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Abstract
Techniques for discrete audio representation, which convert an
audio signal into a sequence of audio tokens using neural audio
codecs or self-supervised speech models, have gained attention
for offering the possibility of modeling audio with large lan-
guage models (LM) efficiently. While these audio tokens have
been studied in various domains (e.g., speech, music, and gen-
eral sound), their encoding properties across domains remain
unclear. This paper examines several audio token types to an-
alyze cross-domain variations. Our major findings include that
audio tokens exhibit consistent statistical structures and proba-
bilistic predictability deduced from rank-frequency distribution
and perplexity, regardless of the domain. However, the token
usage pattern is somewhat domain-dependent. This result un-
derpins the steady success of the versatile audio LM, while also
suggesting that domain-aware LM could further optimize per-
formance by better capturing domain-specific token usage dis-
tributions.
Index Terms: speech, music, audio, neural audio codec, self-
supervised learning, acoustic token, semantic token

1. Introduction
Recent audio-processing models have increasingly shifted to-
wards using learned features as inputs, rather than relying on
hand-crafted features (e.g., log mel-filterbank outputs) [1, 2].
In particular, the discretized representation of audio waveforms
(hereinafter, audio tokens) has garnered significant interest re-
cently [2–8]. Indeed, audio tokens can serve as an efficient gate-
way to language models (LMs), bridging the audio-text modal-
ity gap as well as improving efficiency in transmission, data
storage, and training cost.

Audio tokens can be broadly categorized into two groups:
acoustic tokens and semantic tokens [9]. Acoustic tokens re-
fer to general-purpose codes produced by neural audio codecs
(NACs) [2,10–12], which are designed to compress audio wave-
forms across various domains, including speech, music, and
general sound event (hereafter referred simply to as sound).
These NAC models typically use an encoder-decoder architec-
ture with residual vector quantization (RVQ), which consists of
multi-level codebooks, trained with a reconstruction loss. On
the other hand, semantic tokens are derived from discretized
representation obtained by clustering hidden vectors from self-
supervised learning (SSL) speech models [1,13,14], which typ-
ically consist of multi-layer Transformer blocks trained with
a masked prediction task. Although speech SSL models were
originally developed for speech-processing tasks, several stud-
ies have explored their applicability in other domains [7, 15].

Despite rapid progress in audio tokens, a fundamental un-
derstanding of their properties and domain-specific statistical
and structural variations remains limited. Since audio tokens

function as a universal representation across different domains
(speech [16, 17], music [18, 19], and sound [20, 21]), their
widespread applicability raises fundamental questions: how do
their statistical and structural properties vary across domains?
and why can music and sound be treated similarly to speech,
given that their temporal structures do not convey the same lin-
guistic meaning?

While some versatile audio LMs [22] have demonstrated
steady success, suggesting at a high level that similar modeling
mechanisms can be applied across domains, to the best of our
knowledge, this has not been systematically validated through a
lower-level analysis of the statistical properties of tokens across
domains. A better understanding of domain variations would
provide insights into whether a domain-aware audio LM or au-
dio tokenization should be given consideration. Conversely, if
different domains complement each other, this synergy could
lead to cross-domain generalization and potential performance
improvements, similar to those observed in multilingual mod-
els [23].

To address these questions, we conduct a comprehensive
analysis of audio token properties using frameworks widely
employed in natural language processing, under controlled and
standardized experimental conditions with ESPnet-Codec [24].
First, to elucidate fundamental statistical patterns across differ-
ent domains, we examine rank-frequency distributions of au-
dio tokens. While a previous study investigated Zipf’s law for
semantic tokens based on a speech dataset and demonstrated
that these tokens follow a power law [25], it remains unclear
whether similar statistical patterns hold for audio tokens in dif-
ferent domains. Next, to assess the predictability of audio to-
kens, we compute the perplexity (PPL) at the codebook or layer
levels. Since non-speech audio may not inherently exhibit the
structured linguistic patterns observed in speech, this raises the
question of the extent to which these differences exist and how
unpredictable their patterns are. Subsequently, to investigate
how token usage distributions contribute to the observed vari-
ations in PPL, we conduct a more detailed analysis of token
usage patterns using the cosine similarity of term frequency-
inverse document frequency (TF-IDF) representations.

Our major findings are as follows: (1) As inferred from
Zipf’s law and PPL evaluations, statistical patterns and pre-
dictability indicate that domain differences are minor, with sim-
ilar patterns emerging not only for speech but also for music and
sound. (2) While the above analysis shows minor differences,
a closer look at token usage reveals distributional differences
across domains. (3) Based on these observations, the token us-
age vector computed using TF-IDF differs across domains, par-
ticularly in the 1st codebook of RVQ for acoustic tokens, sug-
gesting that this classical method could potentially be applied
for domain classification in an unsupervised manner.
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(c) Phoneme
Figure 1: Rank vs. frequency of text symbols in the LibriTTS
test-clean set [33]. N denotes the N-gram order. Each
black dashed line shows a linear least-squares regression fit.

2. Related work
Some studies [26–29] have investigated the relationship be-
tween semantic tokens and phonetic or linguistic information.
A previous study [30] demonstrated the information complete-
ness and accessibility of semantic tokens before and after RVQ,
showing that speaker and phonetic information is sufficiently
present in both deep and shallow layers. Another study [31]
evaluated EnCodec [11] with different numbers of codebooks
in speech-processing tasks and demonstrated that tokenization
behaves like a low-pass filter through the analysis of resynthe-
sized speech. A separate study [32] used an N-gram LM with
semantic tokens to extract acoustically similar subsets of pre-
training speech data relative to a target speech corpus, effec-
tively reducing SSL costs. Furthermore, through benchmark
evaluations [4–6,24], we can determine the effectiveness of au-
dio tokens. In contrast, this paper focuses on the fundamental
characteristics across different domains, rather than focusing on
a single domain or higher-level performance evaluations.

3. Analysis methodology
In this paper, we apply fundamental methodologies—Zipf’s
law, PPL, and TF-IDF-based cosine similarity—to analyze dif-
ferences in audio token characteristics across domains.

Zipf’s law: A dataset is said to follow a power law if
each item’s rank r and frequency f(r) satisfy f(r) ∝ r−α.
It is commonly observed in natural language that a few words
appear very frequently while many words appear rarely, lead-
ing to Zipf’s law with α ≈ 1, which is a special case of
a power-law distribution. For example, the log-log plot of
word rank-frequency distribution on the test-clean portion
of LibriTTS [33] exhibits a linear relationship with α ≈ 1
(Fig. 1(a)). Similarly, we can also observe a power-law dis-
tribution for characters with N = 6 and for phonemes with
N = 7, as shown in Figs. 1(b) and 1(c), respectively. Note
that those values correspond to the average number of charac-
ters and phonemes per word in the dataset. These distributions
suggest that individual characters, phonemes, or their N-grams
with low N are subject to weaker or no syntactic and semantic
constraints, resulting in less bias in their occurrences and a more
uniform distribution. In contrast, N-grams appear with dispro-
portionately high frequencies due to stronger constraints, lead-
ing to a heavy-tailed distribution. We use this empirical prin-
ciple to investigate whether the fundamental statistical distribu-
tions in the music or audio domains resemble those observed
in the text/speech domain [25], where the N-gram distribution
of semantic tokens exhibits a power-law behavior. If a simi-
lar distribution emerges, token sequences (N-grams) may rep-
resent meaningful units governed by specific constraints, such
as chords and notes in music [34]. This insight could help de-
termine the appropriate context size for efficiently processing
audio data across domains.

Perplexity: PPL is a measure of uncertainty in a probabilis-
tic model, commonly used in language modeling. It quantifies

how well a probability distribution predicts a given sequence.
Lower PPL indicates better predictive performance. Mathemat-
ically, given a model m, PPL P (m) is related to cross-entropy
(CE) H(m) as: H(m) = logP (m). We use this measure to
investigate how similarly predictable the music and audio do-
mains are compared to the speech domain. Note that this study
employs an N-gram LM with Kneser-Ney smoothing, trained
and evaluated in terms of PPL using the KenLM toolkit [35].

Cosine similarity based on TF-IDF: TF-IDF is defined as
the product of TF and IDF. TF measures how often a symbol ap-
pears in a dataset, while IDF downweights commonly occurring
symbols across datasets. TF-IDF converts symbol sequences
into feature vectors: Consequently, it enables similarity analysis
across domains using cosine similarity between feature vectors.
In this paper, we apply it to audio tokens to examine whether
the same or different tokens are used across domains. Specifi-
cally, we compute TF-IDF across all three domains to mitigate
the influence of frequently occurring tokens (e.g., silent inter-
vals) and compare the cosine similarities between each pair of
domains.

4. Experimental setup
4.1. Dataset
We used 960 hours of audio from three domains, speech, music,
and sound, to train the N-gram LM and its subset to generate
semantic tokens via k-means clustering. For speech, we used
the training set of LibriSpeech [36]. For music, we used the
training set of MUSDB18 [37], augmenting it with randomly
selected samples from MTG-Jamendo [38]. Each music track in
MUSDB18 and MTG-Jamendo was chunked into 10 seconds to
align with the other datasets. For sound, we combined the entire
balanced training set of AudioSet [39] with randomly
selected excerpts from the unbalanced training set. For
AudioSet, we excluded samples labeled as speech or music to
maintain a clear distinction from the speech and music domains.
We also used these datasets in three domains to compute the
rank-frequency distribution for each domain.

For PPL and TF-IDF analyses, we randomly selected up to
1,000 samples per domain. Specifically, we used samples from
the test-clean subset of LibriTTS [33] for speech, the test
set of MUSDB18 [37] for music, and the evaluation set of Au-
dioSet [39] for sound. These samples were also used to analyze
token usage distribution, as discussed in Section 5.2.

4.2. Models for audio token
For semantic token extraction, we used HuBERT BASE [13]
trained on LibriSpeech [36] sampled at 16 kHz.1 To discretize
features extracted using pre-trained HuBERT to form semantic
tokens, we constructed a codebook of 1,024 codewords using
k-means clustering with k = 1024. For clustering, we sam-
pled 3.33% of the training data from each domain, resulting in
approx. 96 hours in total–a size comparable to that used in Hu-
BERT pre-training [13]. The sequential repetitions of semantic
tokens were removed as in the previous research [3]. Other pro-
cedures for generating semantic tokens followed ESPnet [40].

We used the pre-trained models provided by ESPnet-
Codec [24] for acoustic tokens to maintain consistency in train-
ing data and ensure fair comparisons. Specifically, we used En-
codec [11], and Descript Audio Codec (DAC) [12] as the NAC
models2, each trained on either LibriTTS [33] (only speech) or

1We internally evaluated WavLM Base/Base+ [14], and obtained a
similar trend to HuBERT, so we report only the results of HuBERT.

2We also evaluated SoundStream [10], showing the same trend.
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AMUSE [24] (all three domains). Since this study aims to ana-
lyze the characteristics of these off-the-shelf models and fairly
compare them with semantic tokens, all NAC models accept 16
kHz audio.3 All NAC models comprised 32 codebooks based on
RVQ, each containing 1,024 entries of 512-dimensional vectors.
Note that all the semantic and acoustic tokens were generated
in frames of 25ms context with a 20ms shift.

5. Experimental results
5.1. Do tokens follow Zipf’s law in non-speech domains?
First, to assess Zipf’s law in semantic tokens, we plot token
frequency against rank in Fig. 2. We analyzed tokens derived
from the output from HuBERT’s convolutional encoder as well
as the 6th and 12th Transformer blocks. Tokens from the 6th
Transformer block follow a power law as reported in the pre-
vious study [25], and we further found that tokens from the
convolutional encoder and the 12th Transformer block exhibit
a similar trend, as shown in Fig. 2(a). This suggests that even
shallow layers can capture meaningful units in N-grams, which
supports the previous findings that discrete units derived from
lower-layer features achieved reasonable error rates in phoneme
recognition [30]. We also found a similar trend for tokens ex-
tracted from music and sound, both of which exhibit a distinct
power-law distribution for N ≥ 4 as in Figs. 2(b) and 2(c). This
indicates that short-time token chunks may serve as word-like
meaningful units, e.g., chords or notes in the music domain [34].

We also performed a similar analysis using acoustic tokens
obtained from the 1st codebook. As shown in Fig. 3, they fol-
lowed a power-law distribution, or one approximating Zipf’s
law, when N ≥ 4 across all domains and models. This trend
remains consistent even for much larger N-gram orders, such
as N = 24, which can be attributed to the absence of de-
duplication in acoustic tokens, unlike semantic tokens. Since
acoustic tokens would directly represent the waveform on a
frame-by-frame basis, they reflect the inherent stationarity and
redundancy of audio signals, preserving the power-law trend
even at large N . For example, a prior study using hand-crafted
spectral-based tokens [41] found that the occurrence of each
frequency bin follows Zipf’s law, suggesting that similar char-
acteristics might also exist in the NAC model, albeit at a lower
bitrate. In fact, we further analyze the input waveforms corre-
sponding to high-rank N-gram sequences and found that these
N-grams were primarily associated with silences between vo-
calizations4 in speech, basic drum sounds in music, and low-
frequency hum in sound.

5.2. How predictable are tokens in non-speech domains?
Figs. 4 and 5 show the PPL values of semantic and acoustic to-
kens for each layer and codebook level, respectively. In both
figures, the top-left panel illustrates the PPL values computed
from the speech dataset, and the rest panels present the normal-
ized values, defined as the difference of CE between N-grams
and unigrams, to emphasize sequential predictability over mere
frequency-based predictability. Consequently, if the PPL value
of an N-gram LM is lower than that of a unigram LM, the nor-
malized value is high and reaches zero when the PPL values are
equal. According to the results, semantic tokens in all layers
and acoustic tokens at the 5th and shallower codebook levels

3Publicly available at https://huggingface.co/espnet/
{amuse,libritts}_{encodec,dac}_16k.

4Different token indices (e.g., 1022, 730, 200, or 297 for DAC-
AMUSE) redundantly map to similar silence waveforms, making high-
rank N-grams primarily associated with silence in the speech domain.
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Figure 2: Rank vs. frequency of semantic tokens from HuBERT
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Figure 3: Rank vs. frequency of acoustic token of 1st codebook

exhibit lower PPL for N-grams than for unigrams. This trend is
consistent across all three domains, indicating the existence of
short-range dependencies and structured patterns in token se-
quences. This is expected in the speech domain, whereas we
reveal that a similar trend appears in other domains, which may
explain the effectiveness of multi-domain LLMs [22]. Notably,
even semantic tokens (Fig. 4), which are exclusively trained on
speech datasets, become more predictable when leveraging N-
gram context than in the unigram setting, supporting the appli-
cability of speech SSL models to the music domain [7, 15].

To explore the factors behind the PPL trends, we also
present the token usage patterns in Figs. 6 and 7. They show
token frequency as a function of token indices, where tokens
are sorted by frequency within each layer or codebook. In
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Figure 4: PPL of semantic token from HuBERT
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Figure 5: PPL of acoustic token from DAC-AMUSE

Fig. 6, the top 512 semantic token indices in the speech do-
main are highlighted in red, while the remaining indices are
shown in blue. This figure indicates that the music and audio
domains utilize not only domain-specific tokens but also tokens
frequently used in the speech domain, increasing the difficulty
of sequence prediction and resulting in lower normalized CE
values in Fig. 4. Note that the usage distribution shows little
variation across layers, resulting in plots with a consistent pat-
tern and minimal dispersion.

For acoustic tokens, Fig. 7 illustrates the token usage pat-
terns, where the lines progressively thin from the 1st-level code-
book to the final level. To enhance the visibility of early-level
transitions, a power-law normalization is applied to the color
gradient. Each column represents a different NAC model, while
each row corresponds to a different domain. As shown in Fig. 7,
token usage changes as the codebook levels of RVQ increase: it
starts with moderate diversity, reaches its peak, and finally con-
verges to a small set of specific tokens across domains. This
pattern aligns with the emergence of a PPL peak around the 5th
codebook level and a gradual decrease in PPL differences be-
tween unigrams and N-grams as the codebook levels approach
their final stages. We also confirm that DAC exhibits more di-
verse token usage than Encodec, consistent with the findings of
the original DAC paper [12], which introduced a technique to
enhance token usage. In AMUSE-trained models, the 1st code-
book demonstrates distinct usage patterns, while usage in subse-
quent codebooks becomes nearly identical across domains. This
suggests that the 1st codebook serves as the primary source of
domain differences. Conversely, in models trained on LibriTTS,
evaluation in non-speech domains would result in larger resid-
ual components from earlier codebooks, leading to more diverse
utilization in later codebooks.5

5.3. How do frequency patterns differ across domains?

As discussed in Section 5.2, we observe domain differences
in token usage for semantic and acoustic tokens, with the lat-

5Note that the internal evaluation of Encodec at 24 kHz showed
greater token diversity than at 16 kHz, suggesting higher sampling rates
require more complex codebook representations.
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Figure 8: Cosine similarity of TF-IDF

ter showing notable variations, particularly at the 1st codebook
level. To quantitatively capture these differences, we present a
visualization of the cosine similarity of TF-IDF vectors at each
layer or codebook level in Fig. 8. As shown in Fig. 8(a), the sim-
ilarity for the semantic tokens is low between speech and other
domains but high between music and audio across all layers,
consistent with token usage in Fig. 6. In Fig. 8(b) and 8(c), the
similarities show significant variation across domains at the 1st
codebook level, but little to none at higher levels, aligning with
Fig. 7 and indicating that residual components are minimally
related to domains. These results imply that the 1st codebook
level should be carefully handled when using tokens, such as
in VALL-E [16]. Furthermore, this metric could be applied to
fully unsupervised domain clustering or information retrieval in
future research.

6. Conclusion
This paper provides an analysis for a deeper understanding of
the nature of audio tokens across different domains. The results
demonstrate that similar statistical and predictable sequence
patterns are observed not only in speech but also in music and
audio, while codeword usage varies across domains. We hope
that these results will contribute to the development of more
efficient audio tokens and the advancement of versatile audio
language models.
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