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Abstract—This paper proposes a method for generating ex-
planatory captions that describe how sounds identified as anoma-
lous in unsupervised anomalous sound detection (UASD) differ
from normal sounds. In previous methods, anomaly detection and
caption generation are performed independently, so captions may
not reflect the reasons for detection. Furthermore, it requires
paired normal and anomalous sounds for training, making it
impossible to apply to UASD, where anomalous sounds are not
available for training. To address these challenges, the proposed
method utilizes a feature from the pre-trained CLAP (Con-
trastive Language-Audio Pre-training) model for both UASD and
caption generation, ensuring consistency between detection and
explanation, and enabling caption generation without training.
For sounds identified as anomalous, we use retrieval-augmented
generation (RAG) to search the training data for similar normal
sounds and compare captions. RAG enables the capture of the
differences between anomalous and normal sounds. Experiments
based on subjective evaluation and a sample-wise analysis of the
output captions demonstrate the effectiveness of the proposed
method.

Index Terms—anomalous sound detection, captioning, CLAP,
RAG

I. INTRODUCTION

Unsupervised anomalous sound detection (UASD) is the
task of identifying whether sounds are normal or anomalous
by only using normal sounds as training data, which is applied
to inspection using operational sounds of industrial machines
[1-3]. Automatic detection of mechanical failure is essential
for artificial intelligence (Al)-based factory automation, as
timely detection of machine anomalies via sound is an effective
method for machine condition monitoring.

In UASD, deep learning models, such as autoencoders [4],
are used. In recent years, the use of large-scale pre-trained
models [5] and learning with artificially generated labels [6]
have been reported to show high performance. On the other
hand, for machine inspection, it is important not only to detect
anomalous sounds but also to help identify their causes. If it is
possible to explain how anomalous sounds differ from normal
sounds, it makes it easier to identify the cause of the anomaly.

To analyze anomalous sounds, Tsubaki et al. [7] proposed a
method that inputs both normal and anomalous sounds and
outputs captions describing their differences. We will refer
to these captions as “difference captions.” In their method,
pairs of normal and anomalous sounds are annotated with their
differences to create the MIMII-Change dataset, which is used
to train the model. The model’s audio encoder outputs normal
and anomalous sound embeddings. These embeddings and the
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subtraction of these embeddings are concatenated and passed
to a transformer-based decoder, which generates difference
captions. Recently, such methods for learning the differences
between two audio pairs have also been studied for targets
other than mechanical sounds [8], [9].

However, since the caption generation method proposed
by Tsubaki et al. operates independently from the anomaly
detection process. As a result, the generated captions may
sometimes be unrelated to the outcomes of anomaly detection.
Furthermore, in UASD, methods that rely on paired normal and
anomalous sounds for training cannot be used, because such
pairs do not exist for training data. Instead, we must explain
how an unseen anomalous sound deviates from the learned dis-
tribution of normal sounds without having anomalous sounds
for training. Therefore, it is not possible to apply existing
difference captions generation methods [7-9] to UASD.

In this paper, we propose a difference captioning method that
suits the UASD problem setting. Our proposed method uses
embeddings from an audio-language model for both UASD and
difference captions generation. By performing both UASD and
caption generation in the same joint audio—language embed-
ding space, the detection results and the generated captions
are expected to be less likely to contradict each other. In
this method, only normal sounds in the training data for
UASD are required, and caption generation can be performed
without training. The difference captions are generated based
on retrieval-augmented generation (RAG) [10]. First, a caption
is generated from the embedding of each test sample identified
as anomalous by the trained UASD system using a pre-trained
audio-language model’s text decoder. Second, normal sounds
most similar to each test sample sound are retrieved from the
training data for UASD, and captions of these normal sounds
are generated by the text decoder. Finally, by comparing the
captions of each test sample that is identified as anomalous
and normal sound captions with GPT-4 [11], a difference
caption is generated. With the introduction of RAG and pre-
trained text decoder, our proposed method can explain how
anomalous sounds differ from normal sounds without learning
anomalous sounds themselves, making it suitable for UASD.
We employ CLAP (Contrastive Language-Audio Pre-training)
[12] as a pre-trained audio-language model. In our experiments
conducted under the UASD problem setting, we first found
that CLAP shows sufficient performance on anomalous sound
detection. More importantly, by observing the different cap-
tions for the sounds identified as anomalous, we were able to



obtain reasonably valid captions that matched the cause of the
anomalies.

II. RELATED WORK
A. CLAP

CLAP is a foundation model that generates embeddings,
retaining both audio and text information by mapping audio
and text into a joint multimodal space through contrastive
learning. Its audio and text encoders are trained to maximize
similarity for matching audio—text pairs while minimizing
similarity for non-matching pairs. Utilizing CLAP facilitates
zero-shot classification: by calculating the similarity between
an input audio’s embedding and the text embeddings of various
labels, the most appropriate label naturally exhibits the highest
similarity. This enables sound event classification without
requiring pre-labeled audio for training.

The experiments in this paper utilize CLAP, which was
released by Microsoft in 2023 [12]. This CLAP has been
pre-trained on a large scale using datasets such as WavCaps
[13] and AudioSet [14]. Audio transformers (HTSAT [15])
are used for the audio encoder, and GPT-2 [16] is used for
the text encoder within CLAP. Additionally, the text decoder,
consisting of a mapper network and GPT-2, can generate
sentences from an embedding, which can be combined with
the audio encoder to perform audio captioning.

B. Retrieval-Augmented Audio Caption (RECAP)

RECAP is a method proposed by Ghosh et al. [17] for
audio captioning. Audio captioning is the task of describing
input environmental sounds in text, and most previous models
consist of a pre-trained audio encoder and a text decoder.
However, these encoder-decoder architectures do not work
well when the input data is from a domain different from the
training data. To address the problem caused by this domain
shift, Ghosh uses CLAP to measure the similarity between the
input sound and each caption in the data store. The top four
similarity captions are input to GPT-2 to estimate the caption
of the input sound.

RECAP is based on RAG, where information from an
external data store is added to the training data for generation.
We considered RAG to be effective in captioning anomalous
sounds. For example, as pre-trained models such as CLAP are
not necessarily trained by the sounds of industrial equipment,
generating captions of anomalous machine sounds may not
result in captions explaining how the sound is anomalous.
However, adding additional information, such as captions
for normal sounds, allows comparisons between normal and
anomalous sounds and can create detailed captions for anoma-
lous sounds.

III. PROPOSED METHOD

A. UASD with CLAP’s audio encoder

Figure 1 shows the overview of the proposed method. The
training dataset, comprising solely normal sounds, and the test
dataset, encompassing both normal and anomalous sounds,

are fed into CLAP’s audio encoder to derive corresponding
embeddings for each dataset. For anomaly detection, k-Nearest
Neighbors (k-NN) based on Euclidean distance is applied. The
anomaly score A(x) is defined as

k
1
Alx) = ¢ ;Hx = Xil2, (1)
where x is the embedding of a test sample. X; (1 =1,...,k)

are the embeddings of the reference samples from the training
database, e.g., X; is the i-th closest embedding in the training
database to x. Anomalous sounds tend to diverge from the dis-
tribution of normal sounds, resulting in higher anomaly scores
compared to normal sounds in the test dataset. The test samples
are identified based on a threshold: those with anomaly scores
above the threshold are classified as anomalous, while those
with scores below or equal to the threshold are considered
normal.

B. Difference caption generation for anomalous sounds

The test samples whose anomaly scores exceeded a certain
threshold were identified as anomalous, and captions were
generated for them. To optimize the threshold, we set it to
the point on the receiver operating characteristic (ROC) curve
computed on the test dataset that is closest, in Euclidean
distance, to the top-left corner (0, 1). The basic idea to
generate difference captions without training is to first inde-
pendently create captions for each anomalous and k-nearest
normal sounds using a pre-trained text decoder, and then let
large language models, GPT-4 in our experiments, compare
those output captions. The approach of comparing captions
is inspired by RAG. In our method, k-NN not only serves
for anomaly detection in UASD, but also plays the role of
retrieving the most similar normal sounds from the reference
samples for each test sample. Instead of generating captions
solely from the anomalous sounds, providing the captions of
the most similar normal sounds as external data and prompting
a comparison enables the model to more effectively capture
subtle differences between anomalous and normal sounds.

To create captions of each sound, we utilize the CLAP
embeddings used in UASD. The embedding of the sound
identified as anomalous in UASD, X (%) is input to the CLAP’s
text decoder to generate a caption that explains this sound.
Embeddings of the k& nearest samples X, ... X} are also fed
into the same text decoder to generate captions for k instances
of normal sounds. All these k + 1 captions are then used
to form a prompt that asks GPT-4 how the caption of the
anomaly-identified sound is different from the other captions.
Specifically, the prompt is formed as “The caption of the
anomalous sound of [machine name] is given as: [caption
of the anomaly-identified sound]. On the other hand, the
captions of the normal sounds of [machine name] are given
as: [k captions of the normal sounds, separated with commas].
Please describe in broad strokes how this anomalous sound
differs compared to the normal sounds.” The output of GPT-4
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Fig. 1.

is then directly used as the difference caption. In this paper,
we will call this method the “Text decoder-based method.”
This method performs both UASD and difference caption
generation in the same CLAP embedding space. It is expected
that this ensures consistency between the UASD results and
the content of the difference captions. Appropriate difference
captions are expected to be obtained for cases where the
anomalous and normal sounds have differences that CLAP’s
captioning network can capture. We assume that such a case
holds for some typical anomalous conditions since anomalous
conditions can often cause additional sounds with different
characteristics than the original normal sounds, e.g., rattling
sounds added to smooth movement sounds, or cause certain
sounds to disappear, which is likely to appear in the captions.

C. Difference caption generation with predefined texts

While certain differences between the anomalous and nor-
mal sounds can be captured by the first method, in some cases,
CLAP’s text decoder can provide very similar descriptions
for the anomalous sound and the k reference normal sounds
to be compared. This can happen even when the distance
between the embeddings is large and the anomaly score is
high. In such cases, comparing those descriptions in GPT-4
cannot acquire appropriate captions that explain the differences
between anomalous and normal sounds.

To solve this problem, we additionally propose a method
based on the zero-shot classification framework using CLAP.
First, a set of L short reference texts texty, ..., textr, describ-
ing common characteristics of malfunctioning machine sounds,
such as “Vibration” and “Popping and Knocking sounds”
are prepared. These texts can for example be prepared by
asking large language models. For each of these texts, the
text embeddings 7; (I = 1,...,L) are extracted through
CLAP’s text encoder. Then, the cosine similarities Sc (X, 1})
between each text embedding 7; and audio embedding X €
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UASD and captioning flow in our proposed method.

{X@ X, ...,X.} are computed to infer how much that
audio input contains the feature described in the Ith text.
Finally, the obtained similarity scores are included into a
prompt that asks to compare those values for the anomaly-
identified sound and the normal reference sounds. Specifi-
cally, the prompt is formed as “The acoustic features of the
anomalous sound of [machine name] are given as [similarity
scores for the anomaly-identified sound]. On the other hand,
the acoustic features of the k normal sounds of [machine name]
are given as [similarity scores for the k reference normal
sounds]”. Here, the similarity scores are given as a CSV
format where the rows represent scores for each reference
text and the columns represent scores for each sound, e.g.,
for the reference normal sounds, the scores are given as

text1, texts, ..., textr, \n

Sc(X1,T1), Sc(X1,T2), ..., Sc(X1,TL), \n

R

Sc(Xg,T1), Sc(Xk,T2), .., Sc(Xk,TL),

if the similarity between some reference text and the sound
is different for the normal sounds and the anomaly-identified
sound, that difference should be extracted as the final output
caption. We will call this method the “Zero-shot classification-
based method.”

This strategy can also be combined with the
method proposed in the previous section. This is
realized by including both the caption information

and the similarity scores in one CSV format, such as

caption, texty, texts, ..., textr, \n

[output caption], Sc(X1,T1), Sc(X1,T2), ..., Sc(X1,TL), \n

‘e

in this way, the output difference caption would include both
caption based and specified characteristics-based explanations.
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TABLE I
AUC(%) FOR BASELINE AND PRE-TRAINED MODELS.

pre-trained models

Machine ‘ ID ‘ Autoencoder ~ PANNs LAION-CLAP MS-CLAP
(Proposed)
01 81.36 80.04 76.94 75.68
02 85.97 85.92 84.11 80.99
ToyCar 03 63.30 69.98 64.76 65.42
04 84.45 89.42 85.53 83.57
Average 78.77 81.34 77.84 76.42
01 78.07 61.65 63.14 63.42
02 64.16 56.45 55.78 59.23
ToyConveyor 03 75.35 60.24 58.28 59.65
Average 72.53 59.45 59.07 60.77
00 54.41 50.63 53.87 51.91
02 73.40 60.25 65.21 61.89
Fan 04 61.61 45.77 47.78 46.88
06 73.92 75.21 74.40 67.96
Average 65.83 57.97 60.32 57.16
00 67.15 81.92 87.40 84.22
02 61.53 68.23 89.13 92.49
Pump 04 88.33 77.71 83.27 80.39
06 74.55 56.83 62.78 58.83
Average 72.89 71.17 80.64 78.98
00 96.19 99.89 99.98 99.25
02 78.97 88.58 91.25 93.87
Slider 04 94.30 86.51 79.21 80.46
06 69.59 57.31 61.99 71.28
Average 84.76 83.07 83.11 86.22
00 68.76 84.38 91.07 80.53
02 68.18 79.89 79.39 76.61
Valve 04 74.30 79.26 80.80 81.45
06 53.90 69.53 64.22 70.23
Average 66.28 78.26 78.87 77.21
Overall average [ 73.51 71.88 73.30 72.79
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Fig. 2. Violin plot for MOS values of each ID in each machine. “Text
decoder”, “Zero-shot”, and “Combination” denote Text decoder-based method,
Zero-shot classification-based method, and combination of these methods,
respectively. White dot denotes the median and black bar denotes range of
quartiles.

IV. EXPERIMENT
A. Experimental conditions

To verify the effectiveness of the proposed method under
simple conditions where no domain shifts occur, such as
changes in operational conditions, we used the DCASE 2020
Challenge Task 2 Development Dataset [4] for the experiments.
It contains four types of machines (Fan, Pump, Slider, Valve)
from MIMII Dataset [18] and two types of toys (ToyCar, Toy-
Conveyor) from ToyADMOS [19] with normal and anomalous
sounds. Each of the four machines from the MIMII Dataset has
four Machine IDs (00, 02, 04, 06). ToyCar also has four IDs

(01, 02, 03, 04), and ToyConveyor has three IDs (01, 02, 03).
ID is the identifier of each individual of the same machine
type.

In this experiment, we set k = 4. The performance of
UASD per Machine ID is calculated using the area under the
ROC (AUC). Note that the specific anomaly score threshold
we selected for caption generation does not influence the
AUC, as AUC considers all possible thresholds. The CLAP’s
audio encoder by Microsoft used in our proposed method was
compared in performance with pre-trained models such as
PANNSs [20] and the CLAP audio encoder by LAION [21], in
addition to the autoencoder used as a baseline for the DCASE
2020 Challenge Task 2 [4].

Next, captions were generated for the test data identified
as anomalous sounds in UASD. Three methods of gener-
ation were used: the text decoder-based method, the zero-
shot classification-based method, and the combination of both
methods. For all methods, a common prompt instructing the
GPT-4 to begin their output sentence with “This sound is” and
to finish it within 40 words was added before each prompt
described in the previous section. For the text decoder-based
method and the combined method, we constrained the text
output from CLAP’s text decoder to be in the form of “Sounds
like ...”. We asked GPT-4 to generate eight descriptions
of anomalous sounds for the zero-shot classification-based
method: “Vibration”, “High-frequency Squealing or Screech-
ing”, “Popping or Knocking Sounds”, “Rhythmic Clicking
or Tapping”, “Grinding Sounds”, “Irregular Patterns”, “Low-
frequency Humming”, and “Unexpected Silence”.

We subjectively evaluated the output captions by the Mean
Opinion Score (MOS). For evaluation, we selected three sam-
ples for each ID of each machine type that showed the highest
anomaly scores, since captions for high anomaly score samples
matter the most. In total, 69 sets of data-caption pairs were
evaluated for each method. Three non-expert subjects were
asked to listen to the test and reference normal samples, and
rate how well each caption explains the differences between
them. The ratings ranged from ‘1’ to ‘5’, where ‘1’ represents
the worst and ‘5’ represents the best. In addition, we reviewed
each created caption to verify if they align with the cause of
the anomaly and the sound changes that should occur from
that anomaly.

B. UASD experimental results

Table I shows the experimental results of UASD using
CLAP embeddings along with the baseline and other pre-
trained models. “MS-CLAP” refers to the CLAP by Microsoft.
The results indicate that the MS-CLAP’s embedding achieves
a performance level almost parallel to that of other pre-trained
models, with the performance variance between CLAP and
the other pre-trained models dependent on the specific model
and Machine ID. This discrepancy in performance may be
attributed to the slight differences in the dataset used for
pre-training the models. The findings also suggest that by
applying transfer learning and fine-tuning to CLAP’s audio
encoder, UASD performance could potentially be enhanced
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This sound is different as it resembles a sewing machine running, indicating a more specific, rhythmic,
and high-pitched noise compared to the normal, more general machine or machinery running sounds.

This sound is distinguished by intensified grinding sounds and an amplified low-frequency humming, but
exhibits a reduced level of high-frequency squealing or screeching compared to normal sounds.

This sound is characterized by a notable decrease in vibration, high-frequency squealing or screeching,
and low-frequency humming compared to normal sounds. It also exhibits an increase in grinding sounds
and a slight uptick in popping or knocking sounds.

This anomalous sound is described as a machine running continuously, while the normal sounds are
described as a machine running, water running in a shower, a car engine running, and a waterfall with
water splashing. Notably, the anomalous sound has a higher association with 'Grinding Sounds' and
'Low-frequency Humming' compared to the normal sounds.

This anomalous sound is characterized as a 'sewing machine running’, while the normal sounds are
described as a 'machine running' or 'machinery humming'. The anomalous sound has lower 'Vibration' and
'High-frequency Squealing or Screeching' scores compared to the normal sounds. Additionally, it has a

higher 'Grinding Sounds' score than the normal sounds.
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This sound is not different, as it has the same characteristic as the normal sounds, which is
described as a machine running.

This sound is not different from the normal sounds as they all describe a machine running in the
background.

This sound is characterized by more pronounced grinding sounds and a greater degree of popping or
knocking sounds, but displays less unexpected silence and a slightly reduced level of high-frequency
squealing or screeching compared to normal sounds.

Sounds', and 'Irregular Patterns' compared to the normal sounds. It also has slightly lower values in
'High-frequency Squealing or Screeching' and 'Low-frequency Humming'.

This sound is characterized by slightly higher values in 'Popping or Knocking Sounds', 'Grinding |

This sound is characterized by a higher association with 'Grinding Sounds' (0.6) and 'Popping or Knocking
Sounds' (0.45) as compared to the normal sounds which have lower values for these features.

This sound is more associated with 'Popping or Knocking Sounds' and 'Rhythmic Clicking or Tapping' as
compared to the normal sounds, while it is less associated with 'High-frequency Squealing or Screeching'.

(c) Case when Zero-shot classification-based method works (Slider id=00)

(d) Unsuccessful example (Fan id=04)

Fig. 3. Spectrograms of anomalous and reference normal sounds and corresponding captions. Black box (first row) denotes individual captions for each sample;
Red box (second row) denotes captions for CLAP’s text decoder-based method; Blue box (third row) denotes captions for zero-shot classification-based method;

Purple box (fourth row) denotes captions for combination of both methods.

further, leveraging the pre-trained model’s capabilities more
effectively.

MS-CLAP underperforms the baseline with the autoencoder
in machine types of toy-car, toy-conveyor, and fan. On the
other hand, the average of all machine types’ AUC values is
73.51% for the baseline and 72.79% for MS-CLAP, so the
overall performance is similar.

C. Captioning experimental results

Figure 2 shows the distribution of the MOS values computed
for each ID in each machine. Overall, the MOS values for
a considerable portion of IDs were over ‘3’, indicating that
the output captions can be informative to some extent. The
number of IDs that received MOS values over ‘3’ was 10,
8, and 11 out of 23, for the text-decoder-based method, the
zero-shot classification-based method, and the combination
method, respectively. The text-decoder-based method showed
significantly higher MOS values for several IDs than other
methods, such as Pump ID 00 (4.1), Slider ID 00 (4.0),
and ToyCar ID 01 (3.8), indicating its usefulness for certain
kinds of data. At the same time, some IDs exhibited relatively
low MOS values between 1.5 to 2.5, and text decoder-based
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method showed more variation in MOS across IDs than the
other methods. This was mainly because the text decoder
sometimes provided very similar captions for both anomalous
and normal sounds, resulting in difference captions that are
not very expressive. On average, the combination of the two
proposed methods showed the highest MOS value, which
indicates the combination method was able to take the good
parts of both methods to some extent.

Figure 3 shows examples of the difference captions gen-
erated by the three methods against anomalous test samples.
We picked typical examples to show the general trends of the
proposed methods. (a) shows an example for pumps, where
the text decoder-based method describes the absence of water
sounds in the anomalous sound. This coincides with the cause
of malfunction in pumps, where pumps in normal conditions
have water flows but anomalous condition does not, due to
leakage or clogging [18]. The zero-shot classification-based
method generated the difference caption focusing on the low
frequency of the anomalous sound, which can also be seen in
the spectrograms. (b) shows an example for sliders, which is
also a successful example. In this case, an anomalous slider
makes sounds caused by scrapings or rattlings of rails due
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to rail damage or lack of grease [18]. Expressions such as
“sewing machine” and “grinding” match such characteristics,
explaining strong periodic sounds or sounds related to hard
substances scraping each other. (c) is another slider example,
where the text decoder-based method did not capture any dif-
ferences. However, the zero-shot classification-based method
successfully described the difference, explaining the difference
in “grinding” sounds. This shows the effectiveness of the zero-
shot classification-based method, even when the text decoder-
based method does not work ideally. (d) is an example for
fans, where none of the methods successfully described the
difference. While the zero-shot classification-based method
described differences such as higher “Popping or Knocking
sounds” or “Irregular Patterns”, they seem to just coincide
with the background noise that appears in 3.5(s)-6 (s) in the
anomalous sound. Considering the fan’s low AUC values, it
can be inferred that obtaining appropriate difference captions
for machine types with low AUC values is difficult.

V. CONCLUSION

In this paper, we proposed a method for jointly conducting
UASD and difference captioning without paired data of normal
and anomalous sounds for training based on CLAP embedding.
The use of CLAP embedding confirmed that UASD is possible
with high performance. In addition, results indicated that
the RAG-based method for difference-caption generation can
generate captions that match why the samples are detected as
anomalous to some extent.
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