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Audio captioning models play a crucial role in bridging the gap between acoustic in-
formation and human language, making digital audio content more accessible and searcha-
ble for diverse applications. These systems are increasingly vital in assistive technologies,
content management, and surveillance systems where automated understanding of sound-
scapes is required. This research has introduced an innovative hybrid captioning methodol-
ogy that boosts the capabilities of resource-efficient models without substantially increasing
their computational footprint. The proposed approach harnesses the advantages of two
lightweight audio captioning systems (Whisper-small and CoNeTTE) through a sophisticat-
ed pipeline encompassing multiple stages: initial caption generation, semantic phrase ex-
traction, clustering of related concepts, selection of optimal phrases, and coherent text as-
sembly. This technique enables the creation of richer, more detailed captions by combining
the strongest elements from each model's output. Testing on the Clotho dataset revealed
significant performance improvements, with the hybrid system surpassing individual mod-
els by substantial margins across all evaluation metrics. On average, the hybrid approach
demonstrated enhancements of 28,4% over Whisper-small and 34,3% over CoNeTTE. Par-
ticularly impressive gains were observed in METEOR (48,4%) and SPICE (40,4%) metrics,
highlighting the hybrid system's superior semantic accuracy and alignment with human-
generated descriptions. These findings support our initial hypothesis that different architec-
tures capture complementary aspects of audio content, with Whisper-small excelling in
precision and CoNeTTE in semantic comprehension. Future research directions include
expanding the framework with additional specialized models while refining the semantic
clustering with adaptive thresholds.

Keywords: audio captioning, large language models, Whisper-small, CoONeTTE.

Introduction. Audio captioning is the process of automatically generating
textual descriptions from audio recordings. This emerging field combines audio
processing with natural language generation to create human-readable descrip-
tions of sounds, music, and acoustic events (Fig. 1). Audio captioning systems
have gained significant attention due to their ability to make audio content acces-
sible and searchable [1]. These systems serve as valuable applications in media
accessibility for individuals with hearing impairments, content indexing for audio
databases, and automated surveillance of acoustic environments.
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Captions

"Birds chirping in a forest with a gentle
stream flowing in the background”

Audio
"A peaceful woodland scene with various
birdsongs and water trickling over rocks"

"The sound of a small creek running through
a forest while birds call to each other”

"Multiple bird species can be heard singing
as water gently flows in a forested area”

"Natural soundscape featuring flowing water
and melodic birdsong in a quiet forest environment”

Fig. 1. Human caption variation for audio data

Despite its importance, audio captioning faces several challenges, particular-
ly when deploying models with limited computational resources. Small models
often struggle with accurately recognizing complex sound events, capturing tem-
poral relationships, and generating natural-sounding descriptions. The field has
recently witnessed a shift toward Large Language Models (LLMs) that demonstrate
impressive captioning capabilities but require substantial computational resources
[2]. While large-scale audio-language models achieve state-of-the-art performance,
they demand high-end GPUs with significant memory capacity, making them im-
practical for many real-world applications.

Small-footprint models offer advantages in deployment flexibility, reduced
energy consumption, and accessibility across diverse hardware configurations.
However, these lightweight models generally produce less accurate captions com-
pared to their larger counterparts. This research explores a novel approach to en-
hance the performance of small audio captioning models without significantly in-
creasing their computational requirements through an intelligent hybrid pipeline.

Literature Review. Recent advancements in audio captioning have explored
various innovative approaches to overcome limitations of lightweight models. Re-
searchers have particularly focused on leveraging larger language models, retriev-
al techniques, and novel training paradigms to enhance caption quality without
excessive computational requirements.

In [3], enhancing audio captioning is proposed by extensively leveraging
pretrained models and LLMs. They utilized the BEATSs Transformer for extracting
fine-grained audio features and employed INSTRUCTOR LLM to generate text
embeddings, incorporating this language knowledge through an auxiliary In-
foNCE loss. Their innovative data augmentation technique used ChatGPT to cre-
ate "caption mix-ups" paired with corresponding audio mixtures to increase the
training data diversity. During inference, they implemented nucleus sampling and
a hybrid reranking algorithm to select optimal captions from multiple candidates.

[4] suggested a solution to address the limited availability of audio-text
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paired data by leveraging frozen pre-trained language models for audio caption-
ing. Rather than training the entire model from scratch, they kept the language
model frozen to preserve its text generation capabilities while only training com-
ponents that extract audio features. Their key innovation was introducing mapping
networks that translate audio features into "prefixes" - continuous vectors that ef-
fectively bridge the modality gap between audio and text representations. This
approach prevented overfitting to small-scale datasets by utilizing the rich lan-
guage understanding already embedded in pre-trained models.

In [5], RECAP (REtrieval-Augmented Audio CAPtioning) is implemented
a novel system that generates captions conditioned by both input audio and similar
captions retrieved from a replaceable datastore. Their approach leverages the
CLAP audio-text model to retrieve captions similar to the input audio, which are
then used to construct prompts fed into a GPT-2 decoder. A key advantage of
RECAP is its ability to transfer to new domains without additional fine-tuning,
while also demonstrating unique capabilities in captioning novel audio events
never encountered during training. The method shows particular strength in han-
dling compositional audios containing multiple events by exploiting a text-
captions-only datastore.

Research methodology. In this study, an effective captioning pipeline is
proposed specifically designed to improve textual outputs generated by small-scale
audio captioning models. The Clotho dataset [6], a widely recognized audio cap-
tioning dataset comprising thousands of diverse audio clips, each paired with mul-
tiple natural language descriptions, was primarily utilized. This dataset is particu-
larly valuable due to its rich variety of sounds, including environmental, human-
made, animal, and indoor sounds. Such variety helps evaluate how effectively the
proposed approach generalizes across different sound categories.

In this study, a hybrid captioning method is proposed to enhance textual out-
puts generated by small-scale audio captioning models. The approach utilizes out-
puts from multiple captioning models, combining them into a single, comprehen-
sive caption (Fig. 2).

Audio Input Phrase Extraction
Whisper-small

o tmip ol —0

CoNeTTE

Semantic Clustering Representative

Selection and
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Final H.ybrld
Caption

© ©

Fig. 2. Hybrid audio captioning pipeline diagram
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Caption Generation and Phrase Extraction. Initially, each audio input is
processed separately by three lightweight captioning models: Whisper-small [7],
CoNeTTE [8], and a third lightweight model. Each model independently generates
its own textual caption describing the given audio input. These captions are then
cleaned, tokenized, and divided into meaningful semantic phrases. Phrase extrac-
tion involves breaking down each generated caption into smaller, coherent parts
such as nouns, verbs, or verb phrases, which describe specific audio events or char-
acteristics.

Semantic Clustering. After extracting individual phrases from each model's
captions, semantic clustering is performed. This clustering groups similar or related
phrases from different model outputs based on their semantic similarity. Phrase
embeddings, which capture semantic meaning numerically, are computed using
methods such as Sentence-BERT. Phrases with embeddings that show high seman-
tic similarity (e.g., cosine similarity greater than 0.7) are grouped into clusters, en-
suring that each cluster represents a coherent and distinct semantic event or concept
identified by multiple models.

Representative Phrase Selection. From each semantic cluster, a representa-
tive phrase is selected to be included in the final hybrid caption. This selection
aims to choose the most informative, accurate, and fluent phrase from each cluster.
The criteria for choosing the representative phrase can include factors such as se-
mantic completeness, grammatical correctness, clarity, and overall descriptive
richness.

Fluent Merging. The selected representative phrases from each cluster are
then merged into a single, cohesive caption. This final merging step focuses on en-
suring that the hybrid caption is fluent, logically structured, and easily readable.
The merging process may involve adding conjunctions or transition words, reorder-
ing phrases for better coherence, and minor grammatical adjustments to produce a
caption that effectively integrates the strengths of all original model outputs.

Results. Experiments were conducted using the test portion of the Clotho da-
taset, containing diverse audio clips with multiple ground-truth human-generated
descriptions per audio file. Common captioning evaluation metrics such as BLEU-
4, METEOR, CIDEr, ROUGE, and SPICE [9] were computed to assess the caption
quality quantitatively.

e CIDEr: Measures the consensus of captions based on the TF-IDF

weighting of n-grams:

1 gmn(c;,sij)

CIDET —D(c,S) = h=y W — YT,

(1

e BLEU-4: A metric measuring precision of overlapping 4-grams between

gmn(cy,sij)+gmn(sij,c;)’
the candidate caption and references:

4
BLEU — 4 = BP -exp exp (Z wy, log log p, ); (2)

n=1
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e ROUGE-L: Focuses on recall, evaluating how well the candidate caption
captures the essential phrases in reference captions:

(1 +BZ) Ry - Plcs_
Rycs +.82'Plcs '

e SPICE: Evaluates the semantic propositional content similarity between

ROUGE — L =

3)

the generated captions and references:

2:|T(c)NT ()],

SPICE = e )

e METEOR: Evaluates captions based on alignment matching between
candidate and references, accounting for synonyms and stemming:

METEOR = E,pq, - (1 — Penalty). (5)

The evaluation involved comparing captions generated independently by
Whisper-small and CoNeTTE, along with the hybrid method proposed by us.
Each generated caption was evaluated against all five human-annotated reference
captions per audio clip, with the scores representing averaged results across the
entire test set (Table).

Table
Audio Captioning Model Performance Comparison
BLEU- METEO CIDE ROUGE-
Model SPICE
4 R r L
Whisper-
0,221 0,256 0,537 0,387 0,161
small
CoNeTTE 0,202 0,211 0,526 0,402 0,175
Hybrid
0,269 0,380 0,590 0,470 0,226
Method

The results demonstrated clear advantages of the hybrid captioning method
across all metrics, with an average improvement of 28,4% over Whisper-small and
34,3% over CoNeTTE individually. Interestingly, the individual models exhibited
different strengths across evaluation metrics. Whisper-small generally performed
better on precision-oriented metrics (BLEU-4, METEOR, and CIDEr), suggesting
superior accuracy in n-gram matching and word choice. Meanwhile, CoNeTTE
demonstrated advantages in semantic and recall-oriented metrics (ROUGE-L and
SPICE), indicating better performance in capturing overall meaning and sentence
structure. The hybrid method successfully integrated these complementary
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strengths, resulting in captions that excel in both precision and semantic richness.

Conclusion. This study presented a hybrid audio captioning method de-
signed to enhance the performance of small-scale models without significantly in-
creasing the computational demands. The approach leverages the complementary
strengths of multiple lightweight audio captioning models (Whisper-small and
CoNeTTE) through a novel pipeline that includes caption generation, phrase ex-
traction, semantic clustering, representative phrase selection, and fluent merging.
By extracting and combining the most informative phrases from each model's out-
puts, our approach creates more comprehensive and accurate captions that capture
diverse aspects of audio content. Experimental evaluation on the Clotho dataset
demonstrated that the hybrid method consistently outperformed individual models
across all standard metrics, with an average improvement of 28,4% over Whisper-
small and 34,3% over CoNeTTE. Performance gains were particularly notable in
METEOR (48,4% improvement) and SPICE (40,4% improvement), indicating en-
hanced semantic richness and alignment with human descriptions. The results con-
firmed our hypothesis that different models excel in capturing different aspects of
audio content, with Whisper-small showing strengths in precision-oriented metrics
and CoNeTTE in semantic and recall-oriented metrics. Future work could explore
extending the hybrid approach to include additional lightweight models, potentially
incorporating domain-specific captioning experts for different audio categories.
Investigating adaptive semantic clustering thresholds based on audio complexity
and developing more sophisticated phrase selection criteria could yield further im-
provements. The methodology could also be extended to other multimodal tasks
where combining outputs from specialist models might enhance overall perfor-
mance while maintaining computational efficiency.
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hUWUSU3bhL yLUUSErUYNCNRY BY AFURUUWUNDGLUSPL PLSESGMNRU
ura3nhtudtss au3uu3ht tuwuruaruus <uuvur

k.U. Qwpnipyniujwi

AQwjuwiht  ujupwgpdwu  dnnbjubpp Ywpbnp nbp Bu juwnnud - wynwnpy
nbnbtywwnyniejwu b dwpnyuwiht Ggyp dhol Yww uinbindtint gnpdnid’ pywiht dwjuwhu
pnjwunwynieiniup nupdubind wybih dwwskih W npnubih wwppbp Yhpwnnieniiubph
hwdwp:  Wu  hwdwlwpgbpt wdblh nt wydblh Yupbnp GUu nunund  odwunwy
wbfuuninghwubpnud, pnjwunwynipjwt junwjwpdwt W huynnnigjwu hwdwywpgbpnud,
npntn wwhwuoynd £ dwjuwiht wgnwupwuubph wdunndwunwgywd puluind: Uju
hGwnwgnunieiniup ubpyuwjwgunud £ hhpphnwiht tywpwgpdwu dGpnnwpwuntentu, npp
pwpépwgunw £ nbunipuwiht wpryyniiwytn dnnbjubph htwpwynpnigniiubpp’ wnwug
Fwywunpbu wybjwgubnt upwug hwoynnulwu pwpnnieniup: Unweowplyynn dninbkgnudu
ogwuwgnpdnid t Gpynt phipl dwjuwhtu Uwpwgpdwu dhongutiph (Whisper-small L. CoN-
eTTE) wnwybnyeniuttpp’ pwqdwpehy thnybp ubpwnnn pwpn wpngbuh  dhongny.
ulgpuwlwu  vlwpwgpph  uwnbndnd, hdwunwpwlwlwt  wpnwhwnnynubph
nntpupbipnid, hwpwyhg hwulwgnipintuubiph Yjwuwnbpwgntd, owwnhdwy
wpunwhwjnnigyniuubph  punpngniu b juwwygywd wnbpunh  hwyjwpwagpnud:  Uyu
wbfuuhywu huwpwynpnigniu £ ndb)] unbndbine wybih hwpnwwn, wydbih dwupwdwuu
Uwpwgpnieyniuutp' hwdwygbng jnipwpwugnip dnnbih wpryniuph ndbin wwppbipp:
Clotho nnjjuiubph hwjwpwdnth ypw thnpdwnpynuwip gnyg £ nyb| juwnmwpnnuywunigjwu
qquih pwpbwynwubp, pun npnwd hhppphnwiht hwdwlwnpgp gbpwquugb) £ wnwudhu
dnnbjubpp pninp quwhwwdwtu gnigwuhpubpny: <ppphnwiht dninbignuip gnygwnnt
dhohup 28,4% pwpbjuynwiubp'  Whisper-small-h b 34,3% CoNeTTE-h  hwdbdwuwn:
Unwlduwwbu wnwwynphs wéd £ ulwwnyghk; METEOR (48,4%) L SPICE (40,4%)
gnigwupoubipnud, pungdtind hppphnwiht  dhongh  pwpbjwyjwsd hdwunwpwuwywu
Gownnigniup . b dwpnne Ynndhg  unbndJwd  uwpwgpnieniuubph hbwn
hwdwwwunwufuwunyeyniup: Wu wpnyniuputipp hwunwwnd Gu bwfutwlwu Jupywsdp,
np  wwppbp Swpunwpwwbnnyeniuubp  pungpynd Bu dwjuwihu pndwunwyniejwu
[nwgnighs wuwbyunubp, pun npnuwd, Whisper-small-p gbpwquugnid £ Gounniyejwt, huy
CoNeTTE-U'  phdwunmwpwuwlwt pdpnudwu  dbg:  Uwwgw  hbGnwgnunngeyniutbiph
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ninnnigniutbpp Ubpwnnd B wpu hwdwlwpgh  pUrywjunwdp  pwgnighs
dwutwghwnwgywsé dnnbutpny, dhwdwdwuwly Yuwnwpbjugnpdting hdwunmwpwuwlwu
Yjwuwnbpwgnidp wnwwwnhpy otdbph dhongny:

Unwugpuyghti pwnbp. Gwjuwihu Wwpwagpnieintu, daé Ggquywu dnntjubp, Whis-
per-small, CoNeTTE:

CEMAHTHUYECKASA KIIACTEPU3ALIUA U
MYJbBTUMOJEJBbHAS UHTEI'PAIUA JJIAA OOPEKTUBHOI'O
3BYKOBOI'O OIIMCAHUA

J.A. ApYTIOHSIH

Mopenu 3ByKOBOTO ONHMCAaHUS UIPAIOT KIIOUEBYIO POJb B MPEOJOJECHUHU pa3pbiBa
MEXITy aKyCTHIeCKOH HH(pOpMaIneil 1 4eT0BEYSCKIM S3BIKOM, Jernasi (G poBoii 3ByKOBOH
KOHTEHT 00JIee HOCTYITHBIM U JIETKO HaXOJMMBIM JUIS PA3IMIHBIX MPHUIOKECHUH. JTH CHC-
TEMbI CTAHOBATCS BCE Ooiiee BaKHBIMHM BO BCIIOMOTATENIBHBIX TEXHOJOTHUSX, YIPaBICHUH
KOHTEHTOM M CHCTEMax HaOJIOAEHUs, rie TpeOyeTcs aBTOMaTH3MPOBAHHOE IMOHUMAaHHE
3BYKOBBIX JIaHIIIA(TOB. B TaHHOM HCCIeI0BaHNH MPECTaBIeHAa HHHOBAIMOHHAS METO/I0-
JIOTHsl THOPUITHOTO OIKCAHMS, KOTOpas IMOBBIIIAET BO3MOXKHOCTH pecypcod(pdeKTHBHBIX
MoJiesnield 0e3 CyIIeCTBEHHOTO YBEINYEHHsI UX BBIYMCINTEIbHONW Harpy3KH. [1peoskeHHbIN
MOJIXO/ HUCMOJNb3YeT MNPEUMYILECTBA JBYX JIETKOBECHBIX CHCTEM 3BYKOBOI'O OIMCAHUS
(Whisper-small u CoNeTTE) uepe3 ciokHbIA KOHBEWEp, OXBATHIBAIOIINI HECKOJIBKO dTa-
MOB: Ha4allbHYI0 I'€HEPAaIMI0 OIMCAHUs, W3BJIEYEHHE CEMaHTHYECKUX (pa3, KiacTtepusa-
LU0 CBSA3aHHBIX KOHIICIIINHA, BHIOOP ONTHMAIBHBIX ()pa3 U CBSI3BHOE COCTABJICHUE TEKCTA.
OTa TeXHMKa TO3BOJISIET CO3/1aBaTh Oosiee OOTaThle M JETalIbHbIC OMMCAHUS ITyTEM HHTEN-
JEKTYaJIbHOTO O0BEIMHEHNS CIIIBHBIX 3JIEMEHTOB M3 BBIXOJHBIX AAHHBIX KAXKIOW MOJICIH.
TectupoBanne Ha 6a3e maHHbIX Clotho BBISIBHIO 3HaUWTENbHBIC YIYYIICHUS TPOU3BOIH-
TENLHOCTH, TIPH 3TOM THOpHJHAS CHCTEMa NPEBOCXOAMIA OTJEIbHBIE MOJEIH IO BCEM
MeTpUKaM OIIeHKH. B cpemHeM rmOpuAHBIN MOAXOJ] MPOAEMOHCTPUPOBAT YIyUIIEHUS Ha
28,4% 1o cpaBaenuto ¢ Whisper-small u Ha 34,3% 1o cpaBuenuto ¢ CoNeTTE. OcobenHo
BIleuatisione ycnexu Haodmoaanuck B Metpukax METEOR (48,4%) u SPICE (40,4%),
MOTYEPKUBAsi MPEBOCXOIHYI0 CEMAHTHUECKYI0O TOUHOCTh TMOPUAHOM CHCTEMBI U COOTBET-
CTBHE OINHUCAHUAM, CO3JAAHHBIM UEJIIOBEKOM. DTU PEe3yJIbTaThl MOATBEPKJAIOT HAIly TIEpBO-
HavdaJIbHYIO THIIOTE3y O TOM, 4TO PA3JIMYHbIC apXUTEKTYypbl OXBATHIBAIOT JIOTOJHSIONINE
aCTIeKThl 3BYKOBOTO KOHTEHTa, mpu 3ToM Whisper-small mpeBocXoauT B TOYHOCTH, a
CoNeTTE - B cemanTHYeckoM MOHUMaHUU. HampaBieHus: Oyayniunx MCCIEeIOBAHUA BKITIO-
YaloT pacmmpenne GppeiMBOpKa C JOMOJHUTEIBFHBIMH CIICIMAIN3UPOBAHHBIMU MOJICIISIMH,
a TaKXKe COBEPLICHCTBOBAHUE CEMAHTHYECKOW KIACTEpH3alMU C MOMOIMIBIO a/IalTUBHBIX
MIOPOTOB.

Kniwouesvie cnosa: 3BykoBoe onmcanue, Ooibline s3bIkoBble Monenu, Whisper-
small, CoNeTTE.
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