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Abstract
This paper presents a framework for systematic probing of discrete speech token representations in spoken
language models (SLMs). We propose three complementary components: a distributional divergence analysis
testing whether an attribute is reflected in token usage, token-based classifiers to quantify recoverability and an
attribute-conditioned representation analysis revealing phonetic attribute realizations. As a demonstration we
apply these probes to tokenizer outputs and model generations from CosyVoice2 and SparkTTS on LibriTTS-R
and VCTK. We find that gender is encoded in their respective tokens but in different forms - the signal is more
stable across stages and datasets in CosyVoice2, whereas SparkTTS shows weaker cross-stage consistency and
stronger pause/prosody-related effects. Exploratory probes of valence, arousal, and dominance are weaker and less
consistent. These results show that discrete speech tokens retain speaker-related information in different ways across
architectures and that the proposed framework provides an interpretable basis for comparing token representations
across spoken language modeling pipelines.
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1. Introduction

Spoken Language Models (SLMs) have recently
emerged as a framework for unifying speech under-
standing and generation by extending language-
model style token prediction to spoken input and
output (Arora et al., 2025). Many such systems
operate on discrete speech tokens, obtained by
quantizing continuous speech with neural codecs or
self-supervised speech encoders (Défossez et al.,
2024; Hsu et al., 2021). These tokens are not
merely an implementation detail: they are the inter-
face through which speech information enters the
model and, in generation pipelines, a key interme-
diate representation through which that information
is transformed before waveform synthesis.

Because discrete speech tokens act as an in-
formation pathway (Du et al., 2024b) and in some
pipelines as an information bottleneck (Défossez
et al., 2024), their structure constrains what an SLM
can preserve, discard, or control. If speaker-related
or phonetic information is absent from the token se-
quence, later components cannot reliably recover it.
Conversely, if such information remains encoded in
the tokens, it may influence generation even when
the architecture is intended to factor it out into sepa-
rate conditioning signals. Despite their central role,
it is still not well understood which attributes are
represented in discrete speech tokens, how those
attributes are organized, and how token representa-
tions change between tokenizer outputs and tokens
later generated by the SLM.

Prior work has mainly analyzed tokenization
stages in isolation (Wells et al., 2022; Sadok et al.,
2025) or evaluated token quality indirectly through
downstream tasks such as phone classification

or speaker verification (Chung et al., 2019). This
leaves two important gaps. First, we lack direct
analyses of token representations across multiple
stages of a spoken language modeling pipeline.
Second, we know little about how stable attribute-
related token patterns are across datasets and
across architectures with different conditioning
mechanisms. These questions are particularly rel-
evant, e.g., for controllable speech generation sys-
tems, where speaker-related information may be
distributed across semantic tokens, reference sig-
nals, and separate global embeddings.

In this work, we propose a probing framework for
discrete speech tokens and apply it to two token-
based speech generation pipelines, CosyVoice2
(Du et al., 2024b) and SparkTTS (Wang et al.,
2025). We study three token sets: tokenizer
outputs extracted directly from audio, reference-
conditioned (zero-shot) tokens generated from
text plus reference speech, and text-only tokens
generated from text alone. Our analysis asks three
questions: (1) Which phonetic and speaker-related
properties are encoded in these token sequences?
(2) How do token representations change from tok-
enizer outputs to SLM-generated tokens? (3) How
consistent are these patterns across datasets and
models?

To answer these questions, we combine three
complementary probes in our proposed probing
framework. First, a distributional divergence anal-
ysis tests whether token usage differs across at-
tribute groups. Second, token-based classifiers
quantify how well attributes can be recovered from
token identities. Third, an attribute-conditioned
token–phoneme analysis examines how token–
phone associations vary across attribute groups in
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a shared phonetic space. Together, these probes
provide coarse-to-fine evidence about whether an
attribute is reflected in token distributions, recov-
erable from sequences, and realized in phonetic
structure.

Our experiments on LibriTTS-R and VCTK show
a clear pattern for gender. In both models, gender is
strongly recoverable from tokenizer and zero-
shot tokens, while text-only generations are at
or near chance. However, the organization of this
signal differs across architectures. CosyVoice2 ex-
hibits a more stage-stable token-level gender code,
with recurring markers across datasets and strong
similarity between tokenizer and zero-shot
tokens. SparkTTS also preserves gender informa-
tion, but in a weaker and more probe-sensitive form
that is more strongly tied to pause and prosodic
structure. Exploratory analyses of valence, arousal,
and dominance are substantially weaker and less
consistent.

In sum, our contributions are as follows: 1)
we introduce a probing framework for comparing
discrete speech tokens across multiple stages of
token-based spoken language modeling pipelines;
2) we show that analyzing tokenizer outputs and
SLM-generated tokens side by side reveals which
speaker-related information survives conditioning
and generation; 3) we provide evidence that dif-
ferent architectures organize similar attributes dif-
ferently in token space, with implications for inter-
pretability, controllability, and representation design
in spoken language models.

2. Related Work

An attempt at analyzing information content of
speech audio representations has been made by
Wells et al. (2022) who showed that speech tokens
derived from HuBERT (Hsu et al., 2021) can be
assigned to articulatory properties of phonemes.
However, their analyses do not include insights
into prosodic or paralinguistic attributes. Sadok
et al. (2025) analyze how content, speaker identity,
and pitch are encoded in speech tokens. They in-
vestigated how neural audio codecs encode these
attributes, revealing that such features are often
entangled and difficult to interpret. Although they
mapped acoustic tokens extracted from codecs to
semantic (also called phonetic) tokens to help with
interpretability, their conclusions mainly referenced
acoustic tokens and may not generalize to semantic
tokens as differentiated in Zhang et al. (2024).

Chung et al. (2019) present a model for speech
representation learning suitable for a wide range of
downstream tasks. They evaluate the information
conserved in their tokens on the tasks of phone clas-
sification and speaker verification and further an-
alyze how speaker information is encoded across

different layers of their model. On a similar note,
Onda et al. (2026) propose a speech tokenizer
that combines the advantages of acoustic and pho-
netic tokens, aiming to preserve both phonetic and
prosodic information while discarding speaker iden-
tity. They evaluate performance of their Phonologi-
cal Tokenizer on various downstream tasks, includ-
ing some involving an SLM for speech continuation.
Chang et al. (2025) point out that SLM-optimized
tokens need to fulfill mainly three criteria: preser-
vation of phonetic and semantic information, reten-
tion of acoustic details, and robustness to perturba-
tions. Similar to Chung et al. (2019) and Onda et al.
(2026), they assess the information retained in the
tokens via downstream tasks instead of looking at
the tokens directly.

For our attribute-conditioned representation anal-
ysis we take inspiration from Lin et al. (2024b) who
propose a similar analysis to identify property neu-
rons in self-supervised speech transformers, i.e.
neurons selectively responsive to specific attributes.
While they use this method to examine the inner
workings of transformer models, we instead apply
our statistical analysis directly on the raw speech to-
kens to gain insights on how phoneme and speaker
attributes are structured in the tokens.

3. Spoken Language Models

3.1. CosyVoice2

In this work, we use CosyVoice2 (Du et al., 2024b)
as an example SLM. Its architecture consists of the
following components.
1) Text tokenizer: The raw text for each utterance
is first tokenized using Byte-Pair Encoding.
2) Semantic speech tokenizer: The audio file is
converted into semantic speech tokens generated
at a rate of 25 tokens per second.
3) Text-speech language model: The pre-trained
textual Large Language Model Qwen2.5-0.5B takes
the text tokens and semantic speech tokens as in-
put and generates semantic speech tokens which
unify the text and audio information as the output.
4) Flow matching: The causal flow-matching
model takes Qwen’s output, now “text-aware" se-
mantic speech tokens, and the semantic speech
tokens from the reference speech as its initial input.
The speaker embedding from the reference speech
is then used to generate a Mel spectrogram.
5) Vocoder: Finally, a Vocoder is used to synthe-
size the speech signal from the Mel spectrogram.

In the zero-shot mode the LM is conditioned
on the prompt text and prompt speech tokens ex-
tracted from a reference utterance together with the
target text, and autoregressively predicts the target
semantic speech tokens (Du et al., 2024b).
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3.2. SparkTTS

We additionally use SparkTTS (Wang et al., 2025)
as a second example SLM. Its architecture consists
of the following components.
1) Text tokenizer: The raw text for each utterance
is first tokenized using Byte-Pair Encoding.
2) BiCodec speech tokenizer: The audio file is
converted into two token streams: semantic speech
tokens generated at a rate of 50 tokens per sec-
ond and a fixed-length sequence of global tokens
capturing speaker and other global speech charac-
teristics.
3) Text-speech language model: The pre-trained
textual Large Language Model Qwen2.5-0.5B takes
the text tokens and conditioning speech tokens as
input and generates semantic speech tokens.
4) BiCodec decoder: Finally, the decoder recon-
structs the speech signal directly from the semantic
and global tokens.

In the zero-shot mode the LM is in contrast to
CosyVoice2 conditioned on the target text together
with global tokens extracted from a reference utter-
ance and then autoregressively predicts the target
semantic speech tokens.

4. Probing Methods

4.1. Preprocessing

For each utterance, we align text and audio
to obtain an aligned phoneme sequence pi =
(pi1, . . . , pin) from which co-occurrence embed-
dings are computed (cf. Sections 4.1.1, 4.4). Asso-
ciated attribute labels ai are extracted from audio
only (cf. Section 5.2). A discrete token sequence
ti = (ti1, . . . , tin) is obtained either by extracting it
from the respective pipeline stages or audio via the
observed model’s tokenizer (cf. Section 5.1).

4.1.1. MFA alignment

Phoneme alignment is performed with Montreal
Forced Alignment (MFA) (McAuliffe et al., 2017)
which gives phone intervals that are then dis-
cretized to the token time grid by center-time sam-
pling, yielding equal-length token and phoneme
sequences (ti1, pi1), . . . , (tin, pin). This alignment
enables the construction of phoneme-based em-
beddings for each token, used in the attribute-
conditioned representation analysis.

4.2. Distributional divergence analysis

For each token set T and attribute group a, we
estimate empirical token distributions PT (t | a) from
normalized token counts. We then compute the
Jensen–Shannon divergence (JSD) between high

(H) and low (L) subsets to quantify distributional
differences. Per-token frequency differences,

∆T (t) = PT (t | H)− PT (t | L), (1)

highlight tokens associated with either group.
Cross-token-set JSDs provide a measure of consis-
tency across token representations. We include a
randomized baseline (20 label shuffles) to estimate
expected divergence under the null hypothesis and
report JSD mean. Only tokens with corpus fre-
quency of at least 50 are included in the divergence
vocabulary.

4.3. Token-based classifiers
The second component quantifies attribute recover-
ability from token identities. Utterances are repre-
sented as bags of discrete tokens, and a logistic re-
gression classifier is trained to predict the high/low
attribute bin. Three feature modes are used: raw
token counts (BOW ), L1-normalized token shares
(SHARE), and binary presence indicators (SET ).
For all classifier runs, token filtering is applied on
the training split only: we retain only tokens that
occur in both classes and whose training frequency
is at least 0.002% of all training token occurrences.
This reduces overfitting to rare tokens while keep-
ing filtering comparable across datasets of different
sizes.

Classifiers are evaluated on held-out data from
80/20 speaker-disjoint train/test splits, and token co-
efficients indicate the direction and strength of asso-
ciation with the attribute. Because speaker-disjoint
splits are not perfectly class-balanced, we report
balanced accuracy (mean recall across classes)
as the primary metric.

4.4. Attribute-conditioned representation
analysis

The final component examines attribute variation in
the phonetic domain. Each token t is aligned with
phones p within its utterance. For each attribute
bin b ∈ {H,L}, we estimate the conditional phone
distribution

P (p | t, b) = c(t, p, b)∑
p′ c(t, p′, b)

,

where c(t, p, b) denotes the co-occurrence count
of token t with phone p in bin b. Tokens are
retained only if their total paired count is at
least 400 and the class balance ratio satisfies
min(cH , cL)/max(cH , cL) ≥ 0.2. Phonetic diver-
gence between bins is measured by the cosine
similarity between the corresponding phone distri-
butions:

cos(t) = cosine
(
P (· | t,H), P (· | t,L)

)
.
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Low cos(t) values indicate strong attribute-
dependent phonetic differences. In addition, for
each token we compute per-phone differences

∆t(p) = P (p | t,H)− P (p | t,L),

and define a signed bias score

λ(t) = ∆t(p
∗), p∗ = argmax

p
|∆t(p)|.

A token is considered biased if |λ(t)| ≥ 0.015,
where the sign indicates the direction of the bias.
These token–phone embeddings capture how dis-
crete tokens reflect phonetic variation and enable
comparison across token sets in a shared phoneme
space.

5. Experimental Setup

5.1. Token sets
For each utterance in the datasets we extract dis-
crete speech token sequences at different stages
of the spoken language model pipeline:

tokenizer tokens are obtained by passing the
utterances to the respective tokenizer.

zero-shot tokens are generated by the SLM
via zero-shot synthesis from the utterance text, us-
ing the original utterance audio as the reference
signal (same-audio-conditioning).

text-only tokens are generated by the SLM
from the utterance text only without reference audio.

Out of these three sets only tokenizer to-
kens afford the creation of an aligned phoneme se-
quence as it is derived from audio directly whereas
the others are LM generations.

5.2. Attribute labels
The used datasets inherently provided gender la-
bels for the utterances. To expand the analysis to
other labels, we used audeering/wav2vec2-large-
robust-12-ft-emotion-msp-dim 1 to automatically la-
bel the utterances with valence, arousal and domi-
nance scores.

6. Results

6.1. Probing of Gender
We present the results of the three probing meth-
ods on LibriTTS-R (Zen et al., 2019) and VCTK
(Veaux et al., 2019). We analyze which tokens
carry gender-specific information, how this differs
between tokenizer and SLM outputs, and how ro-
bust the associations are across datasets.

1https://huggingface.co/audeering/wav2vec2-large-
robust-12-ft-emotion-msp-dim

6.1.1. Distributional divergence analysis

CosyVoice2 Tokenizer and reference-
conditioned SLM tokens show clear gender
separation relative to their shuffled baselines. In
LibriTTS-R, zero-shot shows stronger sepa-
ration than tokenizer (0.0614 vs. 0.0385). In
VCTK, both remain far above shuffle (tokenizer:
0.1183/0.0011; zero-shot: 0.1080/0.0009),
while text-only shows minimal divergence
(0.0013 vs. 0.0012). Several recurring token IDs,
notably 1950, 2031, 4137, 4299, 2112, and 3975,
reappear across datasets and across tokenizer
and zero-shot, indicating stable encoding of
speaker-dependent cues.

SparkTTS Tokenizer and reference-conditioned
SLM tokens also show gender separation relative
to their shuffled baselines. In LibriTTS-R, zero-
shot again shows stronger separation than to-
kenizer (0.0162 vs. 0.0079). In VCTK, both re-
main above shuffle (tokenizer: 0.0107/0.0010;
zero-shot: 0.0227/0.0015), while text-only
remains at baseline (0.0009 vs. 0.0009). Recur-
ring token IDs are less consistent: in LibriTTS-R,
female-associated tokens such as 908 and 791 re-
cur across tokenizer and zero-shot, while in
VCTK the clearest repeated markers are 6182 on
the male side and 857 on the female side.

Cross-model comparison Both models show
distributional gender separation for tokenizer
and zero-shot, while text-only remains at
or near the shuffled baseline, indicating that the
signal is primarily introduced by speaker condi-
tioning rather than text. The effect is stronger
and more stage-stable in CosyVoice2, which also
shows more consistent recurring token IDs across
datasets and token sources. SparkTTS exhibits
the same overall pattern, but with weaker and less
stable markers.

6.1.2. Token-based classifier probes

CosyVoice2 Gender is highly retrievable
from tokenizer and zero-shot tokens in
CosyVoice2 (Table 1), with balanced accuracy
above 0.9 for BOW, SHARE, and SET on both
datasets. The normalized SHARE weights are also
highly similar between tokenizer and zero-
shot (cosine 0.8940 on LibriTTS-R and 0.9625
on VCTK), indicating that the gender-related token
associations remain stable between the tokenizer
and the speaker-conditioned SLM. On VCTK,
text-only drops to chance (0.50). The most
predictive tokens are also stable across datasets
and stages: 1950 and 4137 act as strong male
indicators, while 4299 and 2112 consistently mark
female speech.
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Dataset Token Set Top Tokens (M/F) Bal. Acc. (B/S/Set)
LibriTTS-R tokenizer 1950, 4137, 2031 / 4299, 6374, 2112 0.917 / 0.909 / 0.920
LibriTTS-R zero-shot 1950, 4137, 3651 / 4299, 2112, 3975 0.927 / 0.932 / 0.929
VCTK tokenizer 1950, 4137, 2031 / 4299, 3975, 2112 0.977 / 0.950 / 0.972
VCTK zero-shot 1950, 4137, 2031 / 4299, 2112, 3975 0.951 / 0.948 / 0.950

Table 1: Top gender-predictive tokens (male / female) by classifier weights (SHARE) with corresponding
balanced accuracies for BOW, SHARE, and SET on CosyVoice2. Unique colors indicate recurring tokens
across analyses.

Dataset Token Set Top Tokens (M/F) Bal. Acc. (B/S/Set)
LibriTTS-R tokenizer 528, 3676, 4690 / 7663, 7516, 248 0.842 / 0.717 / 0.842
LibriTTS-R zero-shot 7346, 8095, 6905 / 908, 6689, 5610 0.892 / 0.842 / 0.894
VCTK tokenizer no stable markers 0.789 / 0.500 / 0.790
VCTK zero-shot no stable markers 0.857 / 0.529 / 0.856

Table 2: Top gender-predictive tokens (male / female) by classifier weights (SHARE) with corresponding
balanced accuracies for BOW, SHARE, and SET on SparkTTS.

SparkTTS Gender is still retrievable from tok-
enizer and zero-shot tokens in SparkTTS (Ta-
ble 2), but less uniformly across probe types. BOW
and SET remain above chance on both datasets,
whereas SHARE is lower on LibriTTS-R (0.717
for tokenizer, 0.842 for zero-shot) and at or
near chance on VCTK (0.500 and 0.529). The nor-
malized SHARE weights between tokenizer and
zero-shot are also only moderately similar, with
cosine similarities of 0.7745 on LibriTTS-R and
0.5223 on VCTK. On VCTK, text-only again
drops to chance (0.49–0.50). Stable predictive to-
kens are sparse: in LibriTTS-R there is limited over-
lap between tokenizer and zero-shot, such
as token 300 on the male side and 908 on the
female side, while in VCTK there are no stable
markers.

Cross-model comparison The classifier probe
sharpens the difference between the two mod-
els. In CosyVoice2, gender is robustly recoverable
across all three feature sets, the top predictive to-
kens recur across datasets and stages, and the
SHARE weights remain highly stable between to-
kenizer and zero-shot. In SparkTTS, gender
is still recoverable, but mainly through BOW and
SET; SHARE weakens substantially, especially on
VCTK, and predictive tokens are much less sta-
ble across stages and datasets. In both models,
text-only falls to chance, again indicating that
the classifier signal depends on speaker condition-
ing rather than text alone.

6.1.3. Attribute-conditioned representation
analysis

For this analysis, we focus on tokenizer tokens,
since these are aligned to phoneme sequences.
The probe again shows gender-dependent phonetic

divergence, but now at the level of token–phoneme
realizations.

CosyVoice2 In CosyVoice2, the strongest bi-
ased tokens are not simply the same recurring
markers from the divergence and classifier probes.
In LibriTTS-R, the top male-biased tokens (2168,
4761, 1260, 6485, 558) are associated with phones
such as /AO1/, /Z/, /DH/, and /AA1/, while the
top female-biased tokens (1546, 1547, 6105,
1555, 4146) are predominantly associated with /sp/
(silence/non-speech). In VCTK, the strongest male-
and female-biased tokens are likewise dominated
by /sp/ (male: 2939, 3749, 3668; female: 1616,
1535, 875).

SparkTTS In SparkTTS, the strongest biased to-
kens are dominated even more consistently by /sp/.
In LibriTTS-R, both the top male-biased and top
female-biased tokens are predominantly associ-
ated with /sp/. The same pattern holds in VCTK,
where male-biased and female-biased tokens are
again dominated by /sp/.

Cross-model comparison Both models still en-
code speaker-related information at the token level,
but in the attribute-conditioned probe the effect
looks less like a small set of stable segmen-
tal gender markers and more like differences in
token–phoneme realizations across groups. In
CosyVoice2, this includes some non-pause seg-
mental associations in LibriTTS-R, but becomes
strongly /sp/-dominated in VCTK, suggesting an im-
portant pause/prosodic component. In SparkTTS,
the /sp/ dominance holds across both datasets,
pointing even more clearly to pause/prosodic token
realizations. This is consistent with the weaker and
less stable gender signal observed for SparkTTS
in the divergence and classifier probes.
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Model Dataset Valence Arousal Dominance
CosyVoice2 LibriTTS-R 0.514 / 0.504 / – 0.557 / 0.540 / – 0.525 / 0.545 / –
SparkTTS LibriTTS-R 0.521 / 0.527 / – 0.522 / 0.516 / – 0.522 / 0.519 / –
CosyVoice2 VCTK 0.556 / 0.541 / 0.513 0.536 / 0.562 / 0.521 0.635 / 0.637 / 0.549
SparkTTS VCTK 0.541 / 0.589 / 0.505 0.547 / 0.582 / 0.524 0.688 / 0.587 / 0.521

Table 3: Best balanced accuracy across BOW/SHARE/SET for exploratory probes of model-predicted
VAD. Values are reported as tokenizer / zero-shot / text-only.

6.2. Probing of Valence, Arousal and
Dominance (VAD)

We perform an analogous but exploratory probe for
model-predicted valence, arousal, and dominance.
For each dimension, we partition each dataset into
equally sized low and high groups using the 0.2
and 0.8 quantiles and train the classifiers to predict
these groups. Since the score distributions differ
substantially between LibriTTS-R and VCTK, we
interpret the results within each dataset rather than
directly across corpora.

Across both models, VAD is encoded much more
weakly and less consistently than gender. For
tokenizer and zero-shot, distributional diver-
gence is typically above shuffle, but classifier per-
formance mostly stays near chance, especially on
LibriTTS-R. The clearest exception is dominance
on VCTK: CosyVoice2 reaches 0.635/0.637 for
tokenizer/zero-shot, and SparkTTS reaches
0.688/0.587. Valence and arousal are weaker, with
best balanced accuracy generally between 0.50
and 0.59. In most VCTK settings, text-only re-
mains close to chance, although CosyVoice2 dom-
inance retains a small residual signal (0.549).

The VAD signal is also less stage-stable than
gender. The cosine similarity between SHARE co-
efficients for tokenizer and zero-shot ranges
from 0.411 to 0.695 in CosyVoice2 and from 0.231
to 0.516 in SparkTTS, suggesting that the recov-
ered signal is not organized as a robust recur-
ring token-identity code. The attribute-conditioned
analyses further support a largely prosodic inter-
pretation: in VCTK and throughout SparkTTS,
the strongest high/low-biased tokens are predomi-
nantly associated with /sp/, while CosyVoice2 on
LibriTTS-R shows somewhat more segmental pat-
terns in some dimensions. Overall the signal is
weak, model- and corpus-dependent, and may
partly reflect speaker-related or labeling confounds
rather than a stable affective representation.

7. Analysis of Gender Encoding

Section 6.1 revealed systematic gender signals in
the tokens of both models. Because the probes
provide correlational rather than causal evidence,
we conduct additional controlled analyses to test
whether these effects remain robust under targeted

ablations.

7.1. Summary of cross-model
differences

Across the three probes, four differences stand
out. First, CosyVoice2 exhibits a stronger and
more stage-stable token-level gender code: gen-
der remains robust under both count/presence and
normalized-share probes, and recurring markers
persist across datasets and stages. Second, Spark-
TTS shows a more probe-sensitive pattern: gen-
der is still recoverable, mainly through BOW and
SET, while SHARE is weaker and cross-stage con-
sistency lower. Third, zero-shot tends to be
stronger than tokenizer in SparkTTS, whereas
the two stages are more similar in CosyVoice2.
Fourth, the attribute-conditioned analysis suggests
different encoding forms: SparkTTS is dominated
by /sp/ and appears more pause/prosody-driven,
while CosyVoice2 retains clearer non-pause seg-
mental differences, especially in LibriTTS-R.

The following analyses test these differences
more directly. We use shared-text subsets to
separate text-invariant token-level encoding from
content-sensitive effects, silence removal to mea-
sure the contribution of pause-aligned positions,
a small generation probe to assess downstream
influence on synthesized speech, and architectural
considerations to relate the probe patterns back to
the two model pipelines.

7.2. Shared-text control

To control for content confounds, we rerun the
probes on shared-text subsets, i.e. settings with
matched text. Table 4 reports the resulting bal-
anced accuracies. CosyVoice2 LibriTTS-R is in-
cluded for completeness but should be interpreted
cautiously, since only 314 matched examples re-
main after balancing.

On VCTK, text balancing leaves CosyVoice2 al-
most unchanged, indicating that its token-level gen-
der signal is largely text-invariant.In SparkTTS, bal-
ancing improves performance substantially, espe-
cially for SHARE (tokenizer: 0.500 → 0.806;
zero-shot: 0.529 → 0.703), suggesting that lexi-
cal variability in the original split masked part of a
genuine normalized-share gender code.
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Model Dataset Entries tokenizer (B/S/Set) zero-shot (B/S/Set) text-only (B/S/Set)
CosyVoice2 VCTK 24,332 0.977 / 0.946 / 0.969 0.948 / 0.950 / 0.947 0.497 / 0.493 / 0.503
CosyVoice2 LibriTTS-R† 314 0.800 / 0.733 / 0.717 0.817 / 0.800 / 0.867 –
SparkTTS VCTK 24,896 0.816 / 0.806 / 0.816 0.897 / 0.703 / 0.897 0.506 / 0.500 / 0.504
SparkTTS LibriTTS-R 2,476 0.589 / 0.574 / 0.587 0.637 / 0.627 / 0.622 –

Table 4: Gender probe balanced accuracy on shared-text subsets using BOW/SHARE/SET features.
†CosyVoice2 LibriTTS-R uses only 314 matched examples and should therefore be interpreted with
caution.

On LibriTTS-R, the shared-text subset is much
smaller. SparkTTS drops sharply to 0.589/0.574
for tokenizer and 0.637/0.627 for zero-shot,
indicating that the original LibriTTS-R signal is less
text-invariant and more entangled with content.

7.2.1. Silence-removal control

The attribute-conditioned analysis suggested that
many of the strongest gender-biased token–phone
pairs were dominated by /sp/. To test whether
pause-aligned positions carry the main signal or
only one component of it, we perform two abla-
tions. First, for the attribute-conditioned probe, we
remove pause phones from the token–phone pairs.
Second, for the divergence and classifier probes,
we remove from tokenizer all positions aligned
to sil/sp/spn and recompute the probes.

Without pause phones, CosyVoice2 still shows a
substantial non-pause gender signal. In LibriTTS-
R, the strongest male-biased tokens remain seg-
mental (/AO1/, /Z/, /DH/, /AA1/), while the female-
biased side shifts from pause-dominated tokens
to /N/, /ER0/, /K/, and /HH/. In VCTK, the original
/sp/-dominated pattern is weakened, but residual
non-pause biases remain around /HH/, /AH0/, /IY1/
on the male side and /DH/, /L/, /K/ on the female
side. SparkTTS is much more pause-sensitive. In
LibriTTS-R, the remaining non-pause effects are
mainly around /S/ and /AH0/ on the male side and
/D/ and /N/ on the female side; in VCTK they are
similarly small and concentrate around /AH0/, /S/,
/N/ versus /T/, /AH0/, /N/.

Table 5 confirms the same pattern. CosyVoice2
retains a strong non-pause gender signal: on
LibriTTS-R, filtering changes the tokenizer
probes only marginally, and on VCTK the signal
weakens but remains far above chance across all
three classifier variants. SparkTTS is more fragile.
On LibriTTS-R, removing silence-aligned positions
leaves JSD, BOW, and SET almost unchanged but
collapses SHARE to chance, indicating that the
normalized token-share signal was disproportion-
ately carried by pause-aligned positions. On VCTK,
removing silence slightly improves JSD, BOW, and
SET while leaving SHARE at chance, suggesting
that the surviving signal is primarily count/presence-
based rather than a stable normalized token mix.

Taken together, the silence-removal control

shows that pause/prosodic positions contribute in
both models, but much more strongly in SparkTTS.
CosyVoice2 retains a clearer non-pause segmental
gender code after silence removal, whereas Spark-
TTS depends more on pause-aligned positions or
on weaker, more diffuse non-silence cues.

7.3. Generation experiment
Both model pipelines (see 3.1, 3.2) regenerate au-
dio from a token sequence and a fixed-length global
embedding (ref) capturing global speech proper-
ties. Since these are highly relevant for gender, we
test the downstream influence of each component
in a small qualitative probe. For both models, we
generate speech in four settings:

1. male token sequence + male ref embedding

2. female token sequence + female ref embed-
ding

3. male token sequence + female ref embed-
ding

4. female token sequence + male ref embed-
ding

For each setting and each model, we generate
25 samples by randomly pairing token sequences
and ref embeddings drawn from male and female
speakers. In SparkTTS, samples are synthesized
with the BiCodec decoder, whereas in CosyVoice2
generation uses the flow-matching model followed
by the vocoder. The resulting audio samples are
shuffled and evaluated in a qualitative listening test
by an expert listener, who annotates the perceived
speaker gender for each sample.

In both models, the matched settings (1) and
(2) produce the expected male and female outputs.
In CosyVoice2, the perceived gender in the mis-
matched settings is consistently determined by the
ref embedding: setting (3) (male tokens + female
ref) yields speech perceived as female, while set-
ting (4) yields speech perceived as male. All four
settings produce high-quality speech. This sug-
gests that although gender information is highly
retrievable from CosyVoice2 tokens, the reference
embedding rather than the token sequence primar-
ily determines the realized speaker gender during
generation.
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Model Dataset Removed JSD BOW SHARE SET
CosyVoice2 LibriTTS-R 6.0% 0.0385 → 0.0387 0.917 → 0.907 0.909 → 0.895 0.920 → 0.912
CosyVoice2 VCTK 29.2% 0.1183 → 0.0826 0.977 → 0.941 0.950 → 0.918 0.972 → 0.939
SparkTTS LibriTTS-R 6.1% 0.0079 → 0.0080 0.842 → 0.838 0.717 → 0.500 0.842 → 0.837
SparkTTS VCTK 29.1% 0.0107 → 0.0149 0.789 → 0.801 0.500 → 0.500 0.790 → 0.799

Table 5: Effect of removing silence-aligned tokenizer positions. Values show before → after filtering for
tokenizer only. BOW, SHARE, and SET denote balanced accuracy.

In SparkTTS, the mismatched settings (3) and
(4) produce speech that often exhibits a mixture of
male and female characteristics.

7.4. Architectural interpretation
The generation experiment shows that SparkTTS
tokens contribute to the realized gender in the gen-
erated audio, even though the signal is less stable
under the SHARE probe than in CosyVoice2. All
three probes operate on token identities and uni-
gram statistics and therefore primarily capture local
rather than contextual information.

A plausible explanation is therefore not just a dif-
ference in how much gender information is present,
but in how it is organized. CosyVoice2 behaves
like a model with a direct and stage-stable token-
level gender code: BOW and SHARE are both
strong, tokenizer and zero-shot remain highly
similar, and VCTK changes little under text bal-
ancing. SparkTTS instead behaves like a model
with a more diffuse, context-sensitive token code:
BOW remains strong, but SHARE is weaker, cross-
stage consistency is lower, and the shared-text
control shows greater sensitivity to lexical com-
position. The information is distributed less as a
stable normalized token mix and more as sparser
count/presence and prosody-related cues.

This interpretation is also compatible with the to-
kenizer architectures. SparkTTS has twice the tem-
poral resolution of CosyVoice2, which may make
gender less recoverable from individual tokens. In
addition, the CosyVoice2 tokenizer is trained with
an ASR supervision objective and is not explicitly
encouraged to remove speaker information from
the resulting sequence. By contrast, the Spark-
TTS tokenizer jointly produces the fixed-length
global embedding (ref) and the semantic token
sequence, encouraging factorization with speaker
attributes partly assigned to a separate represen-
tation bucket. This separation is not perfect: our
probes still recover gender from SparkTTS tokens,
and the generation experiment confirms that both
tokens and ref influence gender realization.

8. Conclusion

The framework analyzes token sequences with
three complementary probes that reveal how in-

formation is encoded in speech tokens at different
levels of evidence: (1) distributional evidence, test-
ing whether an attribute is reflected in token usage;
(2) recoverability evidence, assessing whether the
attribute can be predicted from token sequences;
and (3) phonetic realization, examining how the at-
tribute manifests in token–phoneme associations.

Examining this across datasets, models, and
pipeline stages affords a systematic comparison
and insight into how information is encoded, trans-
formed, and used inside SLM pipelines.

The comparison also illustrates that tokenizers
can produce very different information structures
and that attributes may remain encoded in token
sequences even when the system design intends
to separate them (SparkTTS) or when they are not
directly used during generation (CosyVoice2).

In many SLM pipelines discrete speech tokens
constitute information pathways or even bottle-
necks. They should therefore not only be treated as
intermediate representations but as critical design
elements whose structure determines what infor-
mation spoken language models can access, pre-
serve, or control. For example, in the CosyVoice2
pipeline, although gender information is clearly en-
coded in tokens, control of this attribute via SLM
prompting appears to be excluded by its design.

The proposed framework enables a simple, in-
terpretable, and systematic study of such phenom-
ena and makes speech token spaces comparable
across models. Insights obtained through this ap-
proach can help explain observed model behavior
and inform the design of future spoken language
models. Future work could extend this framework
to additional models, tokenizers, and paralinguistic
attributes, as well as incorporate causal interven-
tion experiments that directly manipulate token se-
quences or pipeline components to test their func-
tional role in speech generation

Limitations

While our framework provides an interpretable and
model agnostic approach for analyzing discrete
speech tokens, several limitations should be ac-
knowledged. First, all analyses are descriptive and
correlational, not causal as we identify associations
but do not perform any intervention or token level
manipulation tests. Consequently, the framework
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cannot determine whether specific tokens are ac-
tively used by the model to encode or control an
attribute. Relatedly, our probes focus on token dis-
tributions and sequence level recoverability, but do
not directly model sequence structure or token in-
teractions beyond what is captured by the classifier
probe.

Second, although the framework is conceptu-
ally model agnostic, the experiments in this paper
are limited to two models and a restricted set of
paralinguistic attributes. A broader survey across
additional architectures, tokenizers, and attributes
would be required to provide a more comprehensive
view and to fully evaluate cross model comparabil-
ity.

Lastly, evaluating attributes or labels that are not
intrinsic to the datasets can introduce additional
noise or confounds, especially when external mod-
els are used to infer labels.

Ethical Statement

This work analyzes how speaker attributes can be
reflected in discrete speech token representations.
While our experiments are conducted for analytical
purposes, studying the recoverability of attributes
from speech representations raises potential con-
cerns. In particular, such analyses could be used
to infer demographic or personal characteristics of
speakers from intermediate model representations.
Our experiments focus on gender as an illustrative
attribute and rely on binary labels provided in the
underlying datasets, which simplifies a complex
and socially nuanced concept.

At the same time, understanding what informa-
tion speech token representations expose is im-
portant for transparency and responsible system
design. Analyses of this kind can help identify un-
intended information leakage, potential biases, or
architectural design choices that implicitly preserve
or discard certain attributes. Insights from such
studies may therefore support the development of
spoken language models with clearer control mech-
anisms and more predictable behavior.

All experiments were conducted on publicly avail-
able datasets and models using open-source li-
braries, which are cited appropriately.

Use of AI Assistants. The authors acknowledge
the use of AI assistants solely for correcting gram-
matical errors, formatting table boundaries, and
providing assistance with coding.

Code and Data Availability

The code for the probing framework and the
full analysis outputs used in this study are

publicly available at: https://github.com/
DigitalPhonetics/SpeechTokenProbing.
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