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Abstract

There has been rapid progress in audio cap-
tioning models and evaluation metrics in recent
years. However, existing captioning metrics are
often evaluated only through aggregate bench-
mark scores, with limited analysis of their robust-
ness to semantic variations, paraphrases, omis-
sions, and hallucinated details. In this work,
we introduce StressCaps, a diagnostic challenge
set designed to systematically evaluate caption-
ing metrics under controlled semantic perturba-
tions. The benchmark contains both meaning-
preserving transformations and semantically cor-
rupted captions. Using StressCaps, we evaluate
a broad set of commonly used audio caption-
ing metrics and analyze their strengths and lim-
itations across different perturbation categories.
Our experiments show that many metrics remain
overly sensitive to surface-level textual changes
despite preserving semantic meaning, while se-
mantic similarity metrics such as FENSE and
SBERT demonstrate stronger robustness to para-
phrasing but remain vulnerable to unsupported
or hallucinated additions. These findings high-
light significant limitations of current automatic
caption evaluation methods and motivate the de-
velopment of more semantically reliable met-
rics for long-form and open-ended caption gen-
eration. The dataset and StressCaps generation
pipeline are available at https://github.
com/Allessyer/stresscaps.git.

1. Introduction

Audio captioning is the task of generating natural language
descriptions of the acoustic content of an audio record-
ing, covering events, sources, and scenes. The task was
first formulated by Drossos et al. (2017), who introduced a
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model for generating textual descriptions from environmen-
tal sound recordings and established audio captioning as a
distinct problem at the intersection of audio understanding
and natural language generation. Since then, audio caption-
ing has been studied as a core capability of modern audio
understanding systems, with applications in assistive tech-
nologies for the hearing impaired, content-based multimedia
retrieval and indexing, surveillance and acoustic monitor-
ing, robotic perception, and, more recently, audio-grounded
reasoning in large audio-language models (Mei et al., 2022;
Xu et al., 2024; Goel et al., 2025).

The development of datasets such as AudioCaps (Kim et al.,
2019) and Clotho (Drossos et al., 2019) enabled rapid
progress in supervised audio caption generation and estab-
lished standardized evaluation settings for the task. Along-
side model development, the community adopted automatic
evaluation metrics inherited from related text generation
tasks, including BLEU (Papineni et al., 2001), ROUGE
(Lin, 2004), METEOR (Denkowski & Lavie, 2014), CIDEr
(Vedantam et al., 2015), and SPICE (Anderson et al., 2016),
while later works introduced audio-specific evaluation ap-
proaches such as CLAP-based similarity metrics (Elizalde
et al., 2023) and MACE (Dicxit et al., 2024).

Despite the increasing number of proposed evaluation met-
rics, their robustness and semantic reliability remain insuffi-
ciently understood. Most existing audio captioning works
continue to report aggregate scores using a small subset of
traditional metrics (Goel et al., 2025; Wang et al., 2025)
with limited analysis of metric behavior under controlled
semantic variations. However, different metrics capture
fundamentally different properties of generated captions,
including lexical overlap, semantic similarity, fluency, and
audio-text alignment, which can lead to inconsistent evalua-
tions across paraphrases, omissions, or hallucinated details.

This problem becomes increasingly important with the
recent transition from short audio captions to long-form
and highly detailed descriptions enabled by multimodal
large language models. Recent systems such as Omni-
Captioner (Ma et al., 2026) and Qwen3-Omni-Captioner
(Xu et al., 2025) demonstrate the ability to generate substan-
tially longer and more expressive captions containing richer
semantic and temporal information. As caption length and
complexity increase, it becomes crucial to systematically
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analyze the strengths and limitations of existing caption
evaluation metrics for both short and long-form captions,
which remain largely unexplored.

To address this gap, we introduce StressCaps, a diagnostic
challenge set designed to systematically evaluate captioning
metrics under controlled semantic perturbations. StressCaps
contains both meaning-preserving transformations and se-
mantically corrupted captions. Using this benchmark, we
conduct a comprehensive analysis of commonly used cap-
tion evaluation metrics and identify their major strengths
and failure modes across different perturbation categories.
Our contributions are summarized as follows:

* We provide a systematic analysis of widely used cap-
tion evaluation metrics under controlled semantic per-
turbations.

* We identify the strengths and limitations of existing
metrics across meaning-preserving and semantically
corrupted caption transformations.

* We release StressCaps together with a perturbation
generation pipeline for future evaluation research.

2. Related Works

Audio captioning research has primarily relied on bench-
mark datasets containing short audio clips paired with
human-written captions. AudioCaps (Kim et al., 2019) intro-
duced over 46k audio-caption pairs derived from AudioSet
and became one of the most widely adopted benchmarks
for audio caption generation. Clotho (Drossos et al., 2019)
further expanded the task by providing multiple diverse cap-
tions per audio clip and emphasizing richer acoustic scene
descriptions. These datasets established the standard eval-
uation setting for short-form audio captioning and remain
dominant benchmarks in current literature, with surveys
(Mei et al., 2022; Xu et al., 2024) documenting their central
role in driving model and metric development.

Automatic evaluation of caption generation has historically
relied on metrics originally developed for machine transla-
tion and summarization, including BLEU (Papineni et al.,
2001), ROUGE (Lin, 2004), and METEOR (Denkowski
& Lavie, 2014). Later metrics such as CIDEr (Vedantam
et al., 2015), SPICE (Anderson et al., 2016), and SPIDEr
(Liu et al., 2017) were designed to better capture semantic
similarity and consensus-based evaluation for captioning
tasks, with extensions such as SPIDEr-max (Labbé et al.,
2022) adapting the metric to settings where systems pro-
duce multiple caption candidates. More recent approaches
introduced embedding-based semantic similarity metrics, in-
cluding BERTScore (Zhang et al., 2020) and FENSE (Zhou
et al., 2022), which improve robustness to paraphrasing and
linguistic variation. Audio-grounded evaluation methods

such as CLAP-based similarity (Elizalde et al., 2023) and
MACE (Dixit et al., 2024) further attempt to measure audio-
text alignment without relying solely on ground-truth cap-
tions. For long-form caption evaluation, LLM-as-a-judge ap-
proaches (Zheng et al., 2023) have recently become increas-
ingly popular, with large audio-language models (Goel et al.,
2025; Chu et al., 2024) using LLMs to score open-ended re-
sponses on benchmarks like AIR-Bench (Yang et al., 2024),
although the reliability and biases of such judges in the
audio domain remain insufficiently understood.

Recent multimodal large language models have shifted
audio captioning from short sentence generation toward
long-form and highly detailed descriptions. Qwen3-Omni-
Captioner (Xu et al., 2025) demonstrated paragraph-length
audio caption generation without explicit prompting, while
Omni-Captioner (Ma et al., 2026) systematically analyzed
the trade-off between descriptive detail and hallucination.
These models mark a qualitative shift in what an “audio
caption” denotes. Rather than a short sentence describing
salient acoustic events, contemporary captions now jointly
cover a wide range of audio and speech understanding tasks
within a single paragraph-length output. A modern caption
may simultaneously perform sound event detection, verba-
tim speech transcription, cross-lingual translation, speaker
emotion recognition, speaker gender and age estimation, mu-
sic and ambient scene description, and acoustic environment
characterization. Thus, what was previously a fragmented
landscape of task-specific systems such as ASR, speaker
analysis, emotion recognition, music tagging, etc., now turns
into a single descriptive output that jointly represents mul-
tiple audio understanding tasks, posing new challenges for
evaluation. Traditional audio captioning metrics, designed
for short event-level descriptions, are ill-suited to assess cap-
tions that interleave factual content with subjective acoustic
description.

Several recent works have attempted to analyze caption eval-
uation metrics beyond aggregate benchmark scores. FENSE
(Zhou et al., 2022) examined whether image-caption metrics
transfer to the audio domain and showed that embedding-
based metrics correlate more strongly with human judg-
ments than n-gram overlap metrics, but its analysis is cen-
tered on overall correlation rather than category-specific
failure modes. MACE (Dicxit et al., 2024) introduced a
reference-free, audio-grounded metric and compared it
against existing metrics under hallucination-style pertur-
bations at the level of aggregate rankings. Beyond audio,
BERTScore (Zhang et al., 2020) reported robustness analy-
ses for text generation metrics under paraphrase and adver-
sarial transformations, providing methodological inspiration
for our setup.

Several audio captioning metrics fall outside the scope of
our evaluation. CB-Score, SPICE+ (Gontier et al., 2023),
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contains all events
happening in the audio.
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Figure 1. Taxonomy of caption modifications used in StressCaps.
Modifications are organized into two top-level branches: meaning-
preserving transformations, which alter the surface form while
retaining the original semantics, and semantically corrupted trans-
formations, which inject content errors such as omissions, halluci-
nations, or attribute substitutions.

SBF (Mahfuz et al., 2023), and s2v (Bhosale et al., 2023) do
not provide publicly available implementations, preventing
reproducible comparison. Two recent works are particularly
close to ours in motivation and merit explicit comparison.
BRACE (Guo et al., 2025) similarly evaluates audio cap-
tioning metrics, but its design produces a single aggregate
score per metric over a heterogeneous set of caption pairs.
While useful for choosing between metrics, this aggrega-
tion obscures the specific failure modes of each metric: it
does not reveal which linguistic phenomena cause a metric
to misalign with human judgment, and, consequently, of-
fers limited guidance for diagnosing or improving existing
metrics. Our work is complementary in this regard, de-
composing metric behavior along a typology of controlled
caption transformations. Omni-Cloze (Ma et al., 2026) takes
a different evaluation approach altogether, framing caption
assessment as a cloze-style multiple-choice task scored by a
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Figure 2. Overall structure of the StressCaps benchmark.
Each original AudioCaps reference is paired with multiple per-
turbed variants spanning all modification categories, enabling per-
category diagnostic analysis of caption evaluation metrics.

large language model judge. While methodologically inter-
esting, this design introduces a dependency on proprietary
or compute-intensive LLMs to produce reliable judgments.
As our study targets metrics that can be deployed freely
with open-source models, we exclude LLM-based evalua-
tion from our scope, though we view it as complementary
future work.

3. Benchmark Construction and Experimental
Analysis

3.1. Taxonomy of Semantic Perturbations

The taxonomy of caption perturbations used in StressCaps is
illustrated in Figure 1. The benchmark consists of two com-
plementary subsets: a positive subset containing meaning-
preserving transformations and a negative subset containing
semantically corrupted captions.

Positive perturbations preserve the semantic content of the
original caption while modifying its linguistic form. These
transformations include active/passive voice conversion, sen-
tence restructuring, figurative-to-literal rewriting, paraphras-
ing, and elaborative rewriting. In contrast, negative pertur-
bations intentionally corrupt semantic information while
maintaining fluent and realistic language. These modifi-
cations include unsupported reasoning, visual information
insertion, hallucinated events, missing information, and se-
mantically incorrect captions with either high or low lexical
overlap.

This taxonomy evaluates whether captioning metrics can
distinguish semantic equivalence from semantic corruption
beyond surface-level lexical similarity. Positive perturba-
tions primarily test robustness to linguistic variability, while
negative perturbations evaluate sensitivity to hallucinations,
omissions, and semantic inconsistencies.
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Figure 3. Behavior of caption evaluation metrics on meaning-
preserving perturbations in StressCaps. Each row corresponds to
a metric and each column to a modification category. Cell values
report the average score assigned to perturbed variants relative to
the original reference; values close to the reference score indicate
robustness to surface-level variation, while large drops indicate
over-sensitivity to lexical or syntactic changes.

3.2. Dataset Construction Pipeline

We constructed StressCaps using 100 audio-caption pairs
from the AudioCaps test split. For each caption, we gen-
erated controlled perturbations using Qwen3-VL-235B-
Instruct. The final benchmark contains 1,200 generated cap-
tion modifications (12 per original caption) spanning 2 per-
turbation categories: 5 meaning-preserving and 7 meaning-
corrupted transformations. The generation process was it-
erative, with manual inspection and prompt refinement to
ensure that each perturbation matched its intended category.
The final prompts are released in the repository.

3.3. Metrics Evaluation on the Benchmark

Evaluation setup. We use StressCaps to evaluate a repre-
sentative set of caption evaluation metrics covering the main
families in current use: n-gram overlap metrics (BLEU,
ROUGE-L, METEOR, CIDEr-D), scene-graph matching
(SPICE, SPIDEr, SPIDEr-FL), embedding-based semantic
similarity metrics (SBERT, FENSE), and audio-grounded
measures (CLAP-based similarity, MACE). For every refer-
ence caption in StressCaps, each metric is computed against
the original reference and against each perturbed variant
produced under the taxonomy described in Section 3. To
make scores comparable across metrics with different abso-
lute ranges, we report the per-category mean score relative
to the score the metric assigns to the unperturbed reference.
This yields, for each (metric, category) pair, a single value
indicating how strongly the metric reacts to that type of
modification.
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Figure 4. Behavior of caption evaluation metrics on semantically
corrupted perturbations in StressCaps. Each row corresponds
to a metric and each column to a modification category. Lower
scores indicate that a metric more successfully penalizes semantic
corruption, while scores close to the original reference indicate
failure to detect the introduced errors.

As shown in Figure 3, traditional lexical-overlap metrics
such as BLEU, CIDEr, METEOR, ROUGE-L, SPICE, SPI-
DEr, and SPIDEr-FL substantially degrade under meaning-
preserving perturbations despite the semantic content re-
maining unchanged. In contrast, semantic similarity metrics
such as FENSE and SBERT demonstrate stronger robust-
ness to paraphrasing, sentence restructuring, and stylistic
variations. However, Figure 4 shows that these semantic
metrics are considerably less sensitive to unsupported or hal-
lucinated information, often assigning relatively high scores
to semantically corrupted captions. Meanwhile, lexical-
overlap metrics are more sensitive to such perturbations.
These results highlight a fundamental trade-off between ro-
bustness to linguistic variability and sensitivity to semantic
corruption in current caption evaluation metrics.

4. Conclusion

In this work, we introduced StressCaps, a diagnostic chal-
lenge set for evaluating captioning metrics under controlled
semantic perturbations. Our analysis demonstrates that
widely used caption evaluation metrics exhibit substantially
different behavior across meaning-preserving and semanti-
cally corrupted transformations. While semantic similarity
metrics are more robust to linguistic variability, they often
fail to penalize hallucinated or unsupported information,
whereas lexical-overlap metrics remain highly sensitive to
surface-level wording changes. These findings highlight
important limitations of current automatic evaluation meth-
ods and motivate future research toward more semantically
reliable caption evaluation metrics.
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5. Impact Statement

This work aims to improve the reliability of automatic eval-
uation for audio captioning systems. More reliable evalu-
ation can facilitate the development of trustworthy audio-
language models for accessibility, multimedia retrieval, and
human-Al interaction. As StressCaps is an evaluation bench-
mark rather than a deployed model, we do not anticipate
significant direct societal risks beyond those associated with
existing audio captioning datasets.
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