU IC Total

HarmonicEval 19* 12 21 19*  T1*
FLEUR 3 9 3 3 18
Tie 3 4 1 3 11

Table 4: User study on textual explainability. As-
terisks (x) denote statistical significance between
HarmonicEval and FLEUR (p < 0.05, binomial test).

overall scores, following Lee et al. (2024b).

Figure 5 shows a qualitative comparison of Har-
monicEval and FLEUR on the IC task. Panel (a)
shows that HarmonicEval successfully detects se-
vere fluency issues and reflects them in its overall
score, whereas FLEUR tends to overlook such de-
ficiencies. This suggests that FLEUR may fail to
capture certain criteria (e.g., fluency), as discussed
in Section 3.3. Panel (b) illustrates that HarmonicE-
val identifies incorrect details in captions more pre-
cisely than FLEUR, assigning a lower correctness
score accompanied by a criterion-specific explana-
tion. These examples indicate that HarmonicEval
provides more informative textual feedback.

To verify this observation more systematically,
we conduct a user study to quantitatively assess
the explainability of HarmonicEval. Specifically, we
sample 25 instances from each task and generate
explanations for both HarmonicEval and FLEUR,
yielding 100 explanation pairs in total. Five hu-
man annotators then evaluate which explanation in
each pair is more informative and useful, allowing
for ties. As shown in Table 4, HarmonicEval signifi-
cantly outperforms FLEUR on textual explainability,
consistent with its more fine-grained criterion-wise
evaluation observed in the qualitative examples.
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Candidate caption: A street scene at
night with cars on the roadUiView the
street scene at night with cars passing
by studded with street lamps at night.

©

HarmonicEvaI

Explanation: The text is somewhat disfluent due to issues such as
awkward phrasing and repetition. For example, the phrase "street scene
at night" is unnecessarily repeated, and the fragment "roadUIView"
disrupts the flow. These errors make the text sound unnatural.

- Correctness: 3 i - Fluency: 2

- Completeness: 4 i - Conciseness: 2

- Clarity: 3 H

Overall score

Explanation:The caption includes some inaccuracies. It correctly
identifies the orange, but it mistakenly describes a mango as a
pineapple and omits identifying the banana. Thus, it captures some
aspects but misses major details, resulting in a low correctness score.

FLEUR

Overall score

Explanation: The caption accurately describes the image,
capturing the essence of the street scene at night with cars
passing by and street lamps illuminating the area. The
caption also highlights the presence of traffic lights, which
are an important aspect of the scene. However, the
caption could be improved by adding more specific details
about the location, such as the city or neighborhood.

Overall score

Explanation: The caption accurately describes the
image, as it includes the three fruits in the wooden
bowl. However, it does not provide specific details
about the types of fruits, which could be helpful for

- Correctness: 1
- Completeness: 2
- Clarity: 4

Candidate caption: A pineapple, an
orange and a green fruit are
arranged in a wooden bow}.

i - Fluency: 4
1 - Conciseness: 5

the reader. The caption could be improved by
adding more descriptive information about the fruits,
such as their colors, shapes, and textures.

Figure 5: Qualitative examples.

Metric REG VQA VDU IC Avg.

HarmonicEval 66.6 76.4 73.4 77.0 73.4
w/0 criterion-wise scoring 62.0 73.5 75.9 76.5 72.0
w/o harmonic weighting  65.7 75.0 73.4 76.5 72.6

Table 5: Ablation study.

v~ REG VQA VDU IC Avg.
0.01 47.2 69.1 61.4 53.1 57.7
0.50 66.6 T76.4 73.4 76.5 73.2
0.75 66.6 T76.4 734 T7.0 734
1.00 657 75.0 73.4 765 726

Table 6: Hyperparameter study.

Is each component in HarmonicEval essential?
We conduct an ablation study on the two key com-
ponents of HarmonicEval: criterion-wise scoring
and harmonic weighting. Specifically, we examine
two alternative approaches: 1) prompting the VLM
to directly predict an overall score based on all five
criteria, without using criterion-wise scores (w/o0
criterion-wise scoring); and 2) computing the over-
all score as a simple average of the criterion-wise
scores (w/o harmonic weighting).

Table 5 shows that both components improve
overall performance. Removing criterion-wise scor-
ing lowers scores on REG, VQA, and IC, indicating
that explicitly scoring each criterion results in better
evaluation than relying on a single overall score
based on a detailed prompt. Similarly, omitting
harmonic weighting reduces performance in most
tasks, validating the effectiveness of our approach.

Is statistical aggregation effective? Table 6
shows a hyperparameter study for v. As expected,
harmonic weighting with v+ = 0.75 performs the

VLM Method REG VQA VDU IC Avg.
L-7B FLEUR 69.4 69.1 63.2 72.6 68.6
Harmonic 62.9 72.0 61.4 73.4 67.4
L-13B FLEUR 62.9 76.4 60.9 73.9 68.5
Harmonic 64.8 77.9 63.2 72.9 69.7
G-40 FLEUR 60.1 75.0 76.5 76.0 T71.9
Harmonic 66.6 76.4 73.4 77.0 73.4

Table 7: Comparison of HarmonicEval and FLEUR
across different backbone VLMs.

best. This justifies the importance of the statistical
aggregation process.

Is HarmonicEval effective across various back-
bone VLMs? Table 7 shows the overall perfor-
mance comparison between HarmonicEval and
FLEUR using LLaVA-1.5-7B, LLaVA-1.5-13B, and
GPT-40 as backbone models. HarmonicEval con-
sistently outperforms FLEUR on both LLaVA-1.5-
13B and GPT-40. On the other hand, FLEUR
slightly outperforms HarmonicEval when using
LLaVA-1.5-7B. We found that this is because
LLaVA-1.5-7B tends to underrate texts in the con-
ciseness criterion compared to human-assigned
scores. Nonetheless, these results highlight Har-
monicEval’s effectiveness across different VLMs,
particularly with more capable ones.

4.3. Performance on existing IC
benchmarks

To assess the robustness of HarmonicEval in stan-
dard image captioning scenarios, we also evaluate
it on five widely used IC benchmarks: Flickr8k-
EX / CF, Composite, Pascal-50S, and FOIL. They
support comparisons with a broader set of base-
lines, including specialized IC metrics (Anderson
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. F-EX F-CF Com Pas

Metric
Te Tb Te acc.
BLEU 30.8 169 30.6 729
ROUGE 323 199 324 741
- METEOR 41.8 222 389 78.0
@ CIDEr 439 246 37.7 76.8
S SPICE 44.9 244 403  69.6
g BERT-S 39.2 228 30.1 79.1
S TIGEr 49.3 - 45.4  80.7
o VILBERTS-F 50.1 - 524 796
o FAIEr-4 52.6 354 57.7 814
RefCLIP-Score 53.0 36.4 554 83.1
Polos 56.4 37.8 57.6 86.5
RefFLEUR 51.9 388 64.2 855
UMIC 46.8 30.1 56.1 85.1
FAIEr-r 50.1 324 50.5 -
¢ CLIP-S 51.5 344 53.8 80.7
«E InfoCLIP 32.6 235 153 64.1
S InfoMetIC 54.2  36.3 59.2 85.3
® InfoMetICt 55.5 36.6 59.3 86.5
£ G-VEval 59.7 387 63.0 823
T FLEUR 53.0 386 63.5 832
GPT-FLEUR 53.5 39.0 61.5 82.6
HarmonicEval 53.1 39.2 66.2 824

Table 8: Comparison on Flickr8k-EX / CF (F-
EX/CF), Composite (Com), and Pascal-50S (Pas).

Metric 1-ref 4-ref
Polos 93.3 95.4
RefFLEUR 97.3 98.4
FLEUR 96.8 96.8
GPT-FLEUR 97.0 97.0
HarmonicEval 97.8 97.8

Table 9: Comparison on FOIL.

et al., 2016; Jiang et al., 2019; Lee et al., 2020;
Hu et al., 2023; Wada et al., 2024). Following prior
works (Hessel et al., 2021; Lee et al., 2024b), we
use Kendall’s tau-c for Flickr8k-EX and Composite,
tau-b for Flickr8k-CF, and accuracy for Pascal-50S.

As shown in Tables 8 and 9, HarmonicEval
matches or surpasses state-of-the-art metrics on
Flickr8k-CF, Composite, and FOIL. Despite mod-
est gaps on Flickr8k-EX and Pascal-508S relative to
computationally heavier or fine-tuned, task-specific
metrics, strong results on the remaining three
benchmarks underscore HarmonicEval’s overall ro-
bustness without task-specific tuning.

5. Related Work

Automatic evaluation metrics. Traditional met-
rics such as BLEU (Papineni et al., 2002) and
ROUGE (Lin, 2004) were developed for automatic
evaluation of natural language generation (NLG),
relying on n-gram overlap with references. Re-

cently, large language models (LLMs) have been
increasingly employed as evaluators across various
NLG tasks (Kocmi and Federmann, 2023; Chiang
and Lee, 2023; Zheng et al., 2023; Song et al.,
2024). For example, G-Eval (Liu et al., 2023b) in-
troduced a form-filling paradigm for criterion-based
evaluation in summarization and dialogue genera-
tion. Our HarmonicEval extends this line by han-
dling various multi-modal tasks and aggregating
criterion-wise scores through second-order statis-
tics of token probability distributions from VLMs.

For the IC task, CIDEr (Vedantam et al., 2015)
measures the consensus between candidate and
reference captions by weighting n-grams using TF-
IDF. Recent metrics leverage VLMs to offer more
flexible evaluation paradigms (Zhang et al., 2023;
Lee et al., 2024a; Yu et al., 2024; Zhuang et al.,
2024; Maeda et al., 2024; Chen et al., 2024; Tong
et al., 2025). FLEUR (Lee et al., 2024b), a state-
of-the-art reference-free metric, provides textual
explanations that underlie its overall scores. How-
ever, existing metrics primarily focus on providing
the overall evaluation, and often overlook specific
criteria. HarmonicEval addresses these issues by
offering criterion-wise scores alongside the overall
score, enabling comprehensive evaluation.

Human evaluation benchmarks. Several hu-
man evaluation benchmarks have been proposed
for NLG tasks. Example benchmarks include Sum-
mEval (Fabbri et al., 2021) for text summarization
and the WMT shared tasks (Semenov et al., 2023)
for machine translation. In the multi-modal do-
main, existing benchmarks such as Flickr8k-EX /
CF, Composite, PASCAL-50S, THUMB (Kasai et al.,
2022), and Polaris (Wada et al., 2024) target image
captioning. While some recent benchmarks (Liu
et al., 2024; Li et al., 2024) cover multiple tasks,
they mainly adopt multiple-choice settings that di-
verge from real-world text generation. In contrast,
our MMHE benchmark provides a multi-task, multi-
criteria human evaluation resource, including sen-
tences generated by several state-of-the-art VLMs
across diverse tasks. MMHE enables more nu-
anced evaluations that capture a variety of criteria
and tasks, advancing the field beyond the focus on
captioning alone.

6. Conclusion

We introduced HarmonicEval, a novel reference-
free evaluation metric for multiple multi-modal
tasks. HarmonicEval predicts criterion-wise scores
and aggregates them via a statistically principled
method to produce an overall score. In addition, we
constructed MMHE, the first multi-task multi-criteria
human evaluation benchmark, consisting of 18,000
expert judgments. Experimental results demon-
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strate that HarmonicEval aligns more closely with
human judgments than existing metrics on both
MMHE and other commonly used human evalua-
tion benchmarks. Furthermore, our analysis with
MMHE reveals that existing metrics tend to priori-
tize certain criteria while neglecting others.

7. Limitations

This section discusses limitations from six perspec-
tives: theory, modality, criteria, data collection,
model, and computational cost.

Evaluation Bias. In HarmonicEval, since score
distributions are approximated by the output token
probabilities, there is a possibility of unintended
bias. Notably, evaluation bias in LLM-based evalu-
ation metrics has been documented in several stud-
ies (Zheng et al., 2023; Liu et al., 2023b; Ohi et al.,
2024). As such, further research into evaluation
bias in VLM-based evaluation metrics is essential
for future work.

Modality. This study focused primarily on eval-
uating text quality in vision-language tasks be-
cause most state-of-the-art VLMs output only text.
This leaves image quality evaluation underexplored.
Given that several recent image generation models,
such as DALL-E 3, are integrated into conversa-
tional systems using VLMs, the automatic evalua-
tion of both generated image and text quality would
be a promising next step toward the development
of more user-friendly systems.

Criteria. We carefully selected five general cri-
teria that are considered effective across various
multi-modal tasks. These criteria were useful for
discussions spanning the four multi-modal tasks in
this study. To further expand research to include
a greater number of criteria and tasks, analyzing
the relationship between task- or domain-specific
criteria and these general criteria would also be
necessary in future work.

Data collection. As the number of criteria in-
creased, it became difficult even for experts to main-
tain annotation consistency, leading to greater time
requirements for data collection. MMHE extracted
one hundred images from each task, which was
considered to be a statistically reliable number, and
each target text was evaluated by three annotators.
While large-scale crowdsourcing was attempted to
scale up this benchmark, obtaining human judg-
ments that adhered accurately to each rating scale
was challenging because careful explanation of the
rating process through direct communication was
required. This leaves scaling up the number of
tasks and images challenging.

Model. Improving VLMs to generate better text
based on the evaluation results remains future work.
In particular, achieving high scores across all crite-
ria within learning frameworks such as in-context
learning or reinforcement learning would be an in-
triguing direction for further exploration.

Computational cost. Since HarmonicEval relies
on five prompts for criterion-wise scoring, it incurs
five times the computational or API cost compared
to simpler prompting methods. We consider this a
trade-off between achieving more robust and fine-
grained metrics and managing computational cost.
This approach can also be seen as a form of test-
time scaling (Snell et al., 2025; Xu et al., 2024),
where system performance is improved by increas-
ing computational resources at inference time. One
potential direction to mitigate this limitation is to
have the model generate scores for all criteria in a
single output. However, we did not pursue this ap-
proach, as it complicates the computation of score
expectations and variances. We leave this for fu-
ture work.

8. Ethics Statement

Data collection. We created and will publicly re-
lease a new benchmark as part of this research.
The data collection process was conducted with
careful consideration for ethical guidelines. All an-
notators were informed about the purpose of this
benchmark and provided consent before participa-
tion. Any personally identifiable information has
been removed to ensure privacy protection. The
benchmark was reviewed to minimize harmful con-
tent, offensive language, or biases that could neg-
atively impact downstream applications. However,
some inherent biases might still be present due
to the nature of the data sources including natural
images.

Reproducibility. All code necessary to repro-
duce the experimental results will be made publicly
available. All experiments have been conducted
as deterministically as possible by fixing random
seeds and setting the temperature hyperparame-
ters to zero.
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