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Abstract

Neural audio codecs are increasingly used to
encode speech for integration with large lan-
guage models. This paper investigates the
phonetic representations in the first codebook
(CB0) of the Mimi codec. ABX-style evalu-
ation is poorly suited to Mimi’s fixed 80 ms
tokenization window, which often spans mul-
tiple phonemes; we instead use forced align-
ment, entropy analysis, and Phone-Normalized
Mutual Information (PNMI). Using TIMIT
speech (58/55 speakers, SA1/SA2), individ-
ual tokens are strongly associated with spe-
cific phonemes (PNMI = 0.84, 3.8× above
random), yet phonemes are realized by multiple
competing tokens rather than a one-to-one map-
ping. A permutation test confirms token dis-
tributions differ significantly across sentences
(JSD = 0.61 vs. null = 0.14). PNMI analysis
across all eight codebooks shows phonological
information is distributed throughout the RVQ
hierarchy, suggesting CB0 implements a con-
text sensitive allophonic encoding rather than a
stable phoneme inventory.

1 Introduction

Neural audio codecs (NACs) have emerged as a
fundamental component of recent spoken language
systems, providing a discrete interface between
continuous speech signals and large language mod-
els. Architectures such as SoundStream (Zeghidour
et al., 2021), EnCodec (Défossez et al., 2022), and
Mimi (Défossez et al., 2024) compress speech into
sequences of discrete tokens while preserving per-
ceptual quality. These representations are increas-
ingly employed not only for compression, but also
as inputs to speech generation and conversational
systems. Despite their widespread use, the linguis-
tic content encoded by these discrete units remains
poorly understood.

Recent surveys have highlighted the unresolved
question of whether codec tokens correspond to
interpretable linguistic units such as phonemes,

subphonemic realizations, prosodic patterns, or
broader semantic structures (Cui et al., 2025;
Mousavi et al., 2025; Ye et al., 2025). Existing
evaluations have frequently relied on ABX-style
discrimination tasks inherited from self-supervised
speech representation learning. However, these
methods implicitly assume that the underlying rep-
resentations can be localized to short segment-sized
events. This assumption is difficult to reconcile
with neural codecs such as Mimi, whose tokens
correspond to fixed 80ms frames of speech and can
therefore span multiple phonetic events. Rather
than treating codec tokens as isolated segmental
representations, we adopt a distributional perspec-
tive that examines their statistical relationship with
phonetic categories while explicitly accounting for
token–phoneme overlap. Mimi employs residual
vector quantization with eight codebooks operat-
ing at a frame rate of 12.5 frames per second (Dé-
fossez et al., 2024). Figure 1 provides a simpli-
fied overview of the Mimi encoding and decod-
ing process. The Mimi developers suggest that
the first codebook captures relatively high-level in-
formation related to semantic content, while the
remaining codebooks contribute complementary
information required for faithful speech reconstruc-
tion. However, the precise representational role
of this initial codebook remains unclear. Does it
behave as a stable inventory of phoneme-like units,
or does it instead preserve finer contextual varia-
tion within phonemic categories? This question
motivates the analyses presented in this work.

To address this question, we analyze the first
Mimi codebook using an entropy-based prob-
ing framework inspired by posteriorgram analy-
ses (Churchwell et al., 2024) and by the bidirec-
tional token–phoneme methodology introduced for
SpeechTokenizer (Zhang et al., 2024). We char-
acterize the asymmetry of token–phoneme asso-
ciations, investigate the stability of a token fam-
ily across sentences using a phoneme-conditioned
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Figure 1: A schematic representation of the Mimi
encoding-decoding pipeline

permutation test, and evaluate the effect of ma-
nipulating the first codebook through controlled
interventions. Using speech from the TIMIT cor-
pus (Garofolo et al., 1993), we show that although
individual tokens exhibit strong preferences for spe-
cific phonetic categories, phonemes themselves are
realized through distributed and context-sensitive
token families. These findings suggest that the first
Mimi codebook is not a simple phoneme inven-
tory but instead captures richer acoustic structure
relevant to speech reconstruction.

2 Previous Research

2.1 Neural Audio Codecs

Neural audio codecs (NACs) transform continuous
speech signals into sequences of discrete tokens,
providing an efficient interface between speech
and transformer-based architectures. SoundStream
(Zeghidour et al., 2021) introduced residual vector
quantization (RVQ), in which successive quantiz-
ers encode the residual information left by preced-
ing stages, enabling low-bitrate compression while
preserving perceptual quality. EnCodec (Défos-
sez et al., 2022) further improved this paradigm
through adversarial training and multi-band pro-
cessing, demonstrating that discrete audio repre-
sentations can support high-quality speech recon-
struction.

More recently, NACs have evolved from com-
pression systems into speech tokenizers for spo-
ken language models (Borsos et al., 2023; Jiang
et al., 2024; Li et al., 2025). In these systems,
codec tokens serve as the intermediate representa-
tion through which speech is processed by down-
stream models. Consequently, the properties of
these tokens directly influence which aspects of the
speech signal are preserved and made accessible to
subsequent stages of processing. Despite their in-
creasing importance, the linguistic interpretation of

codec tokens remains poorly understood. Do they
correspond to phonemes, finer-grained subphone-
mic realizations, prosodic events, or combinations
of multiple representational levels? Addressing
this question is essential for understanding the ca-
pabilities and limitations of contemporary spoken
language systems.

2.2 Previous Research on Mimi
Mimi is a recent neural audio codec based on
residual vector quantization (RVQ) that produces
eight codebooks at a frame rate of 12.5,Hz, corre-
sponding to fixed 80ms segments of speech (Dé-
fossez et al., 2024). The architecture achieves
high compression while preserving the perceptual
quality of reconstructed speech, making it suitable
for contemporary spoken language systems. In
the original description of Mimi, the first code-
book (codebook_0) is presented as carrying the
most semantically relevant information through
distillation from the self-supervised speech model
WavLM (Chen et al., 2022). In this context, “se-
mantic” does not refer strictly to lexical meaning,
but rather to representations expected to remain
more stable across acoustic variation and to fa-
cilitate language-model prediction over token se-
quences. The remaining codebooks contribute com-
plementary acoustic information required for accu-
rate waveform reconstruction.

Despite the growing adoption of Mimi, the rep-
resentational status of its discrete units remains
largely unexplored. In particular, it is unclear
whether tokens from the first codebook correspond
to stable phoneme-like categories, finer-grained
subphonemic realizations, or broader context-
dependent patterns of speech organization. Recent
discussions of codec-based spoken language mod-
els have highlighted the importance of the underly-
ing discrete representation for downstream perfor-
mance (Ye et al., 2025), yet they have not provided
a detailed phonetic analysis of Mimi’s token se-
quences. (Ballier et al., 2026) argued that Mimi’s
last seven codebooks partially encoded prosodic
features such as pitch, but, to our knowledge, no
previous work has systematically investigated the
token–phoneme organization of Mimi’s first code-
book using distributional probing and controlled
interventions. This gap motivates the present study.

2.3 The SpeechTokenizer Method
SpeechTokenizer is a neural speech tokenizer based
on residual vector quantization that learns hierarchi-



cal discrete representations of speech (Zhang et al.,
2024). Through a series of analyses, Zhang et al.
investigated the linguistic content of the learned
codebooks and reported that the first quantization
layer captured a substantial portion of the phonetic
information present in the signal.

Of particular relevance to the present work is
the Codebook Analysis procedure introduced in
Appendix F of SpeechTokenizer. This analysis
combines forced phonetic alignments with token se-
quences to estimate statistical associations between
discrete units and phoneme categories. By exam-
ining conditional token–phoneme distributions de-
rived from token–phoneme co-occurrence statis-
tics, the method provides a framework for evalu-
ating whether discrete codec representations ex-
hibit phonetic organization. SpeechTokenizer fur-
ther visualizes these associations using probability
heatmaps and reports Phone-Normalized Mutual
Information (PNMI) as a global measure of corre-
spondence between tokens and phonemes. In the
present study, we adopt the distributional perspec-
tive introduced by this analysis while extending it
to investigate entropy asymmetries, token-family
structure, cross-sentence stability, and controlled
interventions within Mimi’s first codebook.

2.4 Limitations of ABX Evaluation for
Fixed-Frame Codecs

ABX discrimination tasks assess whether a rep-
resentation system can distinguish between two
phonetic categories A and B given a third stimulus
X drawn from one of the two categories (Schatz,
2016). Applied to speech representations, ABX
assumes that the unit being evaluated corresponds
approximately to a segment-sized phonetic event: a
single phoneme or a short acoustic window aligned
with it. This assumption holds reasonably well for
frame-level representations such as HuBERT (Hsu
et al., 2021) or wav2vec 2.0 (Baevski et al., 2020),
which operate at windows of 20–40 ms and can
be aligned with individual phonemes in controlled
minimal-pair stimuli.

Mimi, however, operates at a fixed frame rate
of 12.5 Hz, producing one token every 80 ms. At
this temporal granularity, a single token routinely
spans multiple phonemes: for example, the mean
phoneme duration in our TIMIT subset is 81.6 ms
for SA1 and 73.9 ms for SA2, with standard devi-
ations exceeding 45 ms in both cases. As a result,
the token corresponding to a target phoneme in an
ABX trial will systematically also contain acous-

tic information from neighbouring segments. The
ABX score therefore reflects not only the phonetic
category of interest but also its phonetic context,
making it impossible to isolate the contribution
of the target phoneme from coarticulatory effects.
This confound is not incidental: it is a direct con-
sequence of the 80 ms tokenization window, and it
affects all ABX evaluations of Mimi uniformly.

Posteriorgram-based probing avoids this con-
found by operating at the level of statistical distribu-
tions rather than individual stimulus comparisons.
A phonetic posteriorgram assigns to each time
frame a probability vector over the full phoneme
inventory, derived from a separately trained acous-
tic model (Churchwell et al., 2024). Rather than
asking whether two tokens are discriminable in
a pairwise sense, we ask what phoneme distribu-
tion a given token is statistically associated with
across many speakers and contexts. This distri-
butional framing is robust to the 80 ms window
because it does not require precise phoneme bound-
ary alignment: overlapping phoneme contributions
are averaged out across the many token–phoneme
co-occurrences. The result is a principled measure
of token–phoneme association that is not artificially
inflated or deflated by the temporal granularity of
the codec.

3 Methodology

3.1 Data

Our analysis relies on the TIMIT corpus (Garofolo
et al., 1993), a widely used benchmark for phonetic
research containing read English speech from 630
speakers across eight dialect regions of the United
States. To enable controlled cross-speaker compar-
isons, we restrict our analysis to the two sentences
read by all speakers (SA1 and SA2), which cover a
broad range of English phonetic contexts, including
stressed vowels, liquids, stops, and fricatives.

Since Mimi operates at a fixed frame rate of 12.5
Hz (one token every 80 ms), utterance duration di-
rectly determines the number of tokens produced.
We first examined the distribution of frame counts
across all 630 speakers for each sentence (see Fig-
ure 2). To ensure strict positional comparability
across speakers — a prerequisite for computing
cross-speaker token distributions at aligned tempo-
ral positions — we retained only utterances whose
token sequence length matched the modal frame
count: 42 frames for SA1 and 35 frames for SA2.
This yielded 58 speakers for SA1 and 55 speakers



for SA2.
This filtering strategy reduces alignment ambi-

guity but introduces a selection effect: speakers
whose speech rate deviates from the modal duration
are excluded. To assess the sensitivity of our results
to this choice, we verified that the modal counts
(42 and 35) correspond to the most frequent frame
lengths by a substantial margin (see Figure 2), and
that the excluded speakers do not cluster system-
atically by dialect region or gender. We therefore
treat the modal-length subsets as representative of
the broader speaker population, while acknowledg-
ing that replication on larger sentence sets would
strengthen this claim.

Phoneme boundaries were obtained using the
Montreal Forced Aligner (McAuliffe et al., 2017),
producing phone-level time intervals that were sub-
sequently mapped onto Mimi token indices by max-
imum overlap assignment: each token was labelled
with the phoneme occupying the largest proportion
of its 80 ms window. The resulting dataset links
each token occurrence to its speaker, utterance,
temporal position, token identifier, and aligned
phoneme label, providing the basis for all distri-
butional analyses reported in Section 4.

3.2 Token Manipulation and Resynthesis
Validation

To complement the distributional analyses, we
conducted a series of controlled interventions on
Mimi’s discrete representations prior to waveform
reconstruction. Speech signals from the TIMIT
corpus (Garofolo et al., 1993) were encoded using
Mimi, yielding eight parallel codebook streams.
Modified token sequences were then decoded back
into waveforms for analysis.

Two forms of intervention were considered.
First, exploratory single-frame token substitutions
were performed to qualitatively assess the local
sensitivity of the reconstruction process to individ-
ual token changes. Second, a global replacement
condition was applied in which all tokens from a se-
lected codebook were replaced by a constant token
value throughout the utterance. This intervention
provides a stronger perturbation of the encoded rep-
resentation and forms the basis of the quantitative
evaluation reported in Section 4.5.

To assess the linguistic consequences of these
manipulations, reconstructed waveforms were tran-
scribed using a pretrained wav2vec 2.0 automatic
speech recognition (ASR) system (Baevski et al.,
2020). Word Error Rate (WER) was then computed

between the reference transcripts and ASR outputs.
Unlike perceptual inspection alone, WER provides
an objective measure of the extent to which linguis-
tic information is preserved following codebook
manipulation (Ali and Renals, 2018).

3.3 Forced Alignment
To relate Mimi tokens to phonetic categories,
we align discrete token sequences with phone-
level transcriptions obtained through forced align-
ment. Phonetic boundaries are generated using
the Montreal Forced Aligner (MFA), which pro-
duces time-aligned phoneme intervals for each ut-
terance (McAuliffe et al., 2017). Phoneme dura-
tions derived from MFA alignments exhibited sub-
stantial variability across speakers and contexts.
For SA1, the mean phoneme duration was 81.6 ms
(median 80.0 ms), while for SA2 it was 73.9 ms
(median 60.0 ms). Although these values are com-
parable to Mimi’s fixed token duration of 80 ms,
the large observed variability (standard deviations
of 48.5 ms and 47.6 ms, respectively) implies that
token and phoneme boundaries do not consistently
coincide. We therefore employ an overlap-based
token–phoneme assignment procedure rather than
assuming a one-to-one correspondence between
tokens and phonemes.

Because Mimi operates at a fixed frame rate of
12.5 Hz, each token corresponds to an 80 ms in-
terval. For every token, we compute its temporal
overlap with the MFA phoneme intervals and as-
sign the phoneme occupying the largest proportion
of the token duration. This procedure produces a
token–phoneme alignment table linking each token
occurrence to an aligned phonetic category. The
resulting dataset contains token identity, token posi-
tion, speaker metadata, utterance information, and
aligned phoneme labels.

4 Results

4.1 Duration and Token Distribution Across
Speakers

To assess cross-speaker stability of the first code-
book, we compute the entropy of token assign-
ments at each temporal position across speakers
within the modal-length subsets (58 speakers for
SA1, 55 speakers for SA2):

H(X) = −
∑
i

p(xi) log2 p(xi)

where p(xi) denotes the probability of observing
token xi at a given frame position. Mean entropy
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Figure 2: Distribution of Mimi token frames (80 ms each) in TIMIT SA1/SA2 across speakers. The modal counts
(42 for SA1, 35 for SA2) are indicated by the tallest bar in each histogram.

is 3.79 bits for SA1 and 4.30 bits for SA2, substan-
tially below the theoretical maximum of 11 bits for
a 2,048-token codebook. This suggests that token
assignments are structured across speakers at corre-
sponding temporal positions, rather than uniformly
distributed.

We note, however, that entropy alone is insuffi-
cient to determine whether this structure reflects
genuine phonetic organization, since a codec opti-
mised for compression is expected by design to dis-
tribute token usage broadly across the codebook. A
direct measure of token–phoneme correspondence,
independent of this compression objective, is pro-
vided by the PNMI analysis reported in Section 4.5,
which confirms that the observed structure is sub-
stantially above what would be expected under ran-
dom token assignment.

4.2 Token–Phoneme Alignment under
Controlled Temporal Conditions

Using Montreal Forced Aligner phone boundaries
aligned to the first codebook tokens (modal-length
subsets: 58 speakers for SA1, 55 for SA2), we com-
puted the conditional distribution P (phoneme |
token), token entropy, and dominant phoneme
probability. The results show very low entropy
values: 0.31 bits for SA1 and 0.33 bits for SA2,
substantially below the theoretical maximum of 11
bits for a 2,048-token codebook. The mean domi-
nant phoneme probability is approximately 0.89 in
both cases, indicating that most tokens are strongly
associated with a single phoneme. More than 170
tokens exhibit a dominant probability above 0.6,
and nearly 200 tokens have entropy below 2 bits.

These findings suggest that the first codebook

tokens exhibit highly concentrated phoneme distri-
butions across speakers. We note that low entropy
of P (phoneme | token) is not trivially expected
from compression design: a codec optimised to
spread usage uniformly across 2,048 tokens would
produce high token entropy, not low phoneme en-
tropy conditional on each token. The PNMI base-
line reported in Section 4.5 further confirms that
this concentration exceeds what would be expected
under random token assignment (3.8× and 2.9×
above chance for SA1 and SA2 respectively). Al-
though the association is not strictly one-to-one, the
low entropy values indicate that most tokens are
reliably dominated by a single phonetic category.

4.3 Phoneme–Token Alignment

To evaluate whether each phoneme is associated
with a dedicated set of tokens, we computed the
conditional distribution P (token | phoneme) for
the controlled SA1 and SA2 subsets. In contrast to
the low entropy observed in the reverse direction,
phoneme entropy is substantially higher: 2.58 bits
for SA1 and 2.63 bits for SA2. The mean dom-
inant token probability is approximately 0.39 in
both cases, and only a small number of phonemes
exhibit a dominant token probability above 0.6.

These results indicate a strong asymmetry in the
token–phoneme mapping (see Figure 3a). While in-
dividual tokens are highly consistent with specific
phonemes, individual phonemes are realized by
multiple competing tokens. Given the ratio of 2,048
tokens to approximately 25 observed phonemes in
our data, some degree of P (token | phoneme) en-
tropy is expected by construction: each phoneme
could in principle be realized by up to 2048/25 ≈
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Figure 3: Token variability in Mimi’s first codebook
across TIMIT SA1 and SA2

82 tokens under uniform assignment. The ob-
served entropy values of 2.58 and 2.63 bits cor-
respond to effective vocabulary sizes of approxi-
mately 22.58 ≈ 6 and 22.63 ≈ 6 competing tokens
per phoneme on average, substantially fewer than
the 82 that would be expected under uniform dis-
tribution, indicating that the competition is concen-
trated rather than random. This pattern is consistent
with an allophonic encoding in which contextual
variants of a phoneme are captured by distinct but
related tokens, rather than a minimal phoneme-
level discretization.

4.4 Cross-sentence stability of token families
To determine whether the observed cross-sentence
variability could be explained by finite sampling,
we conducted a phoneme-conditioned permutation
test. For each phoneme occurring in both SA1
and SA2, we computed the token distributions con-
ditioned on that phoneme in each sentence and
quantified their similarity using Jensen–Shannon
divergence (JSD).

A potential criticism of this comparison is that

Table 1: Permutation test results.

Phon. Obs. Null 95% p
G 0.693 0.166 0.214 .001
IY0 0.693 0.089 0.130 .001
IH0 0.693 0.213 0.282 .001
S 0.693 0.108 0.137 .001
R 0.689 0.057 0.077 .001
K 0.668 0.114 0.150 .001
AE1 0.668 0.122 0.153 .001
T 0.626 0.191 0.250 .001
OW0 0.284 0.214 0.286 .179
Z 0.187 0.101 0.149 .034

differences between SA1 and SA2 may simply
arise from limited sample sizes. To address this
possibility, we constructed an empirical null distri-
bution. For each phoneme, all token observations
from the two sentences were pooled and randomly
repartitioned into groups matching the original sam-
ple sizes. JSD was then recomputed on the per-
muted samples. This procedure was repeated 1,000
times to estimate the divergence expected under the
null hypothesis that both sentences were generated
from the same underlying token distribution.

The observed divergences substantially ex-
ceeded the permutation baseline. The mean ob-
served JSD across the 15 phonemes shared by both
sentences was 0.61, whereas the mean permuta-
tion JSD was only 0.14. Fourteen of the fifteen
phonemes exhibited significant divergence under
the empirical null hypothesis (p < 0.05), and all re-
mained significant after Benjamini–Hochberg cor-
rection for multiple comparisons.

Several phonemes, including /G/, /IY/, /IH/, /S/,
and /R/, exhibited JSD values approaching the theo-
retical maximum of ln 2, indicating an almost com-
plete redistribution of token families across the
two sentences. These findings demonstrate that the
instability of token families cannot be explained
solely by finite-sampling variability. Instead, the
first Mimi codebook appears to encode information
extending beyond broad phonemic identity, pre-
serving fine-grained aspects of speech realization
that vary across sentence contexts.

4.5 PNMI Analysis

Following (Zhang et al., 2024), we compute PNMI
as PNMI = I(token; phoneme)/H(phoneme),
where higher values indicate stronger token–
phoneme correspondence. Restricting to modal-
length subsets (42 frames for SA1, n = 58; 35
frames for SA2, n = 55), Mimi’s first codebook
achieves PNMI = 0.84 for both sentences. To



verify this is not a compression artefact, we com-
puted a random baseline by shuffling token assign-
ments (100 iterations): 0.22± 0.004 for SA1 and
0.29± 0.004 for SA2, placing the observed values
3.8× and 2.9× above chance respectively. Table 2
compares these results against values reported by
(Zhang et al., 2024) on the full TIMIT training
set. Mimi CB0 outperforms both EnCodec and
SpeechTokenizer RVQ-1 despite lacking an explicit
phoneme-level training objective, consistent with
its WavLM distillation (Défossez et al., 2024). Di-
rect comparison is indicative, given differences in
dataset size.

4.6 Phonological Information Across the
Mimi Codebooks

The previous analyses focused exclusively on the
first Mimi codebook (CB0), following the architec-
tural assumption that the first codebook captures
the highest-level linguistic information. To evalu-
ate whether phonological structure is restricted to
CB0 or distributed across the residual vector quan-
tization (RVQ) hierarchy, we repeated the PNMI
analysis for all eight codebooks.

Model Layer PNMI Baseline
HuBERT KM500 0.43 —
EnCodec RVQ-1 0.28 —
SpeechTokenizer RVQ-1 0.71 —
Mimi (SA1) CB0 0.84 0.22± 0.004
Mimi (SA2) CB0 0.84 0.29± 0.004

Table 2: PNMI of discrete speech representations. Val-
ues for HuBERT, EnCodec, and SpeechTokenizer are
from (Zhang et al., 2024), Table 8, computed on the full
TIMIT training set. Mimi values are computed on the
modal-length SA1/SA2 subsets; Mimi baseline: token
shuffling, 100 iterations.

Table 3 reports the PNMI values obtained for
each codebook. As expected, the first codebook ex-
hibits the strongest correspondence with phoneme
categories, reaching PNMI values of approximately
0.84 for both SA1 and SA2. However, the remain-
ing codebooks also display substantial phoneme-
related information, with PNMI values ranging be-
tween approximately 0.55 and 0.67.

These results indicate that phonological infor-
mation is not exclusively concentrated in the first
codebook. Instead, segmental structure remains
accessible throughout the RVQ hierarchy, although
with a reduced degree of organization relative to
CB0. This finding suggests that later codebooks do
not merely encode waveform reconstruction resid-

Table 3: Phoneme Normalized Mutual Information
(PNMI) measured independently for each Mimi code-
book. CB0 exhibits the strongest phonological corre-
spondence, while all remaining codebooks retain sub-
stantial phoneme-predictive information.

Codebook SA1 PNMI SA2 PNMI
CB0 0.8407 0.8394
CB1 0.6203 0.5566
CB2 0.6415 0.6613
CB3 0.6260 0.6583
CB4 0.6218 0.6648
CB5 0.6296 0.6541
CB6 0.6365 0.6657
CB7 0.6288 0.6711

uals, but preserve information that remains predic-
tive of phonetic categories.

The result is consistent with the hypothesis that
speech representations in Mimi are distributed
across multiple codebooks rather than being lo-
calized within a single discrete representation layer.
While CB0 provides the strongest phonological
signal, subsequent codebooks continue to encode
information relevant to phonetic identity.

4.7 Controlled Interventions

We evaluate the perceptual and linguistic impact of
token manipulations on utterances from the TIMIT
corpus encoded with Mimi. To isolate the contribu-
tion of codebook_0, we define four experimental
conditions: (i) the unmodified original waveform,
(ii) a Mimi encode–decode reconstruction without
any token modification,(iii) replacement of a single
frame in codebook_0 with a constant token iden-
tifier, and (iv) global replacement of all tokens in
odebook_0 with the same constant value. Con-
ditions (iii) and (iv) are decoded by Mimi after
modification, yielding resynthesized waveforms
that reflect each intervention. All waveforms were
transcribed using a pretrained wav2vec 2.0 ASR
model (Baevski et al., 2020), and Word Error Rate
(WER) was computed against the TIMIT reference
transcriptions as a measure of phonetic and lexi-
cal divergence. Results are reported on SI and SX
sentences (n = 8) from a single speaker (FCJF0);
SA sentences are excluded due to their known dif-
ficulty for automatic speech recognition systems
(Garofolo et al., 1993).

Table 4 reveals three distinct patterns. First,
Mimi reconstruction alone raises WER from 0.194
to 0.493, reflecting a domain mismatch between



Table 4: WER under four token manipulation conditions
(SI/SX, speaker FCJF0, n = 8).

Condition WER

Original audio 0.194
Mimi reconstruction 0.493
CB0 single token 0.493
CB0 all tokens 0.701

TIMIT read speech and Mimi’s training distribu-
tion. This reconstruction baseline is essential for
interpreting subsequent manipulations: any degra-
dation attributable to the intervention must be eval-
uated relative to this baseline, not to the original
signal.

Second, replacing a single frame in codebook_0
produces no additional WER increase beyond re-
construction (WER = 0.493), indicating that iso-
lated token perturbations are absorbed by the re-
maining seven codebooks and do not propagate to
intelligibility loss. This null result suggests that the
contribution of codebook_0 is distributed across
frames rather than concentrated in individual to-
kens.

Third, global replacement of all tokens in code-
book_0 with a constant value causes a further in-
crease to WER = 0.701, a degradation of +0.208
relative to the reconstruction baseline. While the
resulting waveforms remain perceptually speech-
like, the ASR degradation demonstrates that code-
book_0 carries linguistically relevant structure that,
when systematically disrupted, produces measur-
able phonetic and lexical divergence. This result is
consistent with the hypothesis that the first code-
book encodes phonemically relevant information,
complementing the distributional findings reported
in Sections 4.2 and 4.3.

5 Discussion

5.1 Allophonic Realizations
To determine whether token competition reflects
classical phonological allophony, we examined the
empirical distribution of surface phoneme labels
per canonical category in the SA1 and SA2 sub-
sets. Stress variants for vowels were collapsed (e.g.,
IH0/IH1) in order to focus on potential segmental
alternations rather than prosodic differences.

Phoneme annotations follow the ARPAbet con-
ventions used in the CMU Pronouncing Dictionary
and were obtained through forced alignment with
the Montreal Forced Aligner. Under these conven-
tions, most phonemes are represented categorically,

Phoneme SA1 Entropy SA2 Entropy Distinct Tokens
(bits) (bits)

L 1.70 3.93 3–18
K 1.28 3.36 4–17
T 2.12 3.60 6–17
R 2.99 3.00 9–21
AE1 1.78 4.68 5–35

Table 5: Representative phoneme entropy values for the
conditional distribution P (token | phoneme) in SA1
and SA2. Low entropy indicates that a phoneme is
realized by a small set of tokens; higher entropy reflects
greater token variability.

and the transcription does not explicitly encode
many contextual allophonic processes such as flap-
ping or aspiration. As a result, aside from stress
variation, the aligned phoneme labels show little
surface alternation across speakers.

Despite this categorical phonemic representation,
the Mimi tokens associated with a given phoneme
exhibit substantial variability across speakers (see
Table 5). As established in Section 4.3, the mean
effective competitor set per phoneme is approxi-
mately 6 tokens (22.58 for SA1), far below the 82
tokens expected under uniform random assignment.
This indicates that token competition is concen-
trated and structured, even if it exceeds a strict
one-to-one phoneme–token mapping.

Notably, entropy values differ considerably be-
tween SA1 and SA2 for the same phoneme, for
instance, /L/ rises from 1.70 bits in SA1 to 3.93
bits in SA2, and /AE1/ from 1.78 to 4.68 bits. This
cross-sentence variability is consistent with the per-
mutation test results reported in Section 4.4, which
demonstrated that token family distributions for the
same phoneme differ significantly across sentence
contexts (mean JSD = 0.61, p < 0.05 for 14 of 15
shared phonemes). Rather than reflecting random
sampling noise, this instability suggests that Mimi
tokens are sensitive to phonetic context beyond the
phoneme label itself.

A plausible interpretation is that Mimi tokens
capture fine-grained acoustic differences driven by
coarticulation and reduction effects, particularly
in intervocalic environments. Since these contex-
tual variations are not explicitly encoded in CMU
ARPAbet labels, they surface instead as token-level
variability. This is consistent with an allophonic
encoding: the first codebook does not maintain a
stable inventory of phoneme-sized units, but in-
stead reflects the surface acoustic realization of
each segment in its specific phonetic context.



6 Conclusion

By focusing the analysis on the two utterances pro-
nounced by all the speakers of the TIMIT corpus,
we were able to show correlations between Mimi’s
first codebook tokens with allophonic rather than
phonemic representations. In this respect, when
probing Mimi for phon* representations at the
phonetic-phonology interface, we tend to conclude
that the Mimi codec as a speech tokenizer seems
to yield phonetic categories in its first codebook
tokens. Nevertheless, the wider 80 ms temporal
window of Mimi’s tokens, compared to codecs op-
erating at higher frame rates such as SpeechTok-
enizer, raises the possibility that they also capture
speaker-related acoustic detail alongside phonetic
content.

Limitations

An obvious limitation is we focused on the two
utterances pronounced by all the speakers of the
TIMIT corpus. The distribution of tokens as allo-
phonic representation should be tested with more
diverse varieties of English such as the ones present
in the Edinburgh corpus of English (Sanabria et al.,
2023).
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