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Abstract

Automated audio captioning (AAC) benefits from incorporating
external context to interpret complex sounds, but doing so with
retrieval-augmented generation (RAG) at inference is sometimes
infeasible due to data availability or incurs significant latency and
complexity. We propose DistillCaps, a novel training-time frame-
work that leverages RAG to guide knowledge distillation for im-
proved audio-language alignment, while lessening the reliance
on retrieval during inference. In our framework, a RAG-equipped
teacher model retrieves relevant textual information (e.g., simi-
lar captions) for each audio clip and uses it for training to gener-
ate context-enriched captions. Simultaneously, a student model is
trained to imitate this teacher, learning to produce high-quality
captions from audio alone. We further introduce a Fast Fourier
Transform (FFT) adapter in the audio encoder to inject frequency-
domain features, enhancing the quality of audio representations
before feeding them into the language model. The result is an ef-
ficient captioning model that retains RAG’s contextual benefits
without its deployment overhead. On standard AAC benchmarks
(AudioCaps and Clotho), DistillCaps achieves performance compet-
itive with or exceeding prior RAG-based systems despite using no
retrieval at test time. Notably, our distilled model matches state-
of-the-art captioning results under real-time settings, and when
optionally allowing retrieval, it even outperforms previous models
by up to 4% on the Clotho benchmark on the in-distribution set-
ting, demonstrating the effectiveness of RAG-guided distillation for
audio-language alignment. Code and dataset are available here!.
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1 Introduction

Automated audio captioning (AAC) is the task of automatically
generating textual descriptions for audio clips, aiming to interpret
complex auditory scenes (e.g., speech, music, environmental sounds)
and produce coherent, semantically accurate sentences that capture
key sound events and context [36, 53]. By converting audio into
descriptive text, AAC enables important applications: it can provide
accessibility for hearing-impaired users by transcribing sound into
captions, improve multimedia search by indexing audio content as
text for retrieval, and help intelligent systems better understand
their environment by describing surrounding sounds.

A typical AAC model consists of two main components: an au-
dio encoder and a text decoder, as shown in Figure 2a. The audio
encoder, often based on convolutional or transformer architectures
such as PANNSs [26], HTS-AT [5], BEATs [7], or CED [10], extracts
high-level acoustic features from the raw audio and maps them
into a semantic embedding space aligned with text. The text de-
coder, commonly a transformer-based language model like GPT-2
[39], BART [28], or LLaMA [46], then generates a natural language
caption from these audio-informed embeddings. Despite this ar-
chitecture, key challenges remain in bridging the semantic gap
between audio and language, handling limited training data, and
ensuring the captions generalize to diverse sounds.

Over the years, various strategies have been explored to ad-
dress these challenges. Fully transformer-based encoder—decoder
architectures (e.g., ACT [35]) have improved modeling capacity for
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Figure 1: We propose DistillCaps, a RAG-aware, distillation-
based framework for audio captioning. DistillCaps can help
model retains RAG’s contextual benefits without its deploy-
ment during inference thanks to distillation mechanism.

sequential audio-text data. Incorporating high-level semantic cues
has also proven effective: BART-tags [18] injects AudioSet tags
into the decoder, and CNN10-AT [50] leverages pretrained audio
tagging features to enrich the encoder representations, reducing
reliance on large caption corpora. To exploit large pre-trained lan-
guage models, approaches like Prefix AAC [24] and Pengi [9] use
prefix-tuning to adapt a frozen GPT-2, improving sample efficiency
for AAC. Multi-scale feature fusion methods (LHDFF [42], PFCA-
Net [43]) further enhance audio representations by capturing both
coarse and fine-grained acoustic patterns. More recently, advanced
audio-language models like EnCLAP [23] use a discretized audio
codec (EnCodec [14]) to provide a better audio embedding for a
BART-based captioner. To enrich the decoder’s context, retrieval-
based methods such as RECAP [17] and DRCap [30] follow the
retrieval-augmented generation (RAG) paradigm (an architecture
example is shown in Figure 2b): they employ a CLAP [15] model
to retrieve semantically relevant captions from a reference data-
base and feed these as additional context to the captioning model.
By injecting external information in this way, these RAG-based
approaches significantly improve caption quality and audio-text
alignment compared to using the audio alone.

However, deploying RAG-based systems in practice comes with
notable drawbacks. Relying on external retrieval at inference time
introduces extra latency (due to database lookup) and system com-
plexity (additional retrieval parts and memory for storing knowl-
edge), which can hinder real-time performance and complicate
maintenance. In resource-constrained or privacy-sensitive scenar-
ios, maintaining a large up-to-date caption datastore is impractical.
These limitations motivate a key question: can we reap the ben-
efits of retrieval-augmented training without the overhead
of retrieval during deployment? We hypothesize that a caption-
ing model can indeed learn from RAG’s enriched context during
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training and yet operate independently at inference, thus enjoying
improved audio-language alignment without runtime retrieval.

In this paper, we propose a framework to realize that idea. We
introduce DistillCaps (as shown in Figure 1), which leverages RAG
during training via a knowledge distillation approach, thereby mit-
igating retrieval at inference. Specifically, we first equip a teacher
captioning model with retrieval-augmented generation: for each
input audio, the teacher retrieves relevant textual context (such
as similar audio captions or other external descriptions) and feeds
this information into a language model for training to produce an
enriched caption. At the same time, we train a student model to
mimic the teacher’s output using only the audio as input. Through
this RAG-guided distillation process, the student model learns to
generate captions that are as informative as the teacher’s, despite
not having access to external knowledge at runtime. Additionally,
we incorporate an FFT-based adapter into the audio encoder to
inject frequency-domain information before the audio features are
mapped into the language model’s embedding space. This adapter
helps capture global temporal patterns and salient frequency charac-
teristics of the audio, making the learned audio representation more
compatible with the language model and improving robustness to
noise. The overall design distills the alignment-strengthening bene-
fits of the RAG-enhanced teacher into a streamlined student model,
enabling it to benefit from external knowledge during training
while maintaining a simple, efficient architecture for inference.

In summary, our main contributions are as follows:

e We propose a distillation module leveraging RAG at train-
ing time to enhance audio-language alignment, enabling
effective captioning without retrieval during inference.

e We introduce an FFT-based adapter that captures frequency-
domain features, improving temporal robustness and quality
of audio representations.

e Our distilled model achieves competitive or superior per-
formance on standard benchmarks without using retrieval
during inference, and further outperforms existing models
when retrieval is optionally retained.

2 Related Works

In this section, we will provide a brief overview of research areas
related to this paper, including: Automated Audio Captioning, Fast
Fourier Transform, Retrieval-Augmented Generation, and Knowl-
edge Distillation.

2.1 Automated Audio Captioning

Automated Audio Captioning (AAC) has attracted increasing atten-
tion since its introduction in 2017 [12]. Initially, research focused on
employing recurrent neural networks (RNNs) to generate natural
language descriptions directly from audio signals. Subsequently,
deep learning approaches, especially those utilizing the encoder-
decoder framework, have become the standard methodology for
this cross-modal task. Within this framework, the encoder is re-
sponsible for extracting meaningful audio features from raw audio,
while the decoder generates the corresponding textual descriptions.

In early AAC studies, RNNs were predominantly used as en-
coders [41, 48, 56]. However, these models frequently encountered
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Figure 2: A Comparison of DistillCaps framework vs. previous methods. (a) Traditional automated audio captioning architecture.
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responses to retains RAG’s contextual benefits without its deployment overhead. FFT adapter is also used to inject frequency-

domain patterns to audio features.

challenges when handling long audio sequences, resulting in sub-
optimal performance. To mitigate these issues, Convolutional Neu-
ral Networks (CNNs) were introduced as effective alternatives
[6, 19, 26, 50]. CNNs excel at capturing position-invariant features,
making them particularly suitable for tasks involving image pro-
cessing. Given that audio spectrograms resemble single-channel
images, CNNs have naturally adapted well to audio-based tasks,
maintaining popularity as encoders in AAC systems to this day.
More recently, Transformer-based architectures have gained promi-
nence [27, 35]. Originally developed for natural language process-
ing, Transformers are adept at modeling long-range relationships
within sequences. Their capability to effectively manage long audio
sequences and discern complex temporal patterns has established
Transformers as a powerful option for AAC tasks.

On the decoding side, initial AAC research typically employed
RNN-based sequence-to-sequence models [41, 48]. However, RNN
decoders often struggled with capturing long-range dependencies
between words in the generated captions. To overcome this limita-
tion, attention mechanisms were introduced [51, 54], enhancing the
decoder’s ability to model long-term and global relationships more
effectively. Furthermore, decoding strategies have been identified
as critical factors influencing AAC performance [44, 49]. Specifi-
cally, beam search decoding was shown to consistently outperform
greedy decoding [44], while recent studies [49] proved the superior
performance of nucleus sampling under the SPIDEr-FL evaluation
metric. These findings underscore the importance of selecting ap-
propriate decoding techniques to optimize AAC performance.

2.2 Fast Fourier Transform

Fast Fourier Transform (FFT) has long been a fundamental tool in
digital signal processing, particularly for analyzing the frequency
components of sampled waveforms [3]. Since audio signals are in-
herently waveforms, the FFT is highly effective for audio processing
tasks. It is used for key operations such as spectrogram computation,
convolution for filtering, and correlation, all of which are essential
in audio analysis [3]. Due to its efficiency in computing the Dis-
crete Fourier Transform, FFT has become widely adopted in various

audio applications, including speech recognition [34, 37, 40], audio
captioning [6, 25], and audio classification [8, 55]. These studies
show that FFT is a powerful and commonly used tool for extracting
frequency features from audio signals. In this paper, we utilize the
FFT to inject useful frequency-based properties into audio features.

2.3 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) enhances language mod-
els by incorporating relevant context from an external knowledge
base during the generation process. In audio captioning, recent
works such as DRCAP [30] and RECAP [17] utilize RAG to improve
caption quality by retrieving semantically similar audio-text pairs.
P2PCAP [4] further advances this by introducing Generative Pair-
to-Pair Retrieval, which uses both audio and its generated caption
as retrieval queries, and Refined Knowledge Base filtering to en-
sure high-quality, context-aligned retrieval. These methods address
challenges like audio ambiguity and demonstrate the importance
of retrieval quality in audio-language alignment. However, while
RAG-based methods have shown strong performance, their reliance
on external datastores or knowledge bases can be impractical in
real-world applications, especially in scenarios with limited storage,
restricted latency budgets, or privacy concerns. Therefore, reducing
this reliance remains an important challenge in advancing robust
and efficient audio captioning systems.

2.4 Knowledge Distillation

Knowledge distillation (KD) is a model compression technique that
transfers knowledge from a large, high-capacity “teacher” model to
amore compact “student” model [20]. Widely adopted in deep learn-
ing, KD enables the deployment of efficient models on resource-
constrained devices while maintaining comparative performance.
In recent AAC research, large-scale models have demonstrated su-
perior captioning capabilities but face deployment challenges due
to their size and computational demands. To address this, prior
work [52] has utilized knowledge distillation to train a compact
model, employing EfficientNet-B2 [45] as the audio encoder and
a shallow 2-layer Transformer as the text decoder, achieving per-
formance comparable to the teacher model with HTSAT [5] and
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BART [28]. While [52] has explored distillation using standard
encoder-decoder architectures, our work introduces a distinct strat-
egy: a RAG-based teacher model with retrieval guides the training
of a retrieval-free student model. Unlike the prior KD method, our
framework shares the same model for both teacher and student
branches in training. Our teacher injects external knowledge during
training while simultaneously learning from its own outputs, and
the student learns to produce high-quality captions guided by the
teacher without ever accessing the external datastore. By doing
so, our model achieves deeper audio understanding, enabling it to
better capture the semantic nuances of audio inputs.

3 Methodology

In this section, we first describe a popular framework that is often
used in AAC problems. Next, we present our proposed method,
including Fast Fourier Transform (FFT) adapter, RAG-based train-
ing strategy, and Distillation-based Distribution Alignment (DDA)
module. Finally, we propose the final training objective of the Distill-
Caps framework and demonstrate the advantages of our framework.
An overview of the proposed method is provided in Figure 3.

3.1 AAC’s Framework Recap

A commonly adopted framework for AAC problem comprises three
main components, as illustrated in Figure 2a: (a) Audio Feature
Extraction: An audio encoder—such as PANNs [26], HTS-AT [5],
BEAT: [7], or CED [10]—is employed to extract acoustic features
from raw audio inputs, which may include spoken language, envi-
ronmental sounds, or other audio events. (b) Audio-Language Pro-
jection: The extracted features are then passed through a projection
layer—typically implemented as either a Multi-Layer Perceptron
(MLP) or a Q-former [29] module, followed by an MLP layer, which
maps them into a representation space interpretable by an LLM.
(c) Text Decoder: The projected features after projection into the
word embedding space are subsequently fed into an LLM and use
autoregressive loss to optimize (in training) or generate descriptive
captions (in inference), utilizing the capabilities of language models
such as BART [28], GPT-2 [39], or LLaMA [46].

Specifically, given an audio captioning dataset containing N
audio-instruction-caption triples D = {audio;, instruct;, capi}fil,
where instruction can be: “Describe the detail of this audio”, the
framework utilizes the combination of audio encoder and LLM to
minimize the following objective:

N

1
N Z —log pg(capilaudio;, instruct;). (1)

min Lauto —
0 p
i=1

In this framework, the audio encoder remains frozen, while the
projection layer is learnable, and the LLM is fine-tuned using Low-
Rank Adaptation (LoRA) [22].

3.2 DistillCaps

3.2.1 Fast Fourier Transform Adapter. After extraction by the au-
dio encoder, the audio features are fed into an FFT adapter before
being forwarded to the projection layer by utilizing the time order
in the embeddings. This FFT adapter allows the model to learn and
manipulate meaningful frequency patterns such as pitch, tone, and
rhythm. In general, the adapter first transforms the audio feature
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Table 1: Retrieved vs. Ground Truth Captions.

Retrieved
Captions

1: A car revving its engine while stopped.
2: A car is accelerating, then throttles down smoothly.
3: An engine accelerating is making room sounds.

Ground Truth  An engine hums as it idles.

Retrieved
Captions

1: A loud pop followed by hissing and spraying.
2: Loud hissing then a burst.
3: There is hissing and then a loud pop.

Ground Truth  Short spray followed by louder, longer spray.

sequences into the frequency domain using the Fast Fourier Trans-
form (FFT). A learnable linear transformation is then applied as
an adaptive filter that emphasizes or suppresses specific frequency
components relevant to the task by adjusting both amplitude and
phase through learning the real and imaginary components. Finally,
the filtered frequency signal is converted back to the time domain
using inverse FFT (IFFT).

Specifically, we denote by 7 (-) a FFT and # ~!(-) as the inverse
of it. The audio feature sequences, denoted as f € R™9 where
n is the sequence length and d is the feature dimension, are first
transformed into the frequency domain as follows:

z=Rg+i-Ja=F (), (2)
where R, and 3, are real and imaginary components, respectively.
Then, a learnable linear transformation is applied to both real and
imaginary parts, independently:

Q{G =R W+,

Fo =T W +b. 3)
This transformation functions as an adaptive filter, emphasizing
or suppressing specific frequency components related to the task.
Finally, an inverse FFT is applied to recover the time-domain feature
from the filtered frequency signal:

$=Ry+i T, (4)
f=F"1¢) ermd (5)

This proposed module allows the model to capture global tem-
poral patterns of audio features effectively while enhancing the ro-
bustness to time-domain noise through adaptive filtering in the fre-
quency domain. Overall, the FFT adapter provides an interpretable
way to inject frequency-awareness into audio features before pro-
jecting these filtered feature sequences into the word embedding
space of the LLM.

3.2.2 RAG-based Training Strategy. Instead of feeding only audio
features into the LLM for captioning, we first define a datastore
before training, then retrieve top-k corresponding captions similar
to the input audio from the datastore, and attach them to the in-
struction prompt in training and inference. Since this paper focuses
on the training strategy to retain RAG’s contextual benefit without
its deployment overhead, we follow the retrieval module from the
previous work [17].

Specifically, before training an AAC framework, we construct a
datastore DS = {capi}?i 1 comprising a large set of example audio
captions, where M is the size of the datastore. In our experiments,
we use the training set as the datastore. Next, we leverage the CLAP
encoder to map audio and text into a shared embedding space, as it
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and one without (student). The outputs are supervised by a distillation loss—where the RAG-based branch guides the RAG-free

branch—alongside individual auto-regressive losses for both.

outperforms most prior models in audio-text retrieval tasks, making
it well-suited for our framework. All embeddings of captions in the
datastore and the given audio input a; are encoded by CLAP’s text
encoder 7 &(.) and audio encoder AE(.) as follows:

zei =T E(capi),  zqi = AE(ay), (6)

resulting in a vector datastore DS, = {z¢ 1,22, ..., z2c, M} and the
audio feature sequence z,; € R™*¢ where n is the sequence length
and d is the feature dimension.

Based on this, the top-k retrieval captions TopK(a, DS, k) for
audio input q; are:

topk; = TopK(a;, DS, k) = arg max Z
ScDS oo
ISiok <€

sim(aj, c;), 7)

sim(aj, cj) = cosine(zq,i, zc,j)- (8)

These top-k captions are then attached to the instruction prompt
with the template as shown in Figure 4. For efficiency, the RAG-
based branch is co-trained rather than trained separately for re-
sponse distribution alignment. With this setup, the minimization
objective is as follows:

N
1
mein LY = N ; —log pg(capi|audio;, instruct;, topk;).  (9)

The rationale behind RAG’s benefit in this setting is that it pro-
vides additional information related to the audio input. This helps
bridge the semantic gap between audio signals and language rep-
resentations, allowing LLM to understand the audio input better

RAG-based Instruction Prompt Template

Similar audios sound like:
- caption 1
- caption 2
- caption 3

- caption k

Describe the details of this audio:

<AcousticTokens>

Detailed:

Figure 4: Instruction prompt template after using RAG

even when the alignment between audio and language is not strong.
Some examples are shown in Table 1.

3.2.3 Distillation-based Distribution Alignment. A key intuition be-
hind employing RAG in the AAC task is that it provides additional
audio-relevant information, thereby assisting the LLM in better
understanding the input and generating more accurate captions.
While effective, integrating RAG directly during training necessi-
tates the presence of a retrieval datastore during inference. Without
RAG at inference time, the model may exhibit performance degra-
dation or bias, as it has been conditioned during training to rely on
the additional information provided by RAG (Table 5 in Ablation
study). However, deploying RAG-based systems introduces some
challenges, such as a suitable datastore may not always be available
during inference, and frequent access to the datastore (retrieval)
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can potentially slow down the AAC system. A natural question
arises: Can we improve the audio understanding of LLMs without
relying on RAG in inference time? The answer is Yes. Instead of
only explicitly learning RAG-based Audio Captioning, we propose
a new additional module named Distillation-based Distribution
Alignment (DDA) that implicitly enhances the alignment from au-
dio features to language space and learns the desired captions for a
RAG-free model.

The idea is that the framework comprises two input-output path-
ways, as illustrated in detail in Figure 3: a teacher branch that
incorporates RAG in the input and a student branch that operates
without RAG. The teacher branch guides the student branch in the
training process through a distillation-based mechanism. Specifi-
cally, we minimize the Kullback-Leibler (KL) divergence between
the response distributions of the RAG-free branch and the RAG-
based branch:

N
. 1
min L0 = = " Dicr (po(capiltopksllpp(caps)),  (10)

i=1

where pg(capi) = pg(capilaudio;, instruct;) and pg(cap;|topk;) =
po(capilaudio;, instruct;, topk;) for simplicity. The DDA module
enables the model to align the output distribution of the RAG-free
branch with that of the RAG-based branch, thereby enhancing
the alignment between audio and language. This is achieved by
encouraging the RAG-free model to mimic the behavior of the
RAG-based counterpart.

The proposed DDA module in (10) is optimized along with the
objectives in (1) and (9). As we aim to learn a RAG-free model
from a RAG-based model rather than the other way around, we
detach the gradient of the distribution logits in the RAG-based
branch pg(capi|topki) when computing the optimization problem
mentioned in (10).

3.3 Training Objective

Given local objectives from proposed strategies, we present the final
DistillCaps framework objective to enhance audio understanding
of LLM via Distilled Retrieval-Augmented Generation as follows:

LDistillCaps :Lauto_'_Lrag_'_LDDA. (11)

The DistillCaps framework offers several advantages for the
Audio Captioning (AAC) task. One major benefit is that it implicitly
enhances the alignment between the audio and language spaces
through a distillation-based mechanism, enabling the model to
comprehend audio inputs better. This yields notable performance
gains in AAC systems, even when RAG is not used during inference.

Furthermore, when RAG is present at inference time, DistillCaps
substantially outperforms not only conventional RAG-based AAC
systems but also other strong audio captioning models, due to its
deeper audio understanding. Additionally, the framework can be
integrated into a wide range of AAC architectures to strengthen
the alignment between audio and language, thereby helping the
LLM to better understand the semantics of audio inputs and learn
the distribution of desired responses.

Trovato et al.

4 Experiments

To highlight the advantages of our proposed framework, we con-
duct a series of audio captioning experiments on standard AAC
benchmarks. It is important to note that the DistillCaps framework
can be compatible with various AAC architectures. To demonstrate
its effectiveness, we integrate it into the LOAE [32] baseline for our
experiments. Sections 4.1, 4.2, and 4.3 provide a detailed description
of our experimental setup, including the datasets, baseline methods,
and metrics used for comparison, respectively. In Section 4.4, we
provide the implementation details for our proposed framework,
while the main results are presented in Section 4.5. Additionally,
we conduct an ablation study to investigate the contributions of
individual components within our model in Section 4.6.

4.1 Datasets

We evaluate our method on two widely used audio captioning
benchmarks: AudioCaps [11] and Clotho [13].

AudioCaps is a large-scale audio captioning dataset constructed
from AudioSet [16], comprising audio clips paired with human-
written captions. Each clip is approximately 10 seconds long. While
each training clip is annotated with a single caption, the validation
and test clips are annotated with five captions each. The dataset
includes 49838 audio-caption pairs for training, 495 for validation,
and 975 for testing, totaling 51308 samples.

Clotho is an audio captioning dataset sourced from the Freesound
platform. Each audio sample is 15-30 seconds long and annotated
with five captions, each containing 8-20 words. The dataset contains
3839 audio-caption pairs for training, 1045 for validation, and 1045
for testing, totaling 5929 samples.

4.2 Baselines

To evaluate our model’s effectiveness, we compare it against several
baseline models in both in-domain and out-of-domain settings.

In-domain baselines include models trained and evaluated on
the same dataset. We compare our model with recent competitive
audio captioning systems on the AudioCaps and Clotho datasets.
BART-tags [18] conditions a BART decoder on predefined AudioSet
tags. CNN10-AT [50] applies transfer learning by leveraging fea-
tures from Audio Tagging. Both Prefix AAC [24] and Pengi [9]
utilize prefix tuning on a frozen GPT-2. LHDFF [42] and PFCA-Net
[43] fuse multi-scale audio features via a Residual PANNs encoder
and a pyramid encoder, respectively. EnCLAP [23] uses EnCodec
for acoustic representation and uses masked codec modeling to
enhance BART’s audio awareness; its contrastive learning (CL)
extension further improves audio-text alignment. LOAE [32] uses
LoRA [21] to fine-tune the audio encoder and text decoder. And,
LOAE with RAG incorporates retrieval-augmented generation to
enhance decoding with external information (RAG-based LOAE).
Finally, RECAP [17] and DRCap [30] retrieve semantically similar
captions using CLAP [15] to enrich the decoder with additional
context. Note that DistillCaps with RAG, LOAE with RAG, and
RECAP all employ a datastore constructed from the training split
of the dataset.

Out-of-domain baselines involve training on one dataset and
evaluating on another to assess cross-domain generalization. Specif-
ically, we consider models trained on AudioCaps and tested on
Clotho, and vice versa. This setting reflects real-world scenarios
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Table 2: In-domain evaluation results on the Clotho and AudioCaps datasets.

Clotho Evaluation

AudioCaps Evaluation

Model

BL; BLy MT RG; CD SC SD BL; BLy MT RG; CD SC SD
BART-tags [18] 50.6 134 148 338 27.8 9.2 18.5 699 266 241 493 753 17.6 46.5

CNN10-AT [50] 55.6 159 169 36.8 37.7 115 - 65.5 23.1 229 46.7 66 16.8 -
Prefix AAC [24] 56 16 17 37.8 392 11.8 255 71.3 309 24 503 733 17.7 455
Pengi [9] 57 15 17.2 375 416 126 27.1 69.1 253 232 482 752 18.2 46.7
LHDFF [42] 57 159 175 378 408 122 265 67.4 26.7 232 483 68 17.1 42.6
RECAP [17] 563 165 179 383 39.8 122 214 72.1 31.6 252 52.1 75 18.3 47.2
PFCA-Net [43] 56.4 16 174 375 401 123 26.2 67.8 26.8 234 48.6 698 173 43.6
EnCLAP [23] - - 18.2 38 41.7 13 27.3 - - 25.4 50 77 18.6 48
EnCLAP + CL - - 185 376 405 131 271 - - 257 496 76.8 19 48.1
DRCap [30] - - 18.2 - 438 133 285 - - 25.3 - 70.5 18 44.2
LOAE [32] 543 131 17.1 364 343 11.6 229 71.7 27.1 252 49.1 753 18.2 469
LOAE w/ RAG 573 15,5 17.7 37.6 412 122 26.8 71.8 28.1 252 499 768 184 475
DistillCaps w/o RAG 581 157 17.8 383 41.7 127 27.2 72.1 28.6 254 50 76 18.6 473
DistillCaps w/ RAG  58.6 16.7 18.7 394 45.6 134 294 73.4 273 25.8 509 782 189 485

Metrics: BLEU-1 (BL;), BLEU-4 (BL4), METEOR (MT), ROUGE-L (RGy), CIDEr (CD), SPICE (SC), SPIDEr (SD).

where domain shift affects model performance. Compared mod-
els include ACT [35], a fully Transformer-based encoder-decoder
model, along with BART-tags [18], Prefix-AAC [24], EnCLAP-large
[23], and RECAP [17]. In this setting, our model with RAG, LOAE
with RAG, and RECAP still employs a datastore built from the
training split of the dataset, similar to the in-domain setting.

4.3 Evaluation Metrics

To evaluate the quality of generated audio captions, we adopt stan-
dard captioning metrics including BLEU [38], METEOR [2], ROUGE-
L [31], CIDEr [47], SPICE [1], and SPIDEr [33]. BLEU-n measures
n-gram precision by calculating the overlap between generated and
reference captions. METEOR measures unigram matches and also
considers word stems, synonyms, and paraphrases, while ROUGE-
L evaluates the longest common subsequence between captions.
CIDEr scores based on how often their n-grams appear in reference
captions. SPICE analyzes captions through scene graphs to assess
semantic content. Lastly, SPIDEr is computed by taking the average
of CIDEr and SPICE scores, balancing consensus and semantics for
a comprehensive evaluation. These metrics are computed using the
publicly available aac-metrics library. Higher scores across these
metrics indicate better captioning performance.

4.4 Implementation Details

4.4.1 Model Architecture Configuration. Similar to LOAE [32], we
use the LLaMA-7B large language model (LLM) as the text decoder
component. To extract audio feature sequences and to bridge the
modality gap between audio and language, we leverage CED (base)
as an audio encoder and Q-Former as a pooling module, followed
by an MLP projection, respectively. Our model is trained for 50
epochs. The training configuration includes a total batch size of 64,
and the AdamW optimizer is used with a learning rate of 5e-6 and
weight decay of le-6. In both datasets, we use the sample rate of
16000. The maximum lengths for AudioCaps and Clotho are 10 and
30 seconds for each dataset. The temperature for distillation loss

is 1.0 for both datasets. In the model, the audio encoder is frozen,
while the FFT adapter and projection layer are learnable. The LLM
is fine-tuned using LoRA.

4.4.2  Running-time. We train DistillCaps using 4 NVIDIA A100
PClIe GPUs with 80 GB memory each, and complete the training
process for AudioCaps in 22 hours and for Clotho in 11.5 hours.

4.5 Main Results

4.5.1 Impact of DistillCaps in In-Distribution Setting. Applying the
DistillCaps framework significantly enhances AAC performance
in the in-distribution setting. All models are trained on the Au-
dioCaps (or Clotho) training set and tested on the AudioCaps (or
Clotho) testing set, respectively. Table 2 summarizes the detailed
evaluation results where all models are trained and tested on ei-
ther the AudioCaps or the Clotho datasets. Without utilizing RAG
during inference, our DistillCaps framework achieves notable im-
provements over the baseline, with gains ranging from 0.7% to 7.4%
on Clotho and 0.2% to 1.5% on AudioCaps across various metrics.
Specifically, on the Clotho dataset, our method achieves CIDEr and
SPIDEr scores of 41.7% and 27.2%, respectively, compared to base-
line methods, clearly demonstrating the substantial performance
benefits of our approach. Moreover, our framework is competitive
with, and in many cases outperforms, methods that rely on RAG-
based training strategies on the Clotho dataset, while remaining
highly competitive on AudioCaps. For example, it surpasses the
RAG-based LOAE variant by 0.7% on ROUGE-L and 0.4% on SPIDEr
on Clotho. Additionally, it achieves a substantial improvement of
5% on SPIDEr compared to RECAP on the same dataset.

4.5.2  Enhanced Performance with RAG During Inference. When we
further integrate RAG during inference of our method, it further en-
hances the advantages of our DistillCaps framework, significantly
outperforming baselines that also use RAG strategies (see Table 2).
Notably, on the Clotho dataset, DistillCaps surpasses the baseline
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Table 3: Out-domain evaluation results on the Clotho and AudioCaps datasets.

Model AudioCaps — Clotho Clotho — AudioCaps
BL; BLy MT RGL CD SC SD BL; BLy; MT RG, CD SC SD
ACT [35] 294 43 9.6 239 11.7 5 8.4 41.5 6.3 134 303 149 6.6 10.7
BART-tags [18] 309 34 9.8 233 112 46 79 42.5 6.1 128 298 14.7 6 10.4
Prefix AAC [24] 342 65 112 276 192 74 133 449 84 14.4 33 21.1 8.3 14.7
EnCLAP-large [23] - - 11.1 - 138 59 99 - - 13.3 - 174 8.0 12.6
RECAP [17] 339 68 110 27.6 195 84 13.7 427 6.5 1.2 281 191 7.8 13.6
LOAE w/ RAG 371 65 123 282 189 7.6 132 489 103 17.6 36.2 319 113 217
DistillCaps w/ RAG 38.5 8.3 129 29.7 234 89 16.1 52.3 11.2 18.2 37.6 329 114 22.1

Table 4: Qualitative comparison between original LOAE and
DistillCaps-enhanced versions (w/ and w/o RAG).

Ground Truth  1: A wind chime is making noise while people are
talking in the background.

2: Ducks quack, and a faint tapping noise occurs as
water runs in the background.

3: A man is speaking, and a crowd applauds.

4: An engine running.

LOAE 1: Wind chimes tinkle as birds chirp in the back-
ground.

2: Birds are chirping and a duck is quacking.

3: A man speaks followed by applause.

4: Loud continuous spraying.

LOAE w/ RAG  1: Wind chimes are ringing in the background as peo-
ple are talking.

2: A duck is quacking in a pond while other ducks are
quacking in the background.

3: A man speaks and a crowd applauds.

4: Loud hissing and vibrating.

DistillCaps
w/o RAG

1: A wind chime is blowing in the wind while people
are talking in the background.

2: A duck is quacking while water is flowing in the
background.

3: A man is giving a speech and a crowd applauds.
4: An engine works nearby.

DistillCaps w/
RAG

1: Wind chimes are clanging in the background while
people are talking.

2: A duck is quacking and water is flowing in the
background.

3: A man is giving a speech and a crowd applauds.
4: An engine running consistently.

LOAE with RAG implementations by substantial margins, achiev-
ing improvements of 4.4% on CIDEr and 2.6% on SPIDEr metrics,
with additional enhancements ranging from 1.0% to 1.8% on other
evaluation metrics. Additionally, our method demonstrates state-
of-the-art performance compared to prominent AAC models. For
instance, DistillCaps achieves superior CIDEr, SPICE, and SPIDEr
scores on Clotho by 1.8%, 0.1%, and 0.9%, respectively, compared
to DRCap, a recent RAG-based AAC method. On AudioCaps, our
method achieves higher METEOR and SPIDEr scores (25.8% and
48.5%, respectively) compared to the RECAP method, validating the
effectiveness of DistillCaps.

4.5.3 Qualitative Improvements. Qualitative comparisons between
baseline and DistillCaps-enhanced versions (with and without RAG)

are detailed in Table 4, further illustrating the practical improve-
ments offered by our proposed framework. For example, we can
observe that in caption 1, LOAE fails to capture the background
sound of people talking, instead incorrectly describing bird chirping.
In caption 2, LOAE and LOAE with RAG only capture the duck’s
quacking, and they misinterpret the faint tapping sound as bird
chirping and additional duck quacking, respectively. We can see
that even with retrieval, LOAE struggles to capture these subtle
audio details. In contrast, both DistillCaps with and without RAG
successfully identify the duck sound and water flow. Additionally,
in caption 4, while LOAE and LOAE with RAG describe only the
sound, DistillCaps models go further by capturing the subject and
conveying the full semantic meaning of the scene.

4.5.4 Robustness of DistillCaps in Out-of-Distribution Setting. The
robustness and domain-transfer capabilities of the DistillCaps frame-
work are clearly demonstrated in out-of-distribution scenarios (see
Table 3). Note that with methods that use RAG in inference, the
datastore is collected from the training set of the training data. In
evaluations involving models trained on AudioCaps and tested on
Clotho (and vice versa), our DistillCaps method consistently out-
performs baseline implementations utilizing a RAG-based training
strategy. Notably, as compared to the method RAG-based LOAE,
our method achieves improvements of 4.5% and 2.9% on CIDEr
and SPIDEr metrics, respectively, on the Clotho dataset, and fur-
ther gains of 1.0% and 0.4% on AudioCaps. Moreover, our method
sets new state-of-the-art benchmarks across all evaluation met-
rics, surpassing existing methods such as RECAP and Prefix AAC
by significant margins. Specifically, on Clotho, our method sur-
passes RECAP by 2.1%, 3.9%, and 2.4% in ROUGE-L, CIDEr, and
SPIDEr metrics, respectively, while outperforming Prefix AAC on
AudioCaps by 4.6%, 11.8%, and 7.4% on the same metrics. These
results underline the strong generalization and effectiveness of our
DistillCaps framework.

4.6 Ablation Study

We conducted an extensive ablation study to evaluate the contribu-
tion of each component, including the benefits of the FFT adapter,
the DDA component, and inference time analysis. For fairness, we
compare models with identical parameters and complexity.

4.6.1 Distillation-based Distribution Alignment. Table 5 highlights
the effectiveness of the DDA component in improving the LLM’s
understanding of audio for AAC tasks. It enhances audio-language
alignment by guiding the RAG-free branch distribution (student) to
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Table 5: Ablation study on Distillation and RAG on the Clotho and AudioCaps datasets.

s RAG Clotho Evaluation AudioCaps Evaluation
Distillation
Train Test BL; BLy; MT RG, CD SC SD BL; BLy MT RG, CD SC SD
X X X 543 141 173  36.6 35 115 233 723 273 252 492 753 183 46.8
X v X 49.2 103 15 333 236 9.3 16.4 685 236 239 474 66.6 175 421
X v v 574 157 17.8 382 418 125 273 723 281 253 501 76.7 185 475
v v X 58.1 157 17.8 383 41.7 127 27.2 721  28.6 254 50 76 18.6 473
v v v 58.6 16.7 18.7 394 456 134 294 734 273 258 509 782 18.9 485
align with the distribution of the RAG-based branch (teacher). This 35
guidance leads to better performance on AAC tasks. For instance, . gfgﬁ o
after incorporating the DDA module, our method without using 3 =
RAG in inference outperforms the setting that omits both DDA and =2 -
the RAG-based training strategy (rows 1 and 4). It also achieves E
performance comparable to the setting that uses the RAG-based £ 207
training strategy without DDA (rows 3 and 4). Furthermore, when E 5
RAG is used during inference with a datastore built from the train- g
ing set, the DDA component yields the best overall performance £ 101
(row 5). Additionally, we find that using RAG-based training strat- us o
egy without RAG during inference (row 2)—which can occur in real *
applications due to the absence of an appropriate datastore—results
Clotho AudioCaps

in a significant performance drop. This setting performs worse
than both the RAG-inference setup (row 3) and even models trained
entirely without RAG (row 1). These results demonstrate the DDA
component’s effectiveness in aligning the distribution of the RAG-
free model with that of the RAG-based model, thereby enhancing
the alignment between the audio and language spaces, improving
audio understanding of LLM, and lessening the dependency on
RAG during inference.

Table 6: Ablation of FFT on Clotho.

Method BL; BL; MT RGL, CD SC SD
w/oFFT 587 163 182 388 446 132 289
w/ FFT 586 16.7 18.7 394 456 134 294

Table 7: Ablation of FFT on AudioCaps.

Method BL; BLy; MT RG, CD SC SD
w/o FFT 7255 27 253 499 761 187 474
w/ FFT 734 273 258 509 782 18.9 485

4.6.2  Fast Fourier Transform Adapter. To evaluate the effectiveness
of the FFT adapter in our framework, we compare the performance
of DistillCaps with and without the FFT adapter. As shown in Ta-
bles 6 and 7, incorporating the FFT adapter consistently improves
performance across both benchmarks. This demonstrates that inject-
ing frequency-awareness into audio features—prior to projecting
these filtered feature sequences into the LLM’s word embedding
space—enables the model to better capture global temporal patterns.
Additionally, the FFT adapter enhances robustness to time-domain
noise through adaptive filtering in the frequency domain, which
helps to improve the performance of the model on AAC tasks.

4.6.3 Analysis on Inference Time. The bar chart in Figure 5 presents
the inference times for the Clotho and AudioCaps benchmarks,
comparing the processing speeds of DistillCaps (without RAG in
inference) and the RAG-based LOAE. For the Clotho dataset, Dis-
tillCaps achieves an inference time of 7.1 minutes, significantly

Figure 5: Inference time comparison on the Clotho and Au-
dioCaps datasets.

lower than the 23.8 minutes required by the RAG-based method,
indicating a speed improvement of over three times. Similarly, on
the AudioCaps dataset, DistillCaps completes the process in 5.3
minutes, while the RAG-based method takes 28.7 minutes—more
than five times longer. This consistent trend across both datasets
suggests that DistillCaps is a more time-efficient solution, which
could be particularly beneficial in scenarios where rapid processing
is essential.

5 Conclusion

In this work, we introduced DistillCaps, a novel framework that
enhances automated audio captioning (AAC) by leveraging the
benefits of retrieval-augmented generation (RAG) during training
while minimizing its deployment overhead at inference. By dis-
tilling knowledge from a RAG-based teacher into a retrieval-free
student model, DistillCaps effectively improves audio-language
alignment and overall captioning performance without the latency
and complexity of retrieval at test time. Our use of an FFT adapter
further boosts representation quality, contributing to the model’s
strong results. Extensive experiments on AudioCaps and Clotho
benchmarks demonstrate that DistillCaps matches or surpasses
prior systems, and outperforms when retrieval is enabled at infer-
ence time, showing the effectiveness of RAG-guided distillation for
efficient and accurate AAC.
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