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Abstract

Inspired by Large Language Models (LLMs),
codec-based TTS systems have achieved re-
markable success in high-fidelity speech gener-
ation by directly adopting the standard Cross-
Entropy (CE) objective to predict sequences
of discrete speech tokens from neural audio
codecs. However, this practice overlooks the
geometric structure of codec token spaces: to-
kens that are close in the codec codebook em-
bedding space often correspond to acoustically
similar speech realizations and can serve as
perceptually plausible alternatives. We term
this observation the Neighboring Token Phe-
nomenon. The one-hot CE objective is agnos-
tic to such structure, as it penalizes all non-
target tokens equally, including these close
neighbors, creating a mismatch between the
structured codec latent space and the learn-
ing objective. In this paper, we quantitatively
analyze the neighboring token phenomenon
in both reconstruction and generation settings.
To address the mismatch, we propose Multi-
Neighbor Cross-Entropy (MNCE) loss func-
tion, which generalizes the one-hot target of CE
loss into a positive set containing the ground-
truth token and its nearest neighbors, encour-
aging the model to treat neighbor predictions
as partially correct. As a result, even when the
model misses the exact target token, it is more
likely to predict a close neighbor rather than an
unrelated token, reducing perceptually harm-
ful errors in synthesized speech. Experiments
demonstrate that MNCE is effective and gen-
eralizable across diverse codec-based TTS sys-
tems, improving quality and robustness. More-
over, scaling training to 20,000 hours further
validates the scalability of our approach. The
demo of audio samples is available online '.

Corresponding author.

1 Introduction

Large Language Models (LLMs) have recently pro-
pelled codec-based Text-to-Speech (TTS) (Chen
et al., 2025a; Wang et al., 2024; Du et al., 2024;
Ye et al., 2025) to generate remarkably human-
like speech, establishing it as a key component
in voice interaction (Zhang et al., 2023a; Défossez
etal., 2024), omni-modal LLMs (Li et al., 2025; Xu
et al., 2025), and spoken dialogue systems (Ju et al.,
2025; Yu et al., 2025). The success of this paradigm
hinges on two modules: a neural audio codec (Dé-
fossez et al., 2022; Ji et al., 2024; Jiang et al., 2025)
encodes audio into discrete speech tokens, and a
neural codec language model (Chen et al., 2025a;
Wang et al., 2024; Ye et al., 2025; Du et al., 2024)
initialized from a pretrained LLM (Yang et al.,
2025; Dubey et al., 2024) is then trained to pre-
dict the speech tokens. The codec decoder then
converts predicted speech tokens into a waveform.
This representation of speech as a sequence of dis-
crete indices relies on the assumption that speech
tokens are analogous to text tokens (Chen et al.,
2025a; Ye et al., 2025), which allows for the seam-
less integration with powerful text-based LLMs.
Consequently, the training objective of the LLM,
the typical Cross-Entropy (CE) loss, is directly ap-
plied in speech generation tasks.

However, this paradigm overlooks a vital distinc-
tion between the speech and text modalities. In
text processing, a vocabulary maps text tokens into
independent indices (Hu et al., 2025), which do not
encode geometric relationships in the numerical
values of the indices. In contrast, speech tokens are
generated through vector quantization (Défossez
et al., 2022; Zeghidour et al., 2021), a process that
endows the tokens with a rich geometric relation-
ship (Shuster and Nachmani, 2025). The index of
each speech token corresponds to a specific vector

within a learned codebook. Since this codebook
resides in a continuous embedding space, every
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vector is surrounded by other vectors at varying
Euclidean distances (Van Den Oord et al., 2017).
This geometric structure indicates that every speech
token has neighboring tokens: other tokens with
the corresponding vectors that are close to the vec-
tor of the certain token in the embedding space,
which in turn suggests feature similarity. Formally,
we define the neighbors of a speech token as the K
codebook entries with the top-K smallest Euclidean
distance in the codebook embedding space.

Building on this insight, we investigate the im-
pact of neighboring tokens across popular neural
audio codecs. We first conduct a series of sub-
stitution experiments in the speech reconstruction
task (Défossez et al., 2022; Liu et al., 2025b): in
a sequence of speech tokens encoded from input
speech, a given target token is replaced with one
of its nearest neighbors via multinomial sampling,
before being decoded back into audio. Our find-
ings reveal that replacing a token with its nearest
neighbors typically causes only minor degradation
in reconstructed speech quality. We term this ob-
servation the Neighboring Token Phenomenon.
This observation provides empirical evidence that
codec neighbors are acoustically similar; moreover,
ASR evaluation results also demonstrate that such
neighbor substitutions often preserve the recog-
nized content. Furthermore, our quantitative anal-
yses confirm neighboring token phenomenon is a
widespread phenomenon, evident not only in the
neural audio codecs but also in the neural codec
language models trained upon them.

Notably, the neighboring token phenomenon re-
veals a fundamental mismatch in how language
models (Casanova et al., 2024; Du et al., 2025) are
trained on speech tokens, a process that directly
adopts the CE loss from text generation (Dubey
et al., 2024; Yang et al., 2025). The CE loss en-
forces a one-hot objective, designating only the sin-
gle ground-truth token as the target while treating
acoustically similar neighbors and entirely unre-
lated tokens with the same degree of penalty, com-
pletely ignoring the inherent geometric structure of
the speech token space. This mismatch between
the learning objective and the geometry of speech
token space hinders the model’s ability to learn
more robust and accurate speech representations.

To alleviate this mismatch, we propose a
novel training objective, Multi-Neighbor Cross-
Entropy (MNCE) loss, for training the neural
codec language models in codec-based TTS. Un-
like the standard CE loss, MNCE expands the set

of positive targets to include both the ground-truth
token and its nearest neighbors. By recognizing
these neighbors as acceptable outcomes, MNCE
allows the language model to explore auditorily
valid alternatives, leading to improved intelligibil-
ity and speaker similarity without compromising
the overall audio quality.

Our contributions can be summarized as follows:

* We analyze the Neighboring Token Phenomenon
in codec-based TTS systems, and demonstrate
the prevalence of this phenomenon across both
codec and codec language models. Furthermore,
we reveal the mismatch with the standard CE
training objective.

* Based on this analysis, we propose the Multi-
Neighbor Cross-Entropy (MNCE) loss function,
a simple yet effective generalization of the stan-
dard CE loss. MNCE relaxes the one-hot target
by treating neighboring tokens as valid targets.

» Experimental results validate the effectiveness
of MNCE in various codec-based TTS systems.
MNCE improves Cosy Voice2 by 1.36% absolute
reduction and 35.32% relative reduction in WER,
and 0.9% absolute improvement in speaker simi-
larity Furthermore, expanding the training data
to 20,000 hours validates the excellent scalability
of our approach.

2 Analysis of Neighboring Token
Phenomenon in Codec-based TTS

In this section, we conduct neighbor substitution
experiments in codec-based TTS systems to an-
alyze the neighboring token phenomenon. First,
we introduce the overall analysis method, includ-
ing neighbor identification in the codec codebook
and a sampling strategy for substitution with neigh-
boring token. Then, we apply this method to the
speech reconstruction task and speech generation
task, to investigate the phenomenon for both codec
and neural codec language model.

2.1 Design of Analysis Method

The codec-based TTS system typically involves
three stages: (1) A neural audio codec quantizes
a waveform X into a sequence of discrete speech
tokens S = (s1,$2,...,51). (2) A neural codec
language model predicts a speech token sequence S
from an input text 7. (3) The codec’s decoder syn-
thesizes an audio waveform X from the predicted
sequence S.
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To quantify the impact of the neighboring to-
ken phenomenon, our analysis method centers on
a controlled token substitution process, which is
designed to replace tokens within a ground-truth
sequence S or a predicted sequence S with their
neighboring tokens.

Neighbor Identification. The vocabulary V of
a neural audio codec consists of V' tokens, each
corresponding to a D-dimensional codebook em-
bedding. Let C' € RV *P denote the codebook, and
let ¢; denote the embedding of token s;. We define
the K nearest neighbors of s; as

Nic(si) = TopKy ey ey (= llei = ll2). (1

Neighbor Substitution. For the i-th speech to-
ken in the ground-truth sequence S or the predicted
sequence S, we keep the original token s; with
probability 1 — r and with probability r, we re-
place s; by sampling a substitute token s, from its
neighbor set AV (s;), according to a distance-based
multinomial distribution:

exp(—d(ci, ¢j))
seeN(sy) eXP(—d(ci; k)’
2
where d(c;, ¢;) is the Euclidean distance between
the token embeddings.

p(si=s;|si) = >

To analyze the impact of the neighboring token
phenomenon on different stages of the codec-based
TTS system, we apply the neighbor substitution
method to two distinct tasks: speech reconstruction
for analyzing the codec, and speech generation for
analyzing the neural codec language model.

Speech Reconstruction. We first encode a
ground-truth audio X into its corresponding token
sequence .S, then apply the neighbor substitution
to each token in S to obtain a modified sequence
S’. By comparing the auditory quality of the audio
reconstructed from S’ with that from the original
S, we can measure the perceptual impact of the
neighboring tokens at the codec level.

Speech Generation. The neural codec language
model is used to predict a token sequence S from
an input text 7', then the same substitution process
is applied to S to generate a modified sequence S,
By comparing the final synthesized audio from S/
with that from the original S, we assess how these
neighboring tokens affect the quality of the speech
generated by the language model.

2.2 Analysis

For the speech reconstruction task, we inves-
tigate two popular neural audio codecs, X-
codec2 (Ye et al., 2025), and 53 tokenizer used
in CosyVoice2 (Du et al., 2024). We choose these
two codecs because (1) both deliver strong speech
reconstruction performance and are widely adopted
in multiple codec-based TTS systems (Tian et al.,
2025; Wang et al., 2025); (2) they differ in codec
design: X-codec2 follows the encoder-VQ-decoder
architecture, whereas S® tokenizer uses an ASR
model as the encoder and relies on an additional
flow-matching decoder for waveform synthesis.
These design differences allow us to verify that
the neighboring token phenomenon is consistent
across different codec implementations.

For the speech generation task, based on these
two codecs, we examine two representative codec-
based TTS systems: (1) Llasa (Ye et al., 2025),
based on X-codec2 and Llama3.2 (Dubey et al.,
2024); and (2) CosyVoice2 (Du et al., 2024), based
on S® tokenizer and Qwen?2 (Team et al., 2024).

We evaluate speech reconstruction and speech
generation performance on LibriSpeech test-
clean (Panayotov et al., 2015). We set K = 10,
and » = 0.25. As detailed in Section 4.1, we use
Word Error Rate (WER) for assessing content con-
sistency and Speaker Similarity (SIM) for evaluat-
ing speaker identity. As shown in Section A.1, we
study the sensitivity to the neighbor replacement
probability 7 and find that increasing  from 0.15 to
0.25 leads to slightly larger but still limited degra-
dation in both WER and SIM, indicating that the
neighboring token phenomenon remains consistent
across a range of sampling probabilities.

Speech Reconstruction. Figure 1 indicates that
codec reconstruction is only mildly affected by
neighbor substitution under a token substitution
probability of » = 0.25. For both X-codec2 and
S3 tokenizer, WER gradually increases with minor
fluctuations as K grows, since more distant neigh-
bors can replace the original tokens and slightly
degrade audio quality. SIM follows a similar trend:
a slight decrease at small K, a modest recovery, and
then a slow drift towards a stable and slightly worse
SIM. Overall, enlarging the neighbor set leads to
progressive but small degradations in WER and
SIM, suggesting that neighboring tokens are per-
ceptually valid substitutes for reconstruction.

Speech Generation. As shown in Figure 2,
speech generation exhibits similarly small changes
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Figure 1: Impact of Neighbor Substitution with Probability » = 0.25 on the Speech Reconstruction Task. K = 0
indicates that the original token is kept unchanged. As K increases, the original token can be replaced by more
distant neighbors, which moderately increases WER while keeping SIM changes within a narrow range.
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Figure 2: Impact of Neighbor Substitution with Probability » = 0.25 on the Speech Generation Task. Across codec-
based TTS systems, substituting tokens with their neighbors leads to small changes in WER and SIM, suggesting
that neighboring tokens are perceptually plausible alternatives, validating the neighboring token phenomenon.

with increasing K under the substitution probabil-
ity 7 = 0.25. For both Llasa and CosyVoice2,
WER and SIM vary only slightly up to K =
10, supporting the conclusion that neighboring
tokens are acoustically plausible alternatives for
language-model-predicted sequences. Interestingly,
the degradation in speech generation is smaller than
that in speech reconstruction. For example, with
S3 tokenizer, increasing K from 0 to 10 raises
reconstruction WER from 2.58 to 3.20 (absolute
40.62) and decreases SIM from 90.48 to 89.87 (ab-
solute —0.61). In contrast, for speech generation,
WER increases from 1.69 to 2.05 (absolute +0.36)
and SIM decreases from 73.81 to 73.57 (absolute
—0.24). This may be due to higher tolerance in gen-
eration, since swapping a token to an acoustically
similar neighbor introduces only a small change
and the inference stage already uses stochastic sam-
pling that is robust to such variations.

These results confirm: (1) neighboring token
phenomenon exists not only in the codec but also
in the neural codec language model trained upon
it, spanning the entire codec-based TTS system;
(2) tokens can be substituted by near neighbors

with negligible perceptual impact. These obser-
vations motivate our new training objective that
accounts for neighboring tokens, rather than treat-
ing all non-target tokens as equally incorrect.

3 Multi-Neighbor Token Prediction

In this section, we first revisit the use of the cross-
entropy loss in codec-based TTS systems, includ-
ing how the ground-truth speech tokens are used
as training targets. Based on the analysis in Sec-
tion 2.2, we propose multi-neighbor token predic-
tion, a novel training paradigm that treats neighbor-
ing tokens as partially correct targets, and describe
how it can be incorporated into codec-based TTS.

3.1 Preliminaries

In codec-based TTS, a neural codec language
model parameterized by 6 is trained on pairs
(T, S9%), where T is the text transcription and S9!
is the ground-truth speech token sequence. Fol-
lowing the standard zero-shot TTS setup, we apply
prompt conditioning during training by using the
first N tokens of S9 as a speech prompt S. The
speech prompt conveys speaker timbre and other
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paralinguistic information. Conditioned on 7" and
S, the model predicts the remaining tokens of S9*
after the prompt. We denote this continuation se-
quence by S = (sy,...,sy) for simplicity, where
s1 corresponds to the (N™f + 1)-th token of S9¢.
The model learns the autoregressive conditional
distribution

= ﬁPg (si | T, S, S<i) )

=1

PQ(S ‘ Tvg)

where s<; = (s1,...,8;,—1) and L is the length of
S.

The language model is trained by maximizing
Py(S | T,S), which is equivalent to minimizing

the Cross-Entropy (CE) loss:

L
ECE(Q) = — Z log Py (Sl’ | T, S, S<i) . @

i=1
3.2 Multi-Neighbor Token Prediction

Given the speech-token vocabulary V), at step ¢, the
model outputs logits {z; , }yey and computes

exp(zip)

Py(v|T,S,s5¢) = =
9(1} ‘ y D, S« ) Zuev eXp(Zz‘,u)

&)

From a pairwise comparison perspective, similar
to Circle Loss (Sun et al., 2020), the CE loss in (4)
can be written as

L
exp(z;.s;)
Lce(@)=-) lo - (6)
ce(0) ; g ZuEV exp(zz,u)
L
= Z log Z exp(zz u Z%Sz) (7)
i=1 u€ey

®)

Eq. (8) shows that CE loss encourages the posi-
tive logit z; 5, to exceed each negative logit z; ,,. In
other words, CE loss treats the ground-truth token
s; as the only positive sample, while every other
token u € V' \ {s;} is a negative sample.

Section 2.2 shows that, for codec tokens, nearest-
neighbor tokens often correspond to perceptually
similar audio and can serve as reasonable substi-
tutes. Therefore, using a strict one-hot target in CE
loss may be unnecessarily harsh for codec tokens:
besides the ground-truth token s;, its neighbor to-
kens can be viewed as partially correct targets.

For each position 7, N/(s;) is the set of K near-
est neighbor tokens of s; computed by Eq. (1).

We define the target set tht = {s;}, the posi-
tive set ons {sl} U N (s;), and the negative
set Qr(,eg =V\ onS Ideally, the model should
assign the highest probability to the ground-truth
token, high probabilities to its neighbors, and low
probabilities to all other tokens. Accordingly, our
(%) . -

receive the high

tgt
est logit score; and (2) tokens in Q[(,i))s score higher

objectives are: (1) tokens in {2

than those in Ql(é)g This is also beneficial at infer-

ence time: even if the model does not predict the

exact token s;, preferring Q(O)S over Qr(le)g increases

the chance of generating a neighbor token rather
than an unrelated one, reducing audible degrada-
tion. The standard CE loss already enforces the first
objective, while we focus on the second objective.

To achieve the second objective, we propose
Multi-Neighbor Cross-Entropy (MNCE) loss,
which extends the CE loss by treating neighbor
tokens as positives. Importantly, in autoregressive
generation, early tokens have a significant impact
on the remainder of the sequence. Errors at the
beginning can propagate and be amplified in subse-
quent predictions. In addition, the initial segment
of the speech token sequence is critical for estab-
lishing speaker characteristics and prosody, making
it more sensitive to token perturbations. Hence, we
compute the MNCE loss only from the pgar-th po-
sition onward, as follows:

Lyince(8) =

EL: 1og<1+ >N exp(zi7u—zi7v)>.

=Pstar uweQ, veli,

©)

Notably, when K = 0 and pgare = 1, N'(s;) =
@ and ijgs = {s;}, then LyncE reduces to Lcg.

MNCE loss encourages all positives including
neighbors to outrank negatives, but it does not ex-
plicitly enforce the ground-truth token to dominate
its neighbors. Thus, we use it as a regularizer on
top of the CE loss to satisfy both objectives. The
overall training objective is:

Liotal(0) = Lce(0) + X Lvnce(9),

A controls the multi-neighbor regularization.
Discussion: Why not weight positive logits

based on distance. In practice, to avoid degrad-

ing reconstruction or generation quality, we use a

(10)
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Table 1: Hyper-parameters for MNCE. Frame rate de-
notes the number of frames produced by the codec per
second. Py is the token index in the speech token se-
quence S from which MNCE is applied, and K is the
number of neighbors in the neighbor set .

Neural Audio Codec  Frame Rate  pgan K
WavTokenizer 75 150 6
S? tokenizer 25 50 3
X-codec2 50 100 3

small neighbor set so that selected neighbors re-
main acoustically similar. As a result, the distance
distribution within the neighbor set is negligible.
For example, with X-codec2 at K = 8, the 1st and
8th neighbors of a given s; have average Euclidean
distances 2.07 and 2.11, respectively. Therefore,
we treat all neighbor tokens in ijgs equally and do
not weight positives by their Euclidean distance to
s;, for the simplicity of the algorithmic design.
We precompute neighbor sets offline, so MNCE
loss adds negligible training overhead. The pseu-
docode is provided in Algorithm 1 in Appendix.

4 [Experiments

4.1 Experimental Setup

Datasets. We train neural codec language models
on LibriTTS (Zen et al., 2019) (960 hours). For the
speech generation task, we conduct in-domain eval-
uation on LibriSpeech-PC test-clean following the
configuration of FSTTS (Chen et al., 2025b). We
additionally evaluate out-of-domain generalization
on SEED ftest-en (Anastassiou et al., 2024). For
data scaling experiments, we train on Emilia (He
et al., 2024) using 20,000 hours of speech.

Baseline Models. We evaluate our method
on zero-shot text-to-speech, which is a repre-
sentative speech generation task. We com-
pare against open-source TTS systems, includ-
ing MaskGCT (Wang et al., 2024), Llasa (Ye
et al., 2025), CosyVoice2 (Du et al., 2024),
CosyVoice3 (Du et al., 2025), F5-TTS (Chen et al.,
2025b) and VibeVoice (Peng et al., 2025). In addi-
tion, for each codec-based TTS setup considered in
our experiments, we train two codec language mod-
els, one using the standard CE objective only and
the other using the proposed MNCE objective. We
also include label smoothing (Miiller et al., 2019)
in our comparisons as the baseline.

Training Details. We adopt Qwen-2.5-0.5B
as the backbone of the neural codec language
model and consider three types of neural audio

Table 2: Objective speech generation results on SEED
test-en, compared with SOTA and open-source TTS
systems. The best result is in bold and the second-best
is underlined. & denotes the model reproduced and
trained with our MNCE loss, { denotes results inferred
from the official checkpoints, and  denotes results cited
from JoyVoice (Yu et al., 2025) or the original papers.

TTS model Data Scale WER (%))  SIM(%)7T
MaskGCT? 100Kh 2.62 73.0
LLasa® 250Kh 3.34 60.6
CosyVoice2® 170Kh 2.35 73.9
CosyVoice3-0.5BT - 2.02 79.0
F5-TTS! 95Kh 1.83 74.2
Vibe Voice-7Bf - 4.42 59.4
CosyVoice2*® 20Kh 1.69 72.8

codecs: an acoustic codec WavTokenizer (Ji et al.,
2024), a semantic codec S 3 tokenizer (Du et al.,
2024), and a mixed-semantic-acoustic codec X-
codec2 (Ye et al., 2025). We use ttsfrd > to tran-
scribe the input text as phonemes, and use a speech
prompt of approximately 3 seconds, correspond-
ing to N™' speech tokens depending on the codec
frame rate. We train the language model with the
Adam optimizer (Diederik, 2014) for 100,000 it-
erations, using a learning rate of 9.5 x 10~* and
B =1(0.9,0.99).

When applying the MNCE loss in Eq. (10), we
set A = 0.1 and compute MNCE only from the
token position corresponding to 2 seconds of target
speech. Since different codecs have different frame
rates, this corresponds to different values of pgart,
as summarized in Table 1. Other details are also
listed in Table 1. The inference hyper-parameters
of the codec-based TTS systems are provided in
Table 6 in the appendix.

Evaluation Metrics. (1) Objective evaluation.
We use Whisper (Radford et al., 2023) to transcribe
the generated speech and compute the word er-
ror rate (WER). For speaker similarity (SIM), we
extract speaker embeddings from the generated
speech and the prompt audio using the ERes2Net
speaker verification model (Chen et al., 2024),
and compute the cosine similarity between the £5-
normalized embeddings. To assess naturalness, we
report the score of UTMOS (Saeki et al., 2022), an
automatic predictor of MOS for generated speech.
(2) Subjective evaluation. We randomly select 50
utterances from the LibriSpeech-PC test-clean and
conduct mean opinion score (MOS) and similarity
MOS (SMOS) evaluations (Chu and Peng, 2006).

2https://huggingface.co/FunAudioLLM/
CosyVoice-ttsfrd
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Table 3: Objective speech generation results on LibriSpeech-PC test-clean and SEED test-en. The best result is
in bold and the second-best is underlined. & denotes the model trained with MNCE loss, LS denotes the model
trained with Label Smoothing, {» denotes results inferred from the official checkpoints, and 1 denotes results cited

from the original papers.

Neural Neural Codec LibriSpeech-PC test-clean SEED test-en
Audio Codec Language Model Data Scale
guag WER (%)] SIM(%)t UTMOST WER (%)} SIM(%)T UTMOS?
Ground Truth / / 2.13 69.7 4.04 2.14 74.2 3.51
X-codec2 LLasa® 250,000h 2.97 55.4 427 3.34 60.6 3.95
53 tokenizer  CosyVoice2® 170,000h 1.69 73.7 4.34 2.35 73.9 4.16
WavTokenizer QVen23 960h 6.61 45.7 4.04 10.21 44.6 3.76
Qwen2.5% 960h 4.81 46.9 4.07 7.39 45.1 3.80
Qwen2.5 960h 4.13 49.5 425 4.82 49.4 3.97
X-codec2 Qwen2.5% 960h 2.89 50.1 425 3.51 50.2 3.97
Qwen2.5%° 960h 3.82 49.6 423 3.98 49.2 3.95
Qwen2.5 960h 3.85 71.9 430 457 72.8 4.13
53 tokenizer Qwen2.5% 960h 2.49 72.8 432 3.45 73.3 4.13
Qwen2.5"° 960h 3.38 72.7 431 4.08 72.8 4.12
S tokenizer  QVEN2S 20,000h 2.38 72.1 432 2.27 71.7 4.11
Qwen2.5% 20,000h 1.67 72.1 4.33 1.69 72.8 4.12

Table 4: Subjective speech generation evaluation re-
sults on LibriSpeech-PC test-clean. The best result is
in bold and the second-best is underlined. & denotes
the model trained with MNCE loss, {> denotes results
inferred from the official checkpoints. The subscript
(e.g., 960h) denotes the training data scale.

Neural Neural Codec Subjective
Audio Codec  Language Model MOST SMOST
X-codec2 LLasa$, 4.16 4.07
S® tokenizer ~ CosyVoice2%,  4.36 4.34

Qwen2.5960h 3.76 3.82
X-codec2
e i im
3 : WENZ.3960h . .
S* tokenizer 8wen§.§;'z,0h igé 352
3 : WENZ.320Kh . .
S tokenizer (e 5% 425 429

MOS measures the naturalness of the generated
speech. SMOS measures timbre similarity between
the generated speech and the prompt speech.

4.2 Speech Generation Results

Comparison with SoTA. Table 2 compares MNCE
with SOTA and open-source TTS systems on SEED
test-en. The reproduced Cosy Voice2 system is built
on the S® tokenizer and a Qwen2.5-based neural
codec language model, and is trained with the pro-
posed MNCE loss function. With 20K hours of
training data, this MNCE-trained system achieves
the best WER of 1.69, outperforming the previous
best result from F5-TTS (WER 1.83) and improv-
ing over the official CosyVoice2 checkpoint (WER
2.35). These results indicate that MNCE yields con-

sistent gains when applied to a strong codec-based
TTS system.

Objective evaluation. Table 3 reports speech
generation results on LibriSpeech-PC ftest-clean
and SEED fest-en. In addition to open-source base-
lines evaluated from their released checkpoints,
we train our own codec language model based on
Qwen?2.5 with three neural audio codecs (WavTok-
enizer, X-codec2, and S3 tokenizer), and compare
two training objectives: the standard CE loss and
CE augmented with MNCE. We find that:

(1) Across different codecs, MNCE consistently
improves WER, SIM, and UTMOS, indicating
higher-quality generated speech. These gains hold
for acoustic codecs (e.g., WavTokenizer), semantic-
acoustic mixed codecs (e.g., X-codec2), and se-
mantic codecs (e.g., S3 tokenizer). MNCE sub-
stantially reduces WER, indicating better intelligi-
bility and content accuracy, and it also increases
SIM and slightly improves UTMOS, suggesting
improved speaker consistency and speech natural-
ness. For instance, with 960 hours of training data,
MNCE improves S° tokenizer + Qwen2.5 by a
1.36% absolute and a 35.32% relative reduction
in WER and a 0.9% absolute increase in SIM on
LibriSpeech-PC test-clean. These gains are also
consistent on the out-of-domain SEED test-en set,
indicating improved generalization. For example,
with 960 hours, MNCE reduces WER for 52 tok-
enizer + Qwen2.5 from 4.57 to 3.45.

(2) MNCE remains effective under data scal-
ing. For S? tokenizer with Qwen2.5, scaling the
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training data from 960 hours to 20,000 hours still
preserves clear gains from MNCE. In particular, on
LibriSpeech-PC test-clean, MNCE reduces WER
from 2.38 to 1.67, which corresponds to a 0.71%
absolute and 29.83% relative reduction.

(3) The model trained with MNCE loss achieves
competitive performance with substantially less
training data. With only 20,000 hours of train-
ing data, our S3 tokenizer + Qwen2.5 model
trained with MNCE achieves a WER of 1.67 on
LibriSpeech-PC test-clean, which is comparable to,
and even slightly better than, CosyVoice2 (WER
1.69) trained on 170,000 hours. This indicates that
MNCE can narrow the performance gap to large-
scale TTS systems using much less training data.

(4) MNCE also outperforms label smoothing,
suggesting that uniformly distributing probability
mass over the whole vocabulary is less effective
than exploiting the neighborhood structure of the
codec token space.

Subjective evaluation. As shown in Table 4,
MNCE generally improves MOS and SMOS across
different codecs, indicating better perceived natu-
ralness and speaker similarity. These subjective
gains are consistent with the objective improve-
ments in WER and SIM.

4.3 Ablation Study

Table 5 in the appendix studies the effect of the
MNCE start index pgre and the neighbor set size
K. We make the following findings.

(1) Impact of pgart. Fixing K = 3, applying
MNCE from a moderate position yields the best re-
sults (WER 2.89 at pgiart = 100), while starting too
early (psaarr = 0) or too late (psare = 150) brings
smaller gains. We attribute this to the sensitivity
of autoregressive generation to early tokens: when
Dstart 18 too small, relaxing the one-hot targets at the
beginning may introduce errors that propagate to
subsequent predictions; when pgy is too large, the
regularization signal becomes too weak. Overall, a
moderate pgr provides a better trade-oft.

(2) Impact of K. Fixing pgae = 100, a mod-
erate neighbor set size performs best (WER 2.89
at K = 3). Increasing K does not monotonically
improve performance and can even hurt WER (e.g.,
WER 3.86 at K = 5). We also observe that the
MNCE loss tends to increase with larger K, sug-
gesting that the model struggles to simultaneously
account for too many neighbors. Moreover, Sec-
tion 2.2 shows that substituting a token with a small
number of nearest neighbors already causes lim-

ited quality degradation, implying that selecting an
appropriate, rather than the largest, neighbor set is
sufficient in practice.

5 Related Work

Neural Audio Codecs. Discrete speech tokens
are usually extracted using self-supervised learn-
ing (SSL) speech models or neural audio codecs,
which can be grouped into three categories. Seman-
tic codecs focus on linguistic content, such as 53
tokenizer (An et al., 2024; Du et al., 2024), which
incorporates an ASR auxiliary task during train-
ing to encourage the tokenizer to produce seman-
tic tokens. Acoustic codecs aim for high-fidelity
reconstruction and preserve rich acoustic details,
including EnCodec (Défossez et al., 2022; Liu
et al., 2025b), HiFiCodec (Yang et al., 2023), Wav-
Tokenizer (Ji et al., 2024), and UniCodec (Jiang
et al., 2025). Semantic-acoustic-mixed codecs
seek high-quality audio reconstruction while re-
taining rich semantic information; they typically
leverage a pretrained SSL speech encoder (Baevski
et al., 2020; Hsu et al., 2021) to extract seman-
tic representations, as in SpeechTokenizer (Zhang
et al., 2023b) and X-codec2 (Ye et al., 2025).

Neural Codec Language Models. Neural codec
language models (Chen et al., 2025a; Yang et al.,
2024; Liu et al., 2025a) predict speech tokens,
which are then decoded into waveforms by codecs.
CosyVoice2 (Du et al., 2024) uses 53 tokenizer
to extract semantic tokens and synthesizes speech
with a flow-matching decoder. MaskGCT (Wang
et al., 2024) predicts discrete semantic and acous-
tic tokens using a mask-and-predict paradigm.
Llasa (Ye et al., 2025) adopts X-codec2, which
encodes semantics and acoustics simultaneously.
These neural codec language models are typically
trained with the standard cross-entropy loss, which
treats the target token as the only correct label, ig-
noring the neighborhood structure of codec token
spaces. While label smoothing (Miiller et al., 2019)
also relaxes one-hot supervision, it distributes prob-
ability mass uniformly over the whole vocabulary
and does not leverage neighbor tokens, and thus
is less targeted for codec tokens. To address this
mismatch, we propose MNCE loss and improve
the performance of codec-based TTS systems.

6 Conclusions

In this paper, we identify a mismatch in codec-
based TTS between the one-hot CE objective and

23725



the geometry of codec token spaces. Neighbor-
substitution analyses in both speech reconstruction
and generation verify the Neighboring Token Phe-
nomenon, where nearest-neighbor tokens are of-
ten perceptually plausible substitutes. To address
this, we propose Multi-Neighbor Cross-Entropy
(MNCE) loss, which extends CE by treating the
ground-truth token and its nearest neighbors as a
positive set. Experiments on diverse codec-based
TTS systems show that MNCE consistently im-
proves speech generation quality and robustness,
with gains persisting under data scaling.

Limitations

This paper explores the neighboring-token phe-
nomenon in speech reconstruction and speech gen-
eration, and proposes the MNCE loss. Neverthe-
less, several limitations remain.

(1) The neighbor set is typically precomputed
globally, whereas token substitutability can be
context-dependent and may vary with phonetic po-
sition, speaker characteristics, and prosody. As a
result, a fixed neighbor set may include suboptimal
positives in certain contexts.

(2) When K is set too large, MNCE may over-
relax one-hot supervision and distribute probability
mass across multiple neighbors, potentially leading
to slightly duller articulation or blurred fine-grained
acoustic details.

(3) MNCE introduces additional hyper-
parameters (e.g., K, A, and pga¢) and requires
neighbor computation, which can increase tuning
effort and training overhead.

Ethics Statement

This work should be deployed in a responsible man-
ner, with due respect for speaker consent, data pri-
vacy, and relevant synthetic-media policies.
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A.1 More Results of Neighbor Token
Phenomenon

Figure 3, 4 and 5 demonstrate the speech genera-
tion results with neighbor replacement, and we can
draw the following conclusions.

(1) The Neighboring Token Phenomenon holds
in the generation setting and is relatively robust: re-
placing tokens with their nearest neighbors causes
only limited changes in WER and SIM for both
Llasa and CosyVoice2, indicating that neighbor
tokens are often perceptually plausible alternatives.

(2) Increasing the number of neighbors K gener-
ally leads to larger degradation, especially in WER.
As the neighborhood expands to include more dis-
tant tokens, replacements are more likely to intro-
duce content errors and reduce speaker consistency.

(3) The system becomes more sensitive to K
when the replacement probability r increases. As r
grows from 0.15 to 0.25, the degradation becomes
more noticeable, but it remains relatively small
overall, suggesting that neighbor substitutions are
still mostly safe even at higher replacement rates.

(4) The same trends are observed across different
codec designs, indicating that the phenomenon is
consistent across implementations. Meanwhile, the
degradation patterns are not identical across sys-
tems, implying that different tokenizers may have
different tolerance to neighborhood expansion.

A.2 Pseudo-code for MNCE loss

As shown in Algorithm 1, the pseudocode com-
putes MNCE at each position by forming a pos-
itive set (the ground-truth token and its nearest
neighbors), computing log-sum-exp terms for the
positives and for the full vocabulary, deriving the
corresponding negative term via log-sub-exp, and
then applying a softplus to obtain the per-position
loss. An attention mask (set to 1 only after N™) is
used to average the loss over valid positions only.

Key numerical-stability techniques to prevent
overflow and instability:

(1) Log-sum-exp (LSE) for log > " exp(-), avoid-
ing overflow from computing exp and summing in
linear space.

(2) Stable log-sub-exp: log(exp(a) —exp(b)) =
a + log(1l — exp(b — a)), avoiding catastrophic
cancellation when subtracting large numbers.

(3) Softplus for log(1 + exp(x)), avoiding over-
flow when z is large.

A.3 Results of Ablation Study

Table 5 studies the effect of the MNCE start index
Pstart and the neighbor set size K. We draw the
following conclusions:

(1) Impact of pgart. With K = 3, a moderate
start index performs best (WER 2.89 at pgax =
100), while starting too early (pstart = 0) or too
late (psart = 150) yields smaller gains. This is
consistent with the sensitivity of autoregressive
generation to early tokens: a small pgp¢ may in-
troduce errors that propagate, whereas a large pgeart
weakens the regularization signal.

(2) Impact of K. With pg.« = 100, a moderate
neighbor set performs best (WER 2.89 at K = 3).
Increasing K does not monotonically help and can
even degrade WER (e.g., 3.86 at K = b5); cor-
respondingly, the MNCE loss tends to increase
with larger K, suggesting optimization becomes
harder when too many neighbors are treated as
positives. Together with the neighbor-substitution
results in Section 2.2, this indicates that an appro-
priate (rather than the largest) K is sufficient in
practice.

A.4 Detailed hyper-parameters of Neural
Codec Language Models

Table 6 demonstrates the hyper-parameters of in-
ference for various codec-based TTS systems.
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Algorithm 1: Multi-Neighbor Cross-
Entropy (MNCE) Loss

Input: Z € RB*S*V: logits over the full
vocabulary at each position;

Z+ € RBXSXKE: Jogits of the positive set

(ground-truth token and its K nearest

neighbors) at each position;

M € {0,1}5*5 (optional): attention mask

where M), ; = 1 indicates the position is

included in the loss (e.g., s > N'),

otherwise ignored.

Output: £: scalar MNCE loss averaged

over valid positions.

forb =1to B do
for s =1to S do
by LSE(—-Zy,.);
// log ZUGQPOS exp(—2y)
Cap,s < LSE(Zy.:) 5
/7 1log ),y exp(zy)
Cposs < LSE(Z,.) 5
/7 log }eq,, €xP(2v)
£y < LogSubExp (€a117b7sa fpos,b,s)
; // log Zueﬂneg exp(zy)
Ly ¢ < Softplus (6;8 + EIS) ;

17 108(1+ g, ¢ Cop )

if M is provided then
> b,s Mo,s Li,s
L —=2— "
Zb,s Mbvs
else
1
i L« BS Zb,s Ly,

return £

Definitions:
LSE(x) = log ), exp(x;) (log-sum-exp).
Softplus(z) = log(1 + exp(x)).
LogSubExp(a,b) =
a+log (1 — exp(b — a)) (stable
log(exp(a) — exp(b)), assuming a > b).

Table 5: Ablation study on X-codec2 with Qwen2.5,
which is trained on LibriTTS 960h and evaluated on the
LibriSpeech test-clean subset. pgu.y is the token index
in the speech token sequence S from which MNCE
is applied, and K is the number of neighbors in the
neighbor set V.

paat K | WER (%)) SIM(%)? UTMOS?

0 0| 413 49.5 4.25
0 3 3.76 49.9 423
50 3 3.13 492 425
100 3 2.89 50.1 4.25
150 3 4.05 494 424
100 1 3.94 49.8 421
100 2 3.37 50.0 423
100 3 2.89 50.1 4.25
100 4 3.16 49.8 425
100 5 3.86 49.7 424
100 6 3.23 49.9 424

Table 6: Inference hyper-parameters for different codec-
based TTS systems. All systems use a Qwen2.5-based
codec language model but differ in the neural codec
and decoding configuration. The decoding settings for
the X-codec2-based system follow the official imple-
mentation (https://huggingface.co/HKUSTAudio/
Llasa-1B), and the S tokenizer-based system follow
the official implementation (https://github.com/
FunAudiolLLM/CosyVoice/tree/main/cosyvoice).

Codec ‘ Top-p ‘ Top-k ‘ Temperature
WavTokenizer 1.0 40 0.9
X-codec2 1.0 50 0.8
S3 tokenizer 0.8 25 1.0
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