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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. 
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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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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 BEATs 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).  

 

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. 

● CIDEr: Measures the consensus of captions based on the TF-IDF
weighting of n-grams:

; (1) 

● BLEU-4: A metric measuring precision of overlapping 4-grams between
the candidate caption and references:

  (2) 
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● ROUGE-L: Focuses on recall, evaluating how well the candidate caption
captures the essential phrases in reference captions:

  (3) 

● SPICE: Evaluates the semantic propositional content similarity between
the generated captions and references:

;  (4) 

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

  (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 

Model 
BLEU-

4 

METEO

R 

CIDE

r 

ROUGE-

L 
SPICE 

Whisper-

small 
0,221 0,256 0,537 0,387 0,161 

CoNeTTE 0,202 0,211 0,526 0,402 0,175 

Hybrid 

Method 
0,269 0,380 0,590 0,470 0,226 

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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СЕМАНТИЧЕСКАЯ КЛАСТЕРИЗАЦИЯ И 
МУЛЬТИМОДЕЛЬНАЯ ИНТЕГРАЦИЯ ДЛЯ ЭФФЕКТИВНОГО 

ЗВУКОВОГО ОПИСАНИЯ 

Э.А. Арутюнян 

Модели звукового описания играют ключевую роль в преодолении разрыва 
между акустической информацией и человеческим языком, делая цифровой звуковой 
контент более доступным и легко находимым для различных приложений. Эти сис-
темы становятся всё более важными во вспомогательных технологиях, управлении 
контентом и системах наблюдения, где требуется автоматизированное понимание 
звуковых ландшафтов. В данном исследовании представлена инновационная методо-
логия гибридного описания, которая повышает возможности ресурсоэффективных 
моделей без существенного увеличения их вычислительной нагрузки. Предложенный 
подход использует преимущества двух легковесных систем звукового описания 
(Whisper-small и CoNeTTE) через сложный конвейер, охватывающий несколько эта-
пов: начальную генерацию описания, извлечение семантических фраз, кластериза-
цию связанных концепций, выбор оптимальных фраз и связное составление текста. 
Эта техника позволяет создавать более богатые и детальные описания путем интел-
лектуального объединения сильных элементов из выходных данных каждой модели. 
Тестирование на базе данных Clotho выявило значительные улучшения производи-
тельности, при этом гибридная система превосходила отдельные модели по всем 
метрикам оценки. В среднем гибридный подход продемонстрировал улучшения на 
28,4% по сравнению с Whisper-small и на 34,3% по сравнению с CoNeTTE. Особенно 
впечатляющие успехи наблюдались в метриках METEOR (48,4%) и SPICE (40,4%), 
подчеркивая превосходную семантическую точность гибридной системы и соответ-
ствие описаниям, созданным человеком. Эти результаты подтверждают нашу перво-
начальную гипотезу о том, что различные архитектуры охватывают дополняющие 
аспекты звукового контента, при этом Whisper-small превосходит в точности, а 
CoNeTTE - в семантическом понимании. Направления будущих исследований вклю-
чают расширение фреймворка с дополнительными специализированными моделями, 
а также совершенствование семантической кластеризации с помощью адаптивных 
порогов. 

Ключевые слова: звуковое описание, большие языковые модели, Whisper-
small, CoNeTTE. 

 


