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Abstract

Automated audio captioning (AAC) is a crucial task in machine
perception within the audio domain. AAC struggles to inter-
pret and incorporate temporal relationships of sound events in
captions. However, existing studies often fail to capture the
temporal relationship, leading to incorrect captions. Some re-
cent studies leverage sound event detection models to extract
temporal relationships but remain limited by their dependence
on independent pre-trained models. In this study, we propose
Temp4Cap, a novel AAC framework that directly trains tempo-
ral alignment via contrastive learning, using the “temporal cap-
tion” generated by a large language model. To capture temporal
relationships, we apply a temporal negative sampling strategy,
which includes event- and order-level shuffle and random sub-
stitution when generating negative samples during contrastive
learning. Experimental results on Clotho and AudioCaps show
that Temp4Cap significantly improves both captioning and tem-
poral metrics.

Index Terms: Temporal alignment, temporal negative sam-
pling, contrastive learning, large language model, automated
audio captioning

1. Introduction

Automated audio captioning (AAC) is a cross-modal transla-
tion task that converts the comprehensive content of input au-
dio into natural language [1]. An AAC model typically follows
an encoder-decoder framework. The encoder extracts features
from the input audio, and the decoder generates captions based
on them. Primarily, the encoder leverages pre-trained audio
models, such as pre-trained audio neural networks (PANN5) [2],
hierarchical token-semantic audio transformer [3] or VGGish
[4], which have been known to extract rich audio representa-
tions. The decoder is designed as either shallow transformers
[5] or recurrent neural networks (RNNs) [1, 6, 7] to generate
captions that consider the contextual information of these ex-
tracted audio features. Audio containing environmental sounds
tend to exhibit relatively less structured patterns, such as incon-
sistent rhythms or random frequency variations unlike speech,
which typically adheres to structured patterns including sylla-
bles, words, or sentences under linguistic rules. Thus, repre-
senting audio necessitates capturing both the spatial-temporal
relationships of sound events occurring in specific sections and
the background sounds, and AAC aims to offer a comprehensive
description of audio encompassing these features.

In vision-based captioning tasks, recent research lever-
aging contrastive learning for semantic correspondences be-
tween cross-modal data has shown promising results [8, 9].

* These authors contributed equally
T Corresponding author.

jchang@hanyang.ac.kr

Accordingly, numerous attempts have been made to integrate
contrastive learning for audio-text semantic correspondence in
AAC tasks [10, 11, 12, 13]. In previous studies, various
approaches have been conducted to enhance caption quality
through contrastive learning. For example, CL4AC [11] intro-
duced a contrastive learning framework specifically designed
for audio captioning, ACTUAL [13] used contrastive learning
as a regularization technique for caption consistency, and CLIP-
AAC [12] applied contrastive learning to bridge the domain gap
by learning the correspondence between audio signals and their
paired captions. Consequently, these studies have enhanced the
caption quality by improving audio-text representations through
contrastive learning. However, these approaches fail to align
captions with the temporal structure of audio events, such as
event order or background sounds, which are crucial for AAC.

Z. Xie et al. [14] proposed a temporal tag-guided cap-
tioning system to address this issue, which takes temporal tag
guidance inferred from the output of a sound event detection
(SED) model that detects the on- and off-sets of each sound
event. However, this approach has limitations, as they tend to
rely heavily on the performance of a pretrained SED model,
and while it may be effective in generating temporal conjunc-
tions simply, they appear to produce captions of lower quality,
as indicated by a significant decrease in the CIDEr [15] score.

In this study, we propose Temp4Cap, a novel framework
that can enhance both the quality and aligning temporal rela-
tions of the captions by performing temporal alignment through
the contrastive learning between predicted and temporal cap-
tions. The temporal alignment progresses in the following
ways: 1) A large language model (LLM) generates tempo-
ral captions explicitly structured as “event description: event
order” representations. 2) For temporal alignment training, a
temporal negative sampling strategy is introduced for generat-
ing negative samples during the contrastive learning process.
To generate negative samples, we first selected random events
within temporal captions, substituted by random events from
random temporal captions within the same batch, and then shuf-
fled the order of the events.

Different from other studies, we adopt subjective metrics
to validate the proposed method shows robust performance in
capturing temporal relations. As a result, the proposed method
outperforms the other methods on both objective and subjective
metrics.

2. Proposed Methods
2.1. Captioning model

Let A € RT*¥ denotes the audio input, where T and F re-
fer to the number of time frames and mel filters, respectively.
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Figure 1: Left: Overview of the Temp4Cap framework. Right: Temporal negative sampling algorithms. The blue dotted box indicates
an event within a randomly-selected temporal caption from the same batch.

We utilize PANNs [2] as the audio encoder, which is convo-
lution neural network-14 (CNN-14) to extract the audio repre-
sentation. PANNs are pretrained models using Audioset [16], a
large-scale audio-tagging dataset. CNN-14 comprises six CNN
blocks, each of which is composed of a 3 x 3 CNN, batch nor-
malization, and a rectified linear unit (ReLU) [17]. In this study,
the bidirectional and auto-regressive transformer (BART) [18]
model is introduced for text generation as the decoder of cap-
tioning model in conjunction with CNN-14. The BART model
is a combination of bidirectional encoder representations from
transformers (BERT), which have a bidirectional structure, and
a generative pretrained transformer, which has an autoregres-
sive structure. The bi-directional encoder includes multi-head
self-attention, multi-layer preception, and residual connections.
Consequently, the BART encoder and decoder, composed of
multi-head cross-attention and self-attention, play a role in gen-
erating captions. Both the encoder and decoder in the BART
model are composed of six transformer layers. Furthermore,
the cross-entropy (CE) loss is employed as the objective func-
tion for the captioning model:

L
1
Log = 7Z;bgp(gz|gl:l—17A)7 M

where g; is the [-th ground truth token in a sentence and L is the
length of the sentence.

2.2. Temporal alignment training

As shown in Fig. 1, the LLM is used to generate a temporal
caption comprising a pair of events and orders from a original
caption for temporal alignment training. To enhance the tempo-
ral relationship interpretation ability of the captioning model in-
cluding the encoder and decoder, we perform contrastive learn-
ing between the decoder’s hidden representation x € RT1*P
and the text embedding y € R72*” of the temporal caption,
where D refers to embedding dimension, 77 and 75 denote the
sequence lengths of x and y.

For equivalence with the audio captioning model, we
use the BART model as the text encoder to extract the em-
beddings. In particular, temporal negative sampling is per-
formed to improve temporal relationships. Temporal nega-
tive sampling comprises two processes: event-level shuffle and
random substitution processes, as depicted on the right side
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of Fig. 1. Event shuffling is the process of rearranging order of
events while maintaining the content of each event in the tem-
poral captions, and random substitution comprises randomly se-
lecting one event and then replacing it with another event within
a mini-batch. These processes allow the model to learn the tem-
poral relationships and semantic information of the audio clips.

We train the temporal alignment structure using an In-
foNCE loss function [22] to ensure that generated captions align
closely with the temporal captions, making them more similar
to each other than negative shuffled pairs. We repeat the tem-
poral negative sampling K times to create K negative pairs. In
addition, negative sampling is randomly performed to provide
diversity. The alignment loss function L is thus configured as
follows:

1 T, T»
S = o ;;(x ¥, ®
N
1 exp(S(xi,y;)/7)
£a = %7 710g - ) (3)
> Y1 exp(S(xi,¥;)/7)

i=0

where S(x,y), y© and y~ represent the cosine similarity, the
text embeddings of positive temporal captions and negatively
sampled temporal captions, respectively. Also, N is the batch
size, and 7 is the temperature parameter. Finally, during the
training process, we utilize objective functions that compute the
sum of the CE loss and alignment loss. The overall objective
function is configured as follows:

»Ctotal = ECE + £al~ (4)

For data comprising only a single temporal order, the temporal
negative sampling process is not performed, in which case only
CE loss is used.

3. Experiments
3.1. Dataset

For the experiment, we employed the Clotho [23] and Audio-
Caps [24] datasets for training and evaluation. Clotho is a
dataset that includes 5 k audio clips from the FreeSound [25]
comprising audio samples having 15 to 30 s duration. Audio-
Caps is a large audio captioning dataset composed of approxi-
mately 50 k audio clips sourced from Audioset. The captions
in the training set were a single caption per audio clip, whereas



Table 1: Results comparison with CNN encoder-based models, using Clotho and AudioCaps test splits. For all metrics, higher values

mean better performance.

Dataset Model BLEU4 (1)  ROUGEf (1)  CIDEr(t)  METEOR(1)  SPIDEr(1)  ACCiomp(T)  Fliemp(T)

CNN-GRU [19] 16.8 38.3 40.8 175 26.5 69.2 17.4
Clotho CNN-Transformer [20] 15.6 372 37.2 16.9 244 68.2 13.1
CNN-BART [21] (Bascline) 16.1 378 402 17.2 25.9 68.8 15.1
Temp4Cap (Ours) 16.7 38.2 41.9 17.4 27.0 70.2 23.2
CNN-GRU 26.3 494 72.6 239 45.1 373 23.4
AudioCaps CNN-Transformer 245 46.2 64.1 224 404 36.2 21.6
P CNN-BART (Baseline) 27.1 48.6 73.6 235 45.4 37.8 238
Temp4Cap (Ours) 274 49.1 76.1 23.6 46.7 46.4 36.6

Prompt template AN Table 2: Comparzsons' for th? dzﬁeffent systems on the'Audzo-

System prompt: Caps test splits. MOS is provided with 95% confidence interval

You are Temporal Information Extraction for Audio Captioning.

**Task Definition:**
Extract temporal event information from audio captions in "event description: event
order" format.

**Guidelines:**
. Extract Sound Events: Identify distinct sound events described in the caption.
. Assign Temporal Order: Determine the order of events based on explicit temporal

"o,

cues (e.g., "then", "before", "after", and "while"). If no clear temporal markers are
present, assume the events occur simultaneously.

. Label Background Sounds: If an event occurs throughout or is mentioned as
"background", label it as "background".

**Output Format:**
"event description: event order"

**Examples:**

- Original caption: "A phone vibrates on the table, as soft music plays in the background"

- Temporal caption: "A phone vibrates on the table: eventl, soft music plays: background"
(Added few-shot examples.)

Original caption:

While driving on a wet road, a woman speaks and then a man responds, while a
steady beep sounds in the background

Temporal caption:

‘woman speaking: event1, man responding: event2,
driving on a wet road: background, steady beep sound: background

Figure 2: The prompt template for generating temporally struc-
tured captions using an LLM.

those in the validation and test sets were five captions per audio
clip. AudioCaps is composed of audio clips containing more
multiple events compared to Clotho. Analyzing temporal cap-
tions, data consisting of multiple event orders account for 79%
of the training set in Clotho, while in AudioCaps, it constitutes
89% of the development set.

3.2. Data pre-processing

To obtain a log-mel spectrogram for each audio clip, we applied
a Hanning window of size 1024 with a hop size of 320 and a 64-
bin mel filterbank. The audio clips were resampled to 32 kHz
with a maximum length of 30 s. The captions from Clotho and
AudioCaps datasets were converted to lowercase, and special
tokens <sos> and <eos> were appended to the beginning and
end of each caption. As shown in Fig. 2, we employed Phi-4
[26] as an LLM to generate temporal captions from the dataset.
To ensure structured event extraction, we designed a system
prompt that formatted the output as “event description: event
order” while providing explicit guidelines on event extraction,
temporal ordering, and background labeling. Additionally, to
improve the model’s comprehension of the task, we included
five few-shot examples illustrating the expected outputs.

Thttps://huggingface.co/microsoft/phi-4
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(ClI).

Method | Caption quality score(1) Temporal alignment score (1)
GT | 4.15£0.18 431 £ 0.16
CNN-Transformer 3.36 £ 0.18 3.18 £0.22
CNN-BART 359 £+ 0.19 357 £0.28
Temp4Cap 3.99 4 0.14 4.07 £ 0.13

3.3. Experiment setups

The proposed model was trained for 30 epochs using a batch
size of 24 and a learning rate of 1 x 10~°, which lasted 12 h. The
text encoder was frozen during the training process, whereas the
audio encoder and decoder were not. We used the Adam opti-
mizer [27] with a weight decay of 1 x 1075, The experiments
were conducted on a single NVIDIA RTX 3090 Ti. To pre-
vent overfitting, a dropout rate of 0.2 was applied to both the
encoder and decoder components, and the spec-augmentation
[28] method was applied. In the inference phase, we applied
a beam search algorithm with a beam size of 3 to enhance the
caption generation quality of the decoder. In addition, to facili-
tate contrastive learning, we set the size of the negative samples
to 24 and set 7 to 0.07.

3.4. Evaluation

Objective metrics. We evaluated the overall generation qual-
ity of the trained model using widely used captioning metrics,
such as BLEU [29], ROUGE/, [30], METEOR [31], CIDEr [15]
and SPIDEr [32], in the captioning task. To evaluate the qual-
ity of the generated captions considering the temporal relations,
we used ACCep and Flypp [14]. Temporal metrics measured
the presence of conjunctions (“after”, “then”, “followed”, and
“follow”) that indicate temporal relationships in the generated
captions.

Subjective metric. These temporal metrics have a limitation in
that they simply measure the presence or absence of temporal
conjunctions, failing to consider the actual order of events (e.g.,
“A after B” and “B after A” yielded the same result). To com-
pensate for this limitation, we also conducted the mean opinion
score (MOS) test. The test was performed on researchers to-
tal of 20 with 30 selected captions, each containing at least two
temporal conjunctions. Specifically, 20 captions were sourced
from AudioCaps and 10 from Clotho. Specifically, the gener-
ated captions were assessed in two aspects: i) caption quality
score focused on how well they contained the content of the
audio and ii) temporal alignment score focused on how accu-
rately they captured the actual order of events.



Table 3: Results comparison with and without each processes, using Clotho and AudioCaps test splits. E - S and R - S refer event shuffle

and random substitution, respectively.

Dataset Model BLEU4 ROUGE [, CIDEr  METEOR SPIDEr  ACCremp Fliemp
Temp4Cap (E - S) 15.6 37.2 40.6 17.2 26.1 69.7 17.7
Clotho Temp4Cap (R - S) 16.0 371 410 16.9 26.3 682 206
Temp4Cap (E - S+R - S) 16.7 38.2 41.9 174 27.0 70.2 23.2
Temp4Cap (E - S) 26.9 494 74.1 23.5 45.3 44.3 38.4
AudioCaps TenC1p4Cap R-S) 269 4819 76.4 241 471 419 33.0
Temp4Cap(E - S+R - S) 27.4 49.1 76.1 23.6 46.7 46.4 36.6
4. Results and discussion yrrkCYatiinay _——
. ‘ Event 2
4.1. Performance comparison . " e
[C]: Bvents
To assess the effectiveness of the proposed method, we com- &

pared performance with the CNN encoder-based models [19,
20, 21] widely used in AAC task, and the results are presented
in Table 1. The captioning metrics are influenced by semantic
information from the audio, and the clarity of the captions. The
proposed temporal negative sampling offers two notable advan-
tages in this regard: First, the LLM generates captions in var-
ious sentence structures, allowing for diversity in model train-
ing, similar to data augmentation. This enhances the ability of
the model to generalize effectively across different inputs. Sec-
ond, owing to the influence of random substitution, the model
can acquire richer audio semantic information via contrastive
learning. As a result, Temp4Cap outperforms the other mod-
els across most captioning metrics. Temporal metrics were also
employed to assess how well the generated captions captured
the temporal order of audio events. Temp4Cap performed well
compared with the other models, which proves that the tempo-
ral alignment training helps to interpret the order of the events
well. Notably, Table 1 shows that temporal alignment training
works better for AudioCaps than for Clotho. This is due to Au-
dioCaps containing a larger number audio clips featuring mul-
tiple events, as mentioned in Section 3.1. In particular, event
shuffling has less impact as the number of events n is smaller,
because the number of possibilities for negative samples is lim-
ited to the n factorial. Consequently, Temp4Cap not only im-
proved temporal metrics but also showed enhancement across
all captioning metrics.

To illustrate results that are difficult to prove with temporal
metrics, we compared the generated captions in Fig. 3. The
sample was specifically selected to demonstrate the effect of
the temporal alignment training. The CNN-Transformer repre-
sented the sequence of events through “followed by”, but the
order of events was expressed in reverse. The CNN-BART
failed to recognize the temporal order of occurrence of “woman
speaking” and “men speaking” and also failed to capture “dig-
ital beeps”. In contrast, Temp4Cap successfully identified the
temporal sequence of events. Consequently, the generated cap-
tions show that the proposed framework is excellent at distin-
guishing events and can accurately understand the temporal re-
lationships between events.

As shown in Table 2, we performed MOS tests for cap-
tion quality and temporal alignment. CNN-Transformer and
CNN-BART, trained only with CE loss, received lower scores
than Temp4Cap in caption quality and temporal alignment. Es-
pecially when evaluating captions by listening to samples, we
found that Temp4Cap effectively generates captions reflecting
event occurrence and sequence.
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Ground truth: a loud whoosh followed by a woman speaking then digital beeps and men speaking

CNN-Transformer: a man speaks followed by a beep and a woman speaking

CNN-BART: whooshing followed by a woman speaking and men speaking

Temp4Cap: a swoosh sound followed by a woman speaking then a beep and a men speaking
Figure 3: Compared of generated captions by a CNN-

Transformer, CNN-BART and Temp4Cap. The blue and red de-
note correct, incorrect, respectively.

4.2. Ablation studies

Ablation studies were conducted to evaluate the effectiveness
of the proposed temporal negative sampling process for tempo-
ral alignment using Temp4Cap. We evaluated the performance
under three different scenarios: applying only event shuffling,
using only random substitution, and combining both methods.
The results are shown in Table 3, based on evaluations con-
ducted on the Clotho and AudioCaps test sets. When only the
event shuffle was applied, there was an increase in the temporal
metrics compared to the baseline. This indicates that through
the event shuffle, the model can more effectively capture the
temporal relations between events. When only random substi-
tution was applied, the results of the captioning metrics were
significantly improved. These results show that the random sub-
stitution process helps in training contrastive learning more ef-
fectively due to the semantic misalignment caused by replacing
events within a caption with different events in the mini-batch.

5. Conclusions

In this study, we introduced Temp4Cap, an innovative AAC
framework designed to enhance the temporal alignment of
cross-modal data. Rather than relying on transfer learning ap-
proaches utilizing pre-trained models, our strategy involved cre-
ating a temporal caption dataset using LLM. This allowed us
to train the model directly on the sequence and relationships
of events. Temp4Cap employs a contrastive learning method
based on temporal negative sampling, including event shuffling,
and random substitution, allowing the model to effectively cap-
ture both temporal relationships and semantic context.
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