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Abstract

One factor contributing to the performance discrepancy be-
tween large language models and spoken language models is
the modality gap in their representations. To address this is-
sue, we introduce SUBALIGN, the first speech tokenization
framework to explicitly segment speech at the subword level
corresponding to large language model vocabularies. Each
resulting SUBALIGN unit is composed of the textual con-
tent, acoustic features, and duration associated with its re-
spective subword. Building on this framework, we present
SUBALIGN-SLM, a spoken language model trained on SUB-
ALIGN units, and demonstrate the effectiveness of SUB-
ALIGN on downstream tasks. Extensive automatic and hu-
man evaluations show that SUBALIGN-SLM surpass base-
line models, demonstrating the potential of SUBALIGN for
speech processing applications.

1 Introduction
Large language models (LLMs) have demonstrated remark-
able progress in language processing capabilities, especially
in generative tasks. Recent studies have sought to extend the
capabilities of LLMs to spoken language models (SLMs),
which jointly model the acoustic and semantic aspects of
spoken language (Lakhotia et al. 2021). However, SLMs of-
ten fall behind LLMs in producing semantically coherent
outputs (Wang et al. 2024; Choi et al. 2024). This perfor-
mance discrepancy stems from the modality gap between
speech and text, including the differences in sequence length
distribution and the presence of rich paralinguistic informa-
tion.

Inspired by the use of discrete representations in LLMs,
Lakhotia et al. (2021) propose training SLMs using discrete
speech tokens computed from raw audio. However, since
acoustic signal is typically segmented at a finer temporal res-
olution than text, speech tokenization often result in greater
number of tokens per utterance compared to text. This in-
creases the challenge of modeling long-range dependencies,
leading to performance degradation in SLMs.

Recent studies sought to address this problem by reduc-
ing the length of the speech representation sequence and ob-
served some performance improvements (Cho et al. 2025;
Baade, Peng, and Harwath 2025).Although these approaches
successfully lower the temporal resolution of speech frames,
they do not account for the vocabularies of the downstream

LLMs, which may limit their effectiveness in downstream
applications. Tseng et al. (2025), on the other hand, intro-
duce a text-aligned speech tokenization approach that fixes
the number of speech tokens to the corresponding LLM
token length. However, their method relies on word-level
alignments and duplicates word-level representations to sub-
words, which does not fully exploit subword-level granular-
ity and may result in the loss of fine-grained acoustic or par-
alinguistic information.

In this work, we propose SUBALIGN, the first speech to-
kenization framework that determines speech token bound-
aries based on LLM subword vocabularies. Our approach
first aligns speech frames to individual characters using
monotonic alignment search, then aggregates the corre-
sponding frames to construct subword-level representations.
This aggregation method enables the framework to accom-
modate infrequent words or tokens effectively.

Experimental results on speech reconstruction show that
the SUBALIGN framework outperforms speech tokenizers
with similar bitrates. Furthermore, SUBALIGN-SLM, an
SLM trained on SUBALIGN units, achieves strong perfor-
mance on likelihood-based classification tasks and surpasses
baseline models in speech continuation, exhibiting superior
acoustic consistency and semantic coherence.
Our key contributions are as follows:

• We present SUBALIGN, the first speech tokenization
framework to explicitly segment speech at the subword
level corresponding to LLM vocabularies.

• SUBALIGN-SLM exhibits superior performance com-
pared to the baseline models, demonstrating the promise
of SUBALIGN for speech processing applications.

• We improve the stability of speech-subword alignment
with a two-step approach: first, computing character-
level speech alignments, then aggregating them to the
subword level.

2 Related Work
Spoken Language Models SLMs have followed the
trends established by LLMs, adopting next token prediction
as the training objective. Early SLMs (Lakhotia et al. 2021;
Kharitonov et al. 2022; Borsos et al. 2023) bypass textual
supervision entirely, directly generating audio from acoustic
cues. While these approaches capture prosody and speaker



characteristics, they often struggle with maintaining long-
range semantic coherence. To address these limitations, re-
cent work leverages textual pretraining (Hassid et al. 2023;
Défossez et al. 2024) or joint speech-text modeling (Nguyen
et al. 2025; Gao et al. 2025), substantially improving seman-
tic consistency and fluency. Despite these advances, SLMs
still lag behind LLMs in generating coherent, contextually
appropriate output.

Speech Tokenization Speech tokenization is a critical
step for spoken language modeling. Recent methods dis-
cretize speech into tokens, often using vector quantization.
Early approaches adopted frame-level tokens (Hsu et al.
2021; Lakhotia et al. 2021; Hassid et al. 2023), which pre-
serve phonetic detail but produce long sequences that hin-
der efficient modeling. To reduce sequence length, some ap-
proaches (Cho et al. 2025; Baade, Peng, and Harwath 2025)
compress speech into syllable-level units, though these re-
main misaligned with LLM vocabularies and still lack se-
mantic information. Text-aligned methods (Tseng et al.
2025) address this by mapping speech to ASR vocabularies.
However, due to mismatches between ASR and LLM vo-
cabularies, this approach compresses acoustic tokens at the
word level, potentially sacrificing granularity in the acoustic
representation.

Speech-Text Alignment Speech-text alignment has long
been a critical challenge in both automatic speech recog-
nition (ASR) and text-to-speech (TTS) research. Early ap-
proaches addressed this problem using statistical models
such as Gaussian Mixture Models and Hidden Markov
Models to model the correspondence between speech and
text (McAuliffe et al. 2017; Duan et al. 2013). More re-
cently, ASR models use Connectionist Temporal Classifica-
tion (CTC) loss (Graves et al. 2006). Using CTC loss, ASR
models align audio frames with text by marginalizing over
all possible alignments without requiring pre-segmented
data. In TTS systems (Kim et al. 2020; Kim, Kong, and
Son 2021), alignment estimation is often achieved via mono-
tonic alignment search, a dynamic programming technique
that finds the most probable monotonic path between text
and speech features. Similar to this, Badlani et al. (2022)
proposed a unified framework for alignment learning based
on forward-sum and Viterbi algorithms with static priors,
resulting in improved alignment robustness and synthesis
quality.

3 Approach: SUBALIGN

Our framework, SUBALIGN, tokenizes speech so that the
temporal boundaries of the speech units align with the sub-
word boundaries in the text, ensuring that each speech token
corresponds to a single subword token. SUBALIGN consists
of two components: (a) Speech Tokenization, which con-
verts input speech into a sequence of subword-aligned dis-
crete units; and (b) Speech Reconstruction, which restores
the original speech from these units. Figure 1 shows the
overview of the framework.

3.1 Speech Tokenization
Aligning speech directly with the subword vocabularies of
modern LLMs presents significant challenges, due to the
extensive vocabulary size and the need for a large speech
dataset that covers all vocabulary items. To address these is-
sues, our framework proposes an alternative approach that
aligns speech with individual characters and aggregates
character-level representations to derive subword-level rep-
resentations. This approach assumes a monotonic alignment
between speech and subwords or characters.

The tokenization process consists of four steps: (i) Speech
Encoding for extracting frame-level features, (ii) Speech-
Character Alignment for mapping frames to characters, (iii)
Subword-Level Aggregation for pooling character-level fea-
tures into subword representations, and (iv) Quantization for
discretizing subword embeddings via residual vector quan-
tization (RVQ).

Speech Encoding We use a pretrained speech encoder to
extract frame-level representations from the raw audio in-
put x. The encoder produces two types of features for each
frame: semantic features xs = (xs

1, . . . , x
s
T ) and acoustic

features xa = (xa
1 , . . . , x

a
T ). The semantic features xs cor-

respond to the final hidden states at each timestep of the
speech encoder outputs. The acoustic features xa are com-
puted by concatenating the hidden states from the lower lay-
ers of the speech encoder:

xs,xa = SPEECHENCODER(x; θ). (1)

By separating the two features, our framework can utilize
high-level semantic information for alignment computation
while preserving the acoustic details essential for tasks such
as speech reconstruction.

Speech-Character Alignment To obtain character-level
boundaries of speech frames, we first generate the corre-
sponding transcript τ using an ASR model, resulting in a
sequence of characters τ = (c1, . . . , cL). For each semantic
feature xs

t , we use a linear classifier to predict the probability
logits over the character set C. The classifier is trained with
the CTC objective, which maximizes the likelihood of the
alignment between the speech and the character sequence.

Given the target character sequence c = (c1, . . . , cL), the
set of all valid monotonic alignments is defined as:

A(c, T ) =
{
π ∈ {1, . . . , L}T | πt+1 ≥ πt

}
. (2)

The CTC loss is computed as:

LCTC = − log
∑

π∈A(c,T )

T∏
t=1

pθ (cπt | xs
t ) . (3)

During inference, we compute the most probable frame-to-
character alignment by applying the Viterbi algorithm:

π∗ = argmax
π∈A(c,T )

T∑
t=1

log pθ (cπt | xs
t ) . (4)
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Figure 1: Overview of SUBALIGN: (a) Raw speech is processed through the speech encoder to extract frame-wise semantic
and acoustic features (xs,xa). First, character-level alignment is computed using semantic features via CTC-based monotonic
alignment search, and the aligned segments are then matched to LLM subwords. The corresponding acoustic features are ag-
gregated via attention-based pooling and discretized through Residual Vector Quantization (RVQ), producing SUBALIGN units
(wn,qn, dn) that contain subword text, quantized acoustic codes, and duration. (b) Speech is reconstructed from SUBALIGN
units with two-stage decoding. First, subword embeddings (vn) are computed and concatenated with quantized acoustic em-
beddings (ẑn), then repeated according to their durations (dn) to form frame-level representations. These are subsequently
converted into target speech units and synthesized into waveforms using a pretrained speech unit vocoder.

Subword-Level Aggregation After obtaining the frame-
to-character alignment π∗, we determine subword bound-
aries by grouping consecutive characters according to
the subword tokenizer. For each subword wn =

(w
(1)
n , . . . , w

(ℓn)
n ), where w

(i)
n is the i-th character and ℓn

is the length of subword wn, we define the corresponding
set of frame indices as:

Tn =

{
t |

n−1∑
i=1

ℓi ≤ π∗
t <

n∑
i=1

ℓi

}
. (5)

We apply attention-based pooling on the acoustic features
(xa

t )t∈Tn
to get the subword-level representations. Specifi-

cally, we prepend a learnable [AGG]T token to the features
and process the sequence using a shallow Transformer en-
coder. The final hidden state of the aggregate token serves
as the subword-level embedding:

zn = TRANSFORMER
(
[AGG]T, (xa

t )t∈Tn
; θ
)
. (6)

This process yields a sequence of subword embeddings z =
(z1, . . . , zN ), where each zn ∈ RD represents the acoustic
content of subword wn.

Residual Vector Quantization Each subword acoustic
features zn are discretized using RVQ. The RVQ mod-
ule consists of R stages. At each stage r, a codebook
with vocabulary size K is used to quantize the residual

of the previous stage. This produces code indices qn =

(q
(1)
n , . . . , q

(R)
n ), where q

(r)
n ∈ {1, . . . ,K}. Subsequently,

we can approximate the original embedding by summing all
vectors corresponding to the code indices at each stage:

ẑ(r)n = CODEBOOKr(q
(r)
n ), ẑn =

R∑
r=1

ẑ(r)n (7)

Both the discrete code sequences q = (q1, . . . ,qN ) and
the quantized embeddings ẑ = (ẑ1, . . . , ẑN ) are temporally
aligned with the subword sequence. The codebook weights
are updated using exponential moving average (EMA), and
the quantizer is trained by minimizing the commitment loss:

LRVQ(θ) =
1

N

N∑
n=1

∥zn − sg[ẑn]∥22 (8)

where sg[·] is the stop-gradient operator to prevent gradients
from flowing into the codebooks.

After tokenization, each SUBALIGN unit is represented
as a tuple (wn,qn, dn). Here, wn denotes a subword, qn =

(q
(1)
n , . . . , q

(R)
n ) is the R-tuple of quantized acoustic code

indices, and dn = |Tn| represents the number of acoustic
frames associated with wn.

3.2 Speech Reconstruction
Instead of directly generating waveforms from SUBALIGN
units, we adopt a two-stage strategy: we first predict inter-
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Figure 2: Overview of SUBALIGN-SLM. The model au-
toregressively generates SUBALIGN units with a delayed
prediction pattern. It is initialized from a pretrained LLM
and extended with modality-specific heads for predicting
subwords, acoustic tokens, and durations.

mediate frame-level speech unit representations and sub-
sequently decode them into waveforms using a pretrained
speech unit vocoder.

To enable frame-wise prediction, we construct a frame-
level input sequence from subword-level SUBALIGN units.
For each subword wn = (w

(1)
n , . . . , w

(ℓn)
n ), we first obtain

its semantic representation by aggregating the embeddings
of its individual characters using a Transformer encoder with
an attention-based pooling mechanism:

vn = TRANSFORMER
(
[AGG]R,Embed(w(i)

n )
ℓn

i=1; θ
)
,

(9)

where [AGG]R is a learnable aggregation token prepended
to the character sequence.

Next, we concatenate the subword embedding vn with
its corresponding quantized acoustic representation ẑn, and
repeat the resulting vector dn times to match the desired
frame-level resolution:

u =
(
[v1 ⊕ ẑ1]

×d1 , . . . , [vN ⊕ ẑN ]×dN
)
. (10)

The resulting sequence u is fed into a Transformer
encoder-based Speech Unit Predictor, which predicts the tar-
get frame-level speech units s = (s1, . . . , sT ):

ŝ = SPEECHUNITPREDICTOR(u; θ). (11)
Finally, the predicted sequence ŝ is passed through a pre-

trained vocoder to reconstruct the waveform. The model is
trained using a cross-entropy loss between the predicted dis-
tribution and the ground-truth speech unit tokens:

LREC(θ) = − 1

T

T∑
t=1

log pθ(st | u). (12)

3.3 Training Objective
All modules are trained jointly in an end-to-end manner. The
training objective is the sum of three losses:

L(θ) = LCTC(θ) + LRVQ(θ) + LREC(θ). (13)

3.4 SUBALIGN-SLM
Building on the SUBALIGN framework, we introduce SUB-
ALIGN-SLM, a spoken language model which operates on
sequences of SUBALIGN units. SUBALIGN-SLM is an au-
toregressive language model finetuned to follow a delayed
prediction pattern; the model generates acoustic codes and
duration for one step after producing the corresponding sub-
word token. Specifically, for the n-th unit in the sequence,
the model predicts the subword wn at the n-th generation
step, and then predicts the acoustic code qn and the duration
dn at the (n+ 1)-th step. Figure 2 illustrates this process.

We initialize SUBALIGN-SLM from a pretrained LLM
and incorporate modality-specific prediction heads: one for
subwords, R for acoustic codes, and one for duration. The
model is trained using the sum of cross-entropy losses over
all prediction targets:

LSLM =− 1

N

N∑
n=1

log pSLM(wn | w<n,q<n−1, d<n−1)

− 1

N

N∑
n=1

log pSLM(q(∗)n , dn | w≤n,q<n, d<n).

(14)

4 Experiment Setup
4.1 Implementation
We use Whisper-large-v3 (Radford et al. 2023) to ob-
tain transcripts from speech data. We adopt the pretrained
Data2vec2.0-base (Baevski et al. 2022) as the speech
encoder, which consists of a CNN feature extractor followed
by an 8-layer Transformer encoder with 12 attention heads
and 768 hidden dimensions. We use the hidden states from
the first four layers as the acoustic features. The subword-
level aggregator is implemented as a 2-layer Transformer
encoder. For discretizing the acoustic features, we use an
RVQ with three stages (R = 3) and a codebook size of 512
at each stage.

For speech reconstruction, we adopt S3 tokens from
CosyVoice (Du et al. 2024) as the target speech units, and
extract speaker embeddings using the same approach. The
speech unit predictor is a 6-layer Transformer encoder with
8 attention heads and 768 hidden dimensions. The same ar-
chitecture is used for character aggregation in the subword-
level aggregator.

For SUBALIGN-SLM, we experiment with two backbone
LLMs: Llama-3.2-1B (Grattafiori et al. 2024) and Qwen3-
1.7B (Yang et al. 2025). The SUBALIGN-SLM (punc) refers
to the setting where the ASR model is prompted to include
punctuations in the transcripts.

Training We train both the tokenizer and the SLMs using
two datasets: the English subset of Emilia (He et al. 2024)
(40,000 hours) and the LibriTTS train set (Zen et al. 2019)
(565 hours). Emilia provides web-scale speech data with
pseudo-transcripts, while LibriTTS offers clean, read-style
recordings.



Model Bitrate ↓ Quality Similarity

WER ↓ UTMOS ↑ SECS ↑ F0 RMSE ↓ STOI ↑ DC ↑
Mel + BigVGAN – 4.23 3.73 0.867 57.13 0.992 0.996

SpeechTokenizer 4000 5.06 3.57 0.820 67.25 0.909 0.982
SpeechTokenizer 2000 7.04 3.28 0.639 71.21 0.866 0.977
SpeechTokenizer 1000 10.90 2.21 0.325 89.49 0.765 0.969
Mimi 1000 7.28 3.37 0.633 66.85 0.897 0.978
WavTokenizer 900 7.82 3.69 0.711 68.08 0.905 0.981
S3 Tokens 600 6.48 3.77 0.649 71.09 0.779 0.972
Sylber (w/o quant.) – 8.76 3.99 0.369 72.49 0.737 0.958
TASTE 195 9.69 3.94 0.585 79.00 0.431 0.928

Ours (w/o quant.) – 7.01 4.01 0.610 71.90 0.740 0.969
Ours 193 5.66 4.05 0.587 73.89 0.686 0.959

Table 1: Comparison of reconstruction and perceptual metrics. We report Bitrate, WER, UTMOS, SECS, F0 RMSE, STOI,
and DC. Lower is better for ↓ metrics; higher is better for ↑ metrics. ‘w/o quant.’ indicates models using continuous tokens.

We first train the SUBALIGN tokenization module for
500K steps using the target LLM vocabulary. Following Cho
et al. (2025), we apply noise augmentation to the training
data, using the dataset introduced by Reddy et al. (2021),
to improve the robustness of the tokenization. All SLMs are
trained with Low-Rank Adaptation (LoRA) (Hu et al. 2022)
applied to all linear layers, using rank r = 64 and scaling
factor α = 128. We train our SLMs for 200K steps.

4.2 Setup for Speech Reconstruction

We evaluate the reconstruction performance of the SUB-
ALIGN on the LibriTTS test-clean and test-other splits, aim-
ing to preserve both semantic and acoustic information from
the original speech. To evaluate the intelligibility and natu-
ralness of the reconstructed speech, we compute the word er-
ror rate (WER) using NeMo (Kuchaiev et al. 2019) and UT-
MOS (Saeki et al. 2022). Pitch accuracy is evaluated using
the root-mean-square error of fundamental frequency (F0
RMSE). Speaker consistency is measured with speaker em-
bedding cosine similarity (SECS), computed using ESPNet-
SPK (Jung et al. 2024). In addition, we report short-time
objective intelligibility (STOI) to assess the intelligibility
of the reconstructed speech. To check duration consistency
(DC), we first find the word-level segments of the orig-
inal and reconstructed speech using the Montreal Forced
Aligner (McAuliffe et al. 2017), and compute what fraction
of words have matching durations between them, allowing
for a preset tolerance window of 100ms.

Baselines We compare SUBALIGN with several baselines,
including the BigVGAN-reconstructed mel-spectrogram as
a topline (Lee et al. 2023), as well as various speech to-
kenization models such as SpeechTokenizer (Zhang et al.
2024) with multiple bitrate configurations, Mimi (Défossez
et al. 2024), WavTokenizer (Ji et al. 2025), Sylber (Cho et al.
2025), TASTE (Tseng et al. 2025), and S3 tokens (Du et al.
2024).

4.3 Setup for Spoken Language Modeling
We evaluate our SLMs on two tasks: likelihood-based classi-
fication and speech continuation, to assess both their acous-
tic and semantic understanding.

Likelihood-Based Classification As per convention in
SLM evaluation, we assess the language modeling capabil-
ities of SUBALIGN-SLM through likelihood-based classifi-
cation tasks (Hassid et al. 2023; Nguyen et al. 2025; Tseng
et al. 2025), where a model receives the speech context
along with two possible continuations and selects the can-
didate with the higher likelihood as the answer. For evalua-
tion, we use SALMon (Maimon, Roth, and Adi 2025) and
spoken StoryCloze (Hassid et al. 2023) benchmark. From
the SALMon benchmark, we evaluate acoustic properties
of speech such as sentiment consistency, speaker consis-
tency, and gender consistency. We also perform an auxiliary
evaluation set for energy consistency using a similar pro-
cess as SALMon; we sample 200 examples from the VCTK
dataset (Yamagishi et al. 2012), normalize the volume, and
create negative examples by reducing the amplitude of either
the first or second half of the audio to 10–30% of its origi-
nal level. Spoken StoryCloze, which consists of sStoryCloze
and tStoryCloze, evaluates the model’s ability to detect se-
mantic inconsistencies in the content (Hassid et al. 2023).

Speech Continuation To evaluate conditional speech gen-
eration, we follow the protocol of TASTE (Tseng et al.
2025). We provide the model with a 3-second speech seg-
ment from the LibriSpeech test set and prompt it to gen-
erate the subsequent continuation of the speech (Panay-
otov et al. 2015). We evaluate the quality of the generated
speech using both automatic and human evaluation. Specif-
ically, we use GPT-4o for assessing the semantic relevance,
UTMOS for the perceptual acoustic quality, and SECS for
speaker consistency of the generated content. Before submit-
ting it to GPT-4o, we transcribe the generated speech using
Whisper-large-v3 (Radford et al. 2023). Moreover, we
conduct human listening tests to evaluate the overall con-
sistency of the generated continuation. Detailed evaluation
protocols and instructions are provided in Appendix C.



Acoustic Semantic

Method Backbone Size Sentiment Speaker Gender Energy Avg. sSC tSC Avg.

ASR + LLM Llama-3.2 1B – – – – – 66.2 90.3 78.2
ASR + LLM Qwen3 1.7B – – – – – 65.6 85.7 75.7

TWIST OPT 1.3B 61.5 69.0 69.5 60.0 65.0 52.4 70.6 61.5
TWIST Llama 7B 61.5 71.0 70.0 61.5 66.0 55.3 74.1 64.7
SpiRit-LM Llama-2 7B 54.5 69.5 67.0 61.5 63.1 61.0 82.9 72.0
SpiRit-LM (expr.) Llama-2 7B 73.5 81.0 85.0 49.0 72.1 56.9 75.4 66.2
TASLM (embed.) Llama-3.2 1B 57.5 67.0 75.5 – – 64.0 89.5 76.7
TASLM (token) Llama-3.2 1B 59.0 68.0 70.5 50.0 61.9 64.2 88.9 76.5

Ours

SUBALIGN-SLM Llama-3.2 1B 67.0 69.5 77.0 62.0 68.9 63.9 89.0 76.5
SUBALIGN-SLM (punc) Llama-3.2 1B 65.5 75.0 77.5 61.0 69.8 67.7 91.5 79.6
SUBALIGN-SLM Qwen3 1.7B 65.5 66.5 78.5 58.0 67.1 66.5 87.7 77.1

Table 2: Results of different SLMs on SALMon and StoryCloze. We report likelihood-based accuracy on SALMon (acoustic
aspect) and StoryCloze (semantic aspect). The best scores are highlighted in bold, and the second-best scores are underlined.

Method Backbone Size GPT-4o UTMOS SECS Human Eval

ASR + LLM + TTS Llama-3.2 1B 2.54 ± 0.20 3.60 ± 0.14 0.609 ± 0.021 4.020 ± 0.120
ASR + LLM + TTS Qwen3 1.7B 2.40 ± 0.20 3.58 ± 0.13 0.596 ± 0.022 3.717 ± 0.140

TWIST OPT 1.3B 1.96 ± 0.12 3.58 ± 0.12 – –
TWIST Llama 7B 2.23 ± 0.16 3.38 ± 0.16 – –
SpiRit-LM Llama-2 7B 2.45 ± 0.22 3.30 ± 0.05 – –
SpiRit-LM (expr.) Llama-2 7B 1.87 ± 0.14 3.20 ± 0.08 – –
TASLM (token) Llama-3.2 1B 2.73 ± 0.18 3.54 ± 0.11 0.556 ± 0.024 3.220 ± 0.160

Ours

SUBALIGN-SLM Llama-3.2 1B 3.07 ± 0.19 3.38 ± 0.14 0.642 ± 0.025 4.187 ± 0.105
SUBALIGN-SLM Qwen3 1.7B 2.97 ± 0.21 3.31 ± 0.14 0.636 ± 0.024 4.003 ± 0.120

Table 3: Speech continuation results across different SLMs. We report scores for semantic quality (GPT-4o), acoustic quality
(UTMOS), and consistency with the prompt waveform (SECS and Human Evaluation) of the continuation. Higher values
indicate better performance. For SECS and Human Evaluation, results are only available for methods with access to prompt-
consistent generation.

Baselines We compare our model with several SLMs, in-
cluding TWIST (Hassid et al. 2023), SpiRit-LM (Nguyen
et al. 2025), and TASLM (Tseng et al. 2025). We also
include cascaded systems, which employ an ASR model,
Whisper-large-v3, followed by an LLM and a TTS
model, CosyVoice, in sequence.

5 Results and Discussion
5.1 Results on Speech Reconstruction
Table 1 compares the reconstruction quality of different
tokenization methods. SUBALIGN achieves the lowest bi-
trate among all approaches, compressing speech to 193 bps.
It also achieves superior perceptual quality in the recon-
structed output, showing the highest UTMOS score among
the baselines. In terms of WER, SUBALIGN performs com-
parably to SpeechTokenizer, despite operating at only one-
twentieth of the bitrate. This indicates the effectiveness of
our tokenization in producing speech that is both perceptu-
ally natural and semantically intelligible.

Results from similarity metrics demonstrate that our
model effectively preserves prosodic cues, speaker identity,
and temporal structure. While higher-bitrate tokenizers cap-
ture finer acoustic details, our approach outperforms Sylber
and TASTE, models at similar bitrates. Notably, compared
to SpeechTokenizer at a bitrate of 1000, our model achieves
comparable or superior preservation of acoustic details at a
much lower bitrate. This highlights our method’s ability to
encode rich acoustic information using fewer bits efficiently.

5.2 Results on Spoken Language Modeling
In the likelihood-based classification benchmarks, shown in
Table 2, our model demonstrates robust performance across
the board. The baseline models tend to favor either acoustic
consistency or semantic consistency, but not both. For in-
stance, SpiRit-LM (expr.) and TASLM (token) are the best-
performing models in their respective categories, yet each
performs poorly in the alternate category. On the contrary,
the SUBALIGN-SLM models achieve top performance in
both acoustic and semantic consistency. In fact, SUBALIGN



Ablation Bitrate ↓ WER ↓ UTMOS ↑ SECS ↑
SUBALIGN (default) 193 5.66 4.05 0.587

w/ Qwen vocab. 193 5.83 4.05 0.583

w/o char-alignment 193 24.57 3.63 0.471
w/ subword emb. 193 23.24 3.97 0.471

R = 1 95 5.75 4.05 0.458
R = 4 226 5.87 4.05 0.593
R = 8 358 5.82 4.05 0.605

Table 4: Ablation study on SubAlign modules and quanti-
zation levels. We report Bitrate, WER, UTMOS, and SECS.

(punc) variant surpasses even the topline ASR + LLM base-
lines in semantic consistency. These findings indicate that
our methodology effectively balances acoustic and semantic
representational capabilities.

As shown in Table 3, SUBALIGN-SLM also demon-
strates strong performance in speech continuation evalua-
tion. Notably, with both LLM backbones, SUBALIGN-SLM
achieves the highest GPT-4o scores, indicating its ability to
generate speech continuations that are semantically consis-
tent to the provided context. It also yields the best scores in
speaker consistency and human evaluations, suggesting that
the generated speech is acoustically faithful to the prompt as
well. Although the UTMOS scores are slightly lower than
those of the best-performing models, the difference is not
statistically significant, as indicated by the overlapping con-
fidence intervals. These results collectively highlight the ro-
bustness and reliability of SUBALIGN-SLM in generating
consistent speech outputs.

5.3 Ablation Study
We conduct a series of ablation studies to investigate the key
factors influencing the performance of SUBALIGN. Table 4
presents the results of these experiments.

LLM Vocabulary We assess the generalizability of our
approach to various LLM vocabulary sets by adapting SUB-
ALIGN to Qwen3 vocabularies. The results indicate no sig-
nificant difference in performance between the original and
Qwen3 vocabulary variant, demonstrating that our method
maintains its effectiveness regardless of the underlying vo-
cabulary sets.

Character-Level Alignment To evaluate the intermedi-
ate character-speech alignment step, we conduct an abla-
tion study that aligns speech directly to subwords, omitting
the character-level alignment. The significant drop in recon-
struction quality indicates that the framework struggles in
accurately aligning speech to subwords without the interme-
diate character-level step.

Character-Level Embedding Aggregation We also ex-
amine the effectiveness of computing subword embeddings
by aggregating character-level embeddings. Specifically, we
replace the character embedding aggregation described in
Eq.(9) with an embedding layer output vn = Embed(wn).
This results in drastic increase in WER, suggesting that the

character-level embedding aggregation is essential for accu-
rate pronunciation modeling.

Quantization Level We also investigate the effect of the
number of RVQ stages on reconstruction quality. Although
increasing the number of stages improves speaker consis-
tency, the gap is marginal. Moreover, no significant changes
are observed in other metrics. Therefore, as trade-off exists
between bitrates and acoustic details, we find our choice of
R = 3 is a reasonable balance between achieving low bi-
trates and preserving sufficient acoustic details.

5.4 Limitations
While our method shows promising results, there are sev-
eral limitations that warrant further investigation. First, the
tokenization framework relies on the availability of tran-
scripts, which may constrain applicability in low-resource
speech scenarios. Second, all experiments are conducted ex-
clusively on English speech data. It remains to be verified
whether the proposed approach generalizes to multilingual
or code-switched settings. Lastly, while the evaluation fo-
cuses on read-style and web-scale data, the performance of
our model in conversational or spontaneous speech remains
unexplored. Addressing these limitations will be intriguing
directions for future research.

6 Conclusion
We introduce SUBALIGN, a speech tokenization framework
that segments speech into subword-level units aligned with
LLM vocabularies for spoken language modeling. Unlike
previous approaches that represent speech at the frame level
or aggregate it at the word level, SUBALIGN computes
monotonic character level alignment using text transcripts to
precisely group speech frames into subword segments. This
alignment enables efficient joint modeling of speech and text
while preserving both semantic content and acoustic detail.
Experimental results show that SUBALIGN supports high-
quality speech reconstruction even at low bitrates and sig-
nificantly improves spoken language modeling performance
in likelihood-based and speech continuation benchmarks.
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A Analysis of Results
A.1 Detailed Speech Reconstruction Results
To supplement the reconstruction results, we present recon-
struction scores for the LibriTTS test-clean and test-other
splits separately. This analysis provides a deeper under-
standing of the robustness of our SUBALIGN tokenization
framework under varying acoustic conditions. Table 5 re-
ports the reconstruction metrics. Notably, our framework,
SUBALIGN, consistently achieves high perceptual quality
and low word error rates on both the test-clean and test-other
subsets, demonstrating its robustness even in noisy environ-
ments. Furthermore, SUBALIGN attains the lowest WER on
the challenging test-other subset among all compared meth-
ods, further highlighting its effectiveness in more adverse
acoustic conditions.

A.2 Qualitative Examples of Continuation
To provide deeper insight into our SUBALIGN-SLM ’s con-
tinuation output, we include some of the continuation output
and compare it with baseline outputs. Figure 4 shows the
qualitative examples of speech continuation, where the non-
bold segments are the input prompts and the bold segments
are the continuations generated by each model. As shown,
SUBALIGN-SLM generates more coherent and contextu-
ally appropriate continuations compared to the baselines. All
texts are transcribed using whisper-large-v3.

A.3 Bitrate Calculation
The bitrate is calculated as the product of the bits per unit
and the unit rate (i.e., the number of units per second). For-
mally:

bitrate = bits per unit × unit rate. (15)
In the case of SUBALIGN, the bits per unit are computed as:

bits per unit = log2 |VLLM|+R · log2 K + log2 dmax,
(16)

where |VLLM| denotes the size of the LLM vocabulary, R
is the number of RVQ stages, K is the codebook size, and
dmax is the maximum duration. The unit rate is dynamic and
aligned to the number of subword tokens per second, which
varies depending on the input.

In the default configuration of SUBALIGN, we adopt the
Llama vocabulary, with |VLLM| = 128, 256, R = 3, K =
512, and dmax = 512. Given these values, the bits per unit are
approximately 52.97. As shown in Figure 3, the average unit
rate on the LibriTTS test-clean subset is measured at 3.65
Hz, resulting in a bitrate of roughly 193 bps for SUBALIGN.

On the LibriSpeech test-clean subset, the average unit rate
drops to 2.95 Hz, primarily because LibriSpeech transcripts
lack punctuation, leading to a typically lower unit rate com-
pared to LibriTTS. This results in a bitrate of about 156 bps
on LibriSpeech.

While some previous works report unit rates and bitrates
based on LibriSpeech (Baade, Peng, and Harwath 2025;
Tseng et al. 2025), our model is typically trained and eval-
uated on transcripts that include punctuation marks. There-
fore, we report the LibriTTS bitrate as the primary result for
SUBALIGN.

Figure 3: Unit Rate Distribution for the LibriTTS (top)
and LibriSpeech (bottom) test-clean subsets. The average
unit rate is calculated as the total number of units divided
by the total duration. Since LibriSpeech transcripts do not
contain punctuation marks, they generally exhibit a lower
unit rate.

B Implementation Details
This section provides additional details on the training and
inference procedures. To ensure reproducibility, we will
make the code and model checkpoints publicly available.

B.1 Training Details
For the SUBALIGN tokenization module, we train the model
for a total of 500K steps with a learning rate of 1e-4, weight
decay of 1e-5, and a batch size of 8 distributed across
4 NVIDIA RTX A6000 GPUs. For SUBALIGN-SLM, we
train for 200K steps, with the learning rate warmed up to 5e-
5 in the first 100 steps, no weight decay, batch size of 128
across 4 NVIDIA RTX A6000 GPUs.

B.2 Inference Details
For speech continuation inference with SUBALIGN-SLM,
we use separate configurations for predicting subword to-
kens and predicting acoustic tokens and durations. For sub-
word tokens, we employ nucleus (top-p) sampling with a
probability threshold of 0.3, a temperature of 0.5, and a rep-
etition penalty of 1.3. For acoustic tokens and durations, we



Model
test-clean test-other

WER ↓ UTMOS ↑ SECS ↑ F0 RMSE ↓ STOI ↑ WER ↓ UTMOS ↑ SECS ↑ F0 RMSE ↓ STOI ↑

Mel + BigVGAN 3.16 4.03 0.88 57.04 0.99 5.52 3.45 0.86 57.22 0.99

SpeechTokenizer - 4000 3.51 3.88 0.84 66.07 0.93 7.79 3.28 0.81 68.36 0.89
SpeechTokenizer - 2000 4.16 3.57 0.67 69.16 0.89 10.49 3.02 0.61 73.15 0.85
SpeechTokenizer - 1000 6.10 2.42 0.37 86.28 0.79 16.65 2.01 0.29 92.53 0.75
Mimi 4.40 3.63 0.64 65.09 0.91 10.73 3.11 0.62 68.52 0.88
WavTokenizer 4.96 3.97 0.73 67.35 0.92 11.25 3.43 0.70 68.77 0.89
S3 Tokens 4.46 4.06 0.69 69.48 0.79 8.89 3.50 0.61 72.60 0.77
Sylber (w/o quant.) 5.34 4.09 0.40 69.12 0.76 12.85 3.89 0.34 75.67 0.72
TASTE 7.11 4.15 0.62 77.79 0.43 12.77 3.74 0.56 80.15 0.43

Ours (w/o quant.) 5.07 4.25 0.65 70.47 0.75 9.13 3.80 0.57 73.24 0.73
Ours 4.37 4.26 0.63 72.26 0.70 7.21 3.86 0.55 75.43 0.67

Table 5: Comparison of reconstruction and perceptual metrics on test-clean and test-other. We report WER, UTMOS,
SECS, F0 RMSE, STOI for each split. Lower is better for ↓ metrics; higher is better for ↑ metrics. ‘w/o quant.’ indicates models
using continuous tokens.

Model Prompt + Continuation

Cascaded (Llama) We have a commander who’s game for anything. and he has a knack for it. He’s been in combat more
than any other player in the game, and he’s one of the best. He’s got the skills to pull it off.

TWIST-7B We have a commander who’s game for anything. We have a commander whose game, for anything we
know, was marching along the Hudson and calling out to a party of men who lounged

SpiRit-LM We have a commander who’s game for anything. but fitting with the status quo or one and an offensive
coordinator challenging players to show for passes but going the other way, and defensive coordina-
tors doing a tougher job of preparation without a pass.

TASLM (Llama) We have a commander who’s game for anything. He’s the best of the best. He’s a very, very good com-
mander.

SUBALIGN-SLM (Llama) We have a commander who’s game for anything. He’s got a great attitude and is a very good leader.

Model Prompt + Continuation

Cascaded (Llama) I met several of my friends. and we had a nice time. I saw my friend, and we had a nice time.

TWIST-7B I met several of my friends. I met several of my friends who are here.

SpiRit-LM I met several of my friends. that it was coined to activist and together. Literally, it’s many people are
going to take the example of the academic boycotts for firsthand, as well as the festival. The mass have
no immensely...

TASLM (Llama) I met several of my friends. Hustle and surf for knowing the other party. Hats.

SUBALIGN-SLM (Llama) I met several of my friends. We had a great time. I enjoyed the company of my friends.

Figure 4: Qualitative results on speech continuation. Non-bold text indicates the prompt, while bold text represents the
generated continuation.

use greedy decoding. Speech reconstruction similarly uses
greedy decoding to predict S3 tokens.

C Evaluation Details

This section outlines the evaluation process, including the
guidelines given to human evaluators for assessing consis-
tency of speech continuation, as well as the prompts used
in GPT-4o-based evaluation of speech continuation. We use
100 audio samples from the LibriSpeech test-clean subset
for both evaluation.

C.1 Human Evaluation Protocol
We assess how well the generated speech continuations re-
main consistent with the prompt speech via human listening
tests, following the detailed instructions shown in Figure 5.
Each test sample consists of a short audio Prompt (about 3
seconds) and a Prompt + Continuation (about 15 seconds).
Raters evaluate the quality of only the continuation segment,
i.e., the audio following the prompt, based on three criteria:
prosody preservation, speaker similarity, and seamlessness
of transition. For each sample, three independent reviewers
assign an overall score from 1 (bad) to 5 (excellent) based
on these predefined criteria.



Audio Continuation Evaluation Instructions

In this test, you will hear a short audio ‘‘Prompt’’ and a longer audio ‘‘Prompt +
Continuation’’.
Please rate the continuation (the part after the prompt) on the following aspects:

• Prosody Preservation: Are the rhythm, intonation, and stress patterns preserved from
the prompt into the continuation?

• Speaker Similarity: Does the continuation sound like it was spoken by the same person
as the prompt?

• Seamless Transition: Is the point where the continuation begins smooth and hard to
notice? (A higher score means a more seamless and natural transition.)

Scoring Definitions:

• 1 (Bad): Prosody and voice are obviously different; clear, jarring change at the join
point.

• 2 (Poor): Noticeable difference in voice or rhythm; clear transition point.

• 3 (Fair): Some similarities, but with noticeable change in voice or rhythm;
transition point can be guessed.

• 4 (Good): Mostly similar voice and prosody; only slight or subtle difference at the
join; transition is hard to spot but not perfect.

• 5 (Excellent): Completely seamless|same voice, same rhythm, no way to tell where the
continuation starts; truly indistinguishable.

Figure 5: Human evaluation protocol for speech continuation: Raters judge prosody preservation, speaker similarity, and tran-
sition smoothness using a 5-point scale.

C.2 GPT-4o Prompt for Semantic Evaluation
For semantic relevance and coherence, we utilize GPT-4o
(2024-08-06) as an automatic rater. The exact prompt
provided to GPT-4o is shown in Figure 6. Following the pro-
tocol, GPT-4o rates each sample on a 5-point scale, consid-
ering both the contextual relevance and plausibility of the
continuation for the given prompt.



Semantic Relevance Evaluation Prompt (GPT-4o)

[SYSTEM]
The task is to evaluate the relevance and likelihood of the predicted text
continuation, given a text prompt. You should also consider whether the meaning of the
text continuation makes sense.
The text prompt is: {prompt}
The text continuation is: {content}
Please provide an overall rating from 1 to 5 based on the following guideline:
1: The continuation is very unlikely and irrelevant to the prompt.
2: The continuation is unlikely and only marginally relevant.
3: The continuation is moderately likely and relevant.
4: The continuation is likely and relevant.
5: The continuation is very likely and highly relevant.
Please follow these steps:
First, briefly analyze the sample based on the above definitions.
Second, output the result in the following format:
I would rate the score as

Figure 6: Prompt provided to GPT-4o for rating the semantic relevance and coherence of text continuations generated by speech
models. This protocol is used to automatically assess the quality of generated speech continuations in our experiments.


