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Abstract

Extending pre-trained text Large Language Models (LLMs)’s
speech understanding or generation abilities by introducing
various effective speech tokens has attracted great attention
in the speech research community. However, building a uni-
fied speech understanding and generation model still faces the
following challenges: (1) Due to the huge modality gap be-
tween speech and text tokens, extending text LLMs to unified
speech LLMs relies on large-scale paired data for fine-tuning,
and (2) Generation and understanding tasks prefer informa-
tion at different levels, e.g., generation benefits from detailed
acoustic features, while understanding favors high-level se-
mantics. This divergence leads to difficult performance opti-
mization in one unified model. To solve these challenges, in
this paper, we present two key insights in speech tokenization
and speech language modeling. Specifically, we first propose
an Understanding-driven Speech Tokenizer (USTokenizer),
which extracts high-level semantic information essential for
accomplishing understanding tasks using text LLMs. In this
way, USToken enjoys better modality commonality with text,
which reduces the difficulty of modality alignment in adapt-
ing text LLMs to speech LLMs. Secondly, we present Du-
alSpeechLLM, a dual-token modeling framework that concur-
rently models USToken as input and acoustic token as output
within a unified, end-to-end framework, seamlessly integrat-
ing speech understanding and generation capabilities. Fur-
thermore, we propose a novel semantic supervision loss and
a Chain-of-Condition (CoC) strategy to stabilize model train-
ing and enhance speech generation performance. Experimen-
tal results demonstrate that our proposed approach effectively
fosters a complementary relationship between understanding
and generation tasks, highlighting the promising strategy of
mutually enhancing both tasks in one unified model.

Code — https://github.com/lavendery/UUG

Introduction

Recent advancements in autoregressive large language mod-
els (LLMs) have demonstrated excellent performance in
the natural language processing community (Achiam et al.
2023; Touvron et al. 2023; Team et al. 2023). Leveraging
the powerful foundations of text LLMs, recent advance-
ments have led to emergence of speech LLMs that pos-
sess speech understanding and generation capabilities. In
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addition to fine-tuning textual LLMs to separately perform
speech understanding tasks (Gong et al. 2023; Tang et al.
2023; Chu et al. 2023; Wang et al. 2024a, 2025) and gener-
ation tasks (Wang et al. 2023; Anastassiou et al. 2024; Kim
et al. 2024; Wang et al. 2024c; Yang et al. 2024b, 2025a;
Jia et al. 2025), developing unified models that excel at both
capabilities has been explored in recent years (Zhang et al.
2023a; Xie et al. 2024; Fu et al. 2025; Nguyen et al. 2025;
Défossez et al. 2024; Xu et al. 2025). However, several lim-
itations still remain.

First, adapting pre-trained text LLMs to unified speech
LLMs still relies heavily on large-scale paired speech-text
data (Zhang et al. 2023a; Défossez et al. 2024; Xie et al.
2024; Xu et al. 2025). For example, SpeechGPT (Zhang
et al. 2023a) and SpiritLM (Nguyen et al. 2025) require
approximately 70K and 570K hours of paired data, respec-
tively. This dependence stems from the substantial modal-
ity gap between speech and text, which hinders capability
transfer. Second, existing speech LLMs struggle to meet the
distinct informational needs of understanding and genera-
tion. As shown in Figure 1 (a) Left and (b) Left, the Base-
line model—trained solely with acoustic tokens—exhibits a
contradiction between tasks, i.e., improving one often leads
to degradation of the other, highlighting its inability to bal-
ance both tasks effectively. In fact, generation tasks demand
rich acoustic details (e.g., prosody, emotion, speaker traits)
for high-fidelity synthesis (Zeghidour et al. 2021; Défossez
et al. 2022; Kumar et al. 2023; Wang et al. 2023), which
acoustic tokens capture well but lack high-level seman-
tics (Shi et al. 2024; Dhawan et al. 2024; Anastassiou et al.
2024; Chang et al. 2024). Conversely, understanding tasks
benefit from semantic features (Borsos et al. 2023; Ruben-
stein et al. 2023; Maiti et al. 2024), but semantic tokens in-
evitably compromise the acoustic details needed for natural
speech generation.

To solve these problems, we propose two key insights
from the perspectives of speech tokenization and language
modeling. First, we present an Understanding-driven Speech
Tokenizer (USTokenizer) that can extract high-level seman-
tic features, which are critical for understanding tasks. Un-
like prior methods that rely on only self-supervised learning
(SSL) representation quantization (Hsu et al. 2021; Chen
et al. 2022) or automatic speech recognition (ASR)-based
objectives (Du et al. 2024a; Zeng et al. 2024) to capture se-



mantics, our approach directly aligns speech tokenizer with
the semantic understanding capabilities of text LLMs. This
leads to USTokens that have inherently better alignment
with text modality, significantly easing modality alignment
when adapting text LLMs to speech LLMs. Secondly, build-
ing on USTokenizer, we introduce DualSpeechLLM, a novel
dual speech token modeling framework that effectively han-
dles the distinct informational needs of understanding and
generation within a unified end-to-end architecture. Unlike
conventional approaches that use the same token as input
and output of LLM, our model separates them by using US-
Tokens as input and acoustic tokens as output. Specifically,
the USTokenizer provides high-level semantic information
to boost understanding tasks, while an AcousticGPT mod-
ule restores fine-grained acoustic details, enabling diverse
and realistic speech generation within a unified end-to-end
framework. In addition, we introduce a semantic supervision
loss and a Chain of Condition (CoC) strategy to stabilize
training and further improve the performance of the unified
framework. In summary, our contributions are as follows:

* We present a USTokenizer that can extract high-level se-
mantic information and reduce the modality gap when
adapting text LLMs to speech LLMs.

We propose an end-to-end dual token modeling frame-
work, DualSpeechLM, that simultaneously accepts US-
Tokens as input and generates acoustic tokens as output,
effectively accommodating distinct informational needs.
We also propose a novel semantic supervision loss and a
CoC strategy to improve training stability and generation
performance.

Experiments demonstrate that our method achieves faster
convergence and excellent performance with small-scale
data, and enhances mutual improvements between under-
standing and generation tasks.

Related Work
Speech Tokenization

The success of autoregressive language models (Achiam
et al. 2023; Touvron et al. 2023; Team et al. 2023) has
spurred progress in speech LLMs (Chu et al. 2023; Wang
et al. 2024c,b; Défossez et al. 2024), where speech tok-
enizers are essential for converting continuous signals into
discrete tokens (Yang et al. 2025b). Speech tokenizers are
typically categorized as acoustic or semantic (Borsos et al.
2023; Parker et al. 2024; Yang et al. 2024a). Acoustic to-
kens, optimized for signal reconstruction (Zeghidour et al.
2021; Défossez et al. 2022; Yang et al. 2023; Wang et al.
2023), capture detailed acoustic features beneficial for gen-
eration, but perform poorly on understanding tasks like
ASR (Shi et al. 2024; Dhawan et al. 2024; Anastassiou et al.
2024; Chang et al. 2024). Previous semantic tokenizers were
trained in two ways: (1) applying clustering (Borsos et al.
2023; Zhang et al. 2023a; Shi et al. 2023) or vector quanti-
zation (VQ) (Huang, Meng, and Ko 2024) to representations
of SSL models (Hsu et al. 2021; Chen et al. 2022), and (2)
applying a VQ layer to the intermediate layer of ASR mod-
els (Du et al. 2024a; Zeng et al. 2024; Du et al. 2024b).
Although these semantic tokenizers have shown benefits for
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(a) Generation performance (J), measured by generated speech
WER (%), using different amounts of generation (left) or under-
standing (right) data, with the amount of understanding (left) or
generation (right) data fixed as 300K samples.
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(b) Understanding performance ({.), measured by speech recog-
nition WER (%), using different amounts of generation (left)
or understanding (right) data, with the amount of understanding
(left) or generation (right) data fixed as 300K samples.

Figure 1: Comparison of baseline and our model on genera-
tion and understanding tasks with different ratios of genera-
tion and understanding training data.

understanding tasks (Borsos et al. 2023; Rubenstein et al.
2023; Maiti et al. 2024), they do not explicitly consider the
alignment to the modality of text LLM (Li et al. 2025).
Furthermore, multi-codebook designs (Zhang et al. 2023b;
Défossez et al. 2024; Yang et al. 2025b) aim to capture
semantics and acoustics in different codebooks jointly, but
often introduce complexity when integrated with LLMs. In
this work, we present a single VQ-codebook USTokenizer,
which not only incorporates high-level semantic information
but also achieves better alignment between speech and text
modality when applied to LLMs.

Speech Language Models

Recent advances in speech LLMs have explored unified un-
derstanding and generation (Zhang et al. 2023a; Pan et al.
2024; Défossez et al. 2024; Nguyen et al. 2025). Some
speech LLMs (Yang et al. 2024b; Shi et al. 2025) adopt
acoustic tokens to ensure high-fidelity speech synthesis.
However, such tokens usually lead to degraded performance
in understanding tasks, particularly in low-resource scenar-
ios. By contrast, semantic tokens perform better in under-
standing tasks. Yet, their lack of acoustic details often re-
sults in reduced generation quality. To compensate for gen-
eration, existing works (Polyak et al. 2021; Zhang et al.
2023a; Du et al. 2024a; Nguyen et al. 2025) introduce ad-
ditional components such as diffusion models (Ho, Jain, and
Abbeel 2020) or flow matching (Lipman et al. 2022), to con-
vert speech tokens into a Mel spectrogram, and then a HiFi-
GAN (Kong, Kim, and Bae 2020) vocoder is used to syn-
thesize waveform with the Mel spectrogram as input. These
multi-stage pipelines increase complexity and risk error ac-



cumulation (Jia et al. 2025). To address these limitations, we
propose DualSpeechLLM, an end-to-end dual-token model-
ing framework that explicitly models USTokens as input for
understanding and acoustic tokens as output for generation,
effectively achieving distinct informational requirements.

Methodologies

We propose a novel unified speech LLM framework, com-
prising an understanding-driven speech tokenization method
and a dual-token modeling paradigm. This framework en-
hances both understanding and generation capabilities in the
resulting DualSpeechLLM. In the following, we describe
each module of our framework.
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Figure 2: The architecture of USTokenizer, which can ex-
tract high-level semantic features aligned with text LLMs
via an understanding-driven loss.
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As shown in Figure 2, our Understanding-driven Speech
Tokenizer (USTokenizer) consists of a pre-trained Whisper
encoder, another downsampling Encoder, a vector quantizer
(VQ), an upsampling Decoder, an Adapter module, and a
frozen text LLM. Given a speech utterance X, we use the
final hidden states E from the Whisper-medium encoder ! as
the input to the downsampling Encoder and then the VQ to
obtain the Understanding-driven Speech Token (USToken).
Additionally, we novelly project the quantized vector from
VQ to the input space of LLM via an adapter to integrate
the guidance provided by text LLMs to optimize the speech
token during training, as described in the following sections.

Encoder and Decoder The Encoder converts Whisper
features E into representations H using a 2x downsampling
convolution followed by two residual convolutional blocks,
then discretized by VQ. Symmetrically, the Decoder recon-
structs B from quantized vectors H. Both Encoder and De-
coder adopt similar residual convolutional blocks with Rep-
Codec (Huang, Meng, and Ko 2024). We then compute the
reconstruction loss via mean squared error (MSE) between
E and E formulated as:

N
~ 1 .
‘Creconslruction (Ea E) = N Z(ET - Ei)27 (1)
=1

where N is the number of elements in the embedding vector.

"https://github.com/openai/whisper
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Vector Quantization The VQ module discretizes contin-
uous feature representations H by mapping them to a code-
book of learned vectors. In this work, we use a single VQ
layer to quantize the feature H into discrete tokens Z. Fol-
lowing previous works (Huang, Meng, and Ko 2024), we
add a commitment loss L¢ommic t0 ensure training stability,
with more details provided in Appendix B.

Understanding-Driven Loss The LLM module aims to
align the speech token Z with the LLM’s input space. By
optimizing the understanding tasks upon the text LLM, the
required understanding capability will be backpropagated
to the optimization of speech token, such that the modal-
ity gap between speech and text tokens can be effectively
reduced. The LLM-based understanding loss is formulated
as the likelihood of generating the target response given a
speech prompt using a text LLM (e.g., generating answers
given the prompt of speech question):

L
EUnder = 7zlogp(5t | m, S<t; 0)7

t=1

2

where L is the length of the sequence, S; represents the tar-
get token at position ¢, S, is the sub-sequence of text tokens
before ¢, and m is the feature of speech prompt extracted by
USTokenizer. 6 represents parameters of the text LLM.

The LLM module aligns the VQ space with text LLM’s
input space, which means USTokens are mapped to an LLM-
compatible feature space, enhancing subsequent unified un-
derstanding and generation modeling. The final total loss of
USTokenizer is as follows:

£USTokenizer = Q- Accommit + 5 . £Under + v Ereconstructiom
where «, 3 and ~y are weighting hyperparameter.

DualSpeechLM

As shown in Figure 3, unlike prior Speech LLMs that use
the same token for both input and output (Yang et al. 2024b;
Wang et al. 2024c; Shi et al. 2025), DualSpeechLM intro-
duces a novel dual-token design by modeling USTokens as
input and acoustic tokens as output via an integrated Acous-
ticGPT, effectively accommodating different levels of infor-
mation required for understanding and generation tasks.

For speech understanding tasks, the USTokenizer first
encodes raw speech into USTokens, which are combined
with task-specific prompts and fed into the text LLM. The
model is trained using Cross-Entropy (CE) loss between pre-
dicted and ground-truth text tokens. During inference, the
model generates text tokens conditioned on USTokens and
prompts. The text tokens are then decoded into the final out-
puts.

For the generation task, let Ut and Ata* denote USTo-
kens and acoustic tokens of target speech, U™ and P repre-
sent the USTokens and prompt of input speech. As shown in
Figure 3, the text LLM first predicts U%2* conditioned on P
and U™, formulated as:

L
p(U [P, UM 0) = [[ (Ut [U ., P, U™ 0),

t=1
3)
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Figure 3: DualSpeechLM’s dual-token modeling paradigm. The left illustrates the baseline pipeline treating LLM input/output
as identical tokens. In contrast, our DualSpeechLLM (right) incorporates an Acoustic GPT module into the text LLM module
for joint training, separately processing USToken inputs and acoustic token outputs through distinct modeling paths, effectively
capturing the different levels of information required for both generation and understanding tasks.

where L is the length of Uta", Uta*, is the target USToken
at position ¢t and U%2* _; represents all previous USTokens.
# denotes model parameters. To improve training stability
and model performance, we introduce a semantic supervi-
sion loss:

L
1 .
Lsemantic = _Z Z log p(Utart |Utar<t7 P, Um; 6) “4)

t=1

Next, the predicted USToken sequence UtT is passed to
AcousticGPT, which autoregressively generates acoustic to-
kens. They are then converted into speech via a Speech De-
coder. For both understanding and generation, we adopt text
LLM as backbone and fine-tune it using parameter-efficient
Low-Rank Adaptation (LoRA) (Hu et al. 2022). Within
the unified framework, we integrate AcousticGPT into text
LLM to enable joint end-to-end training. This allows Dual-
SpeechLM to simultaneously capture high-level semantics
for understanding and fine-grained acoustic details for gen-
eration, which we refer to as dual-token modeling. Notably,
the acoustic tokens and Speech Decoder are modular and
can be implemented using any open-source codec model.

AcousticGPT Inspired by AudioLM (Borsos et al. 2023),
we design an AcousticGPT module to autoregressively gen-
erate acoustic tokens conditioned on semantic hidden states
and speaker embeddings. Built on a GPT-style transformer,
the model consists of six causal blocks, each containing a
causal self-attention layer followed by a Multi-Layer Per-
ceptron (MLP). The multi-head self-attention captures de-
pendencies under causal constraints. In addition, each block
includes residual connections and layer normalization to en-
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hance training stability and model performance. Further de-
tails are provided in Appendix B.

Chain of Condition To improve training robustness, we
introduce a Chain of Condition (CoC) strategy for Acous-
ticGPT. Specifically, given the dynamically changing se-
mantic hidden states, we randomly sample conditioning sig-
nals from three sources with equal probability: prompt hid-
den states S,,, predicted USTokens Utar or their concate-
nation [S,; U**]. During inference, we consistently use the
concatenated form [S,; U**]. This CoC strategy acts as a
regularizer, preventing overfitting to any single modality and
improving the model’s adaptability by exposing it to var-
ied conditioning signals during training. Importantly, it also
mitigates the adverse effects of inaccurate USToken predic-
tions by allowing the model to flexibly rely on more stable
prompt hidden states or concatenation. As a result, CoC im-
proves the alignment between USTokens and text tokens in
the shared latent space, fostering stronger synergy between
understanding and generation representations. The acoustic
loss in AcousticGPT is defined as:

L
Lacousic = — »_log p(A*",|A* ;. S Spk;6), (5)
t=1
where S € {S,, U [S,; U]} is selected via CoC,
Spk is the speaker embedding, and A%3T; is the pre-
dicted acoustic token at time t. p(AtaT;|Atar_, S Spk;6)
is the predicted probability of generating A%2Y;, given
{Atar_, S Spk}. Finally, the overall generation loss com-
bines semantic and acoustic objectives as:

‘Cgeneration =X Esemantic + f ' ['acouslic»
where A, £ are weighting hyperparameters.

(6)



ASR S2TT SER SQA
Model LLM Input Token  Training Data(hrs) Clean Other En2De - -
w b41T acct b4 1 /gst
SpeechGPT (Zhang et al. 2023a) LLaMA-7B D(Hubert) Full FT 70K 4273 7854 1.07 - 3.58/40
SpiritLM (Nguyen et al. 2025) LLaMA-7B D(Hubert) Full FT 570K 6.0 11.0 - - -
Mini-Omni2 (Xie et al. 2024)  Qwen2-0.5B C(Whisper) Full FT 9K 4.8 9.8 - - -
VITA (Fu et al. 2025) Mixtral-8x7B C(Mel) Full FT 20K 8.14 18.41 - - 7.62/70
Moshi (Défossez et al. 2024) Helium-7B D(Mimicodec)  Full FT ™ 5.7 - - - -
Qwen2.5-Omni (Xu et al. 2025) Qwen2.5-7B C(Whisper) Full FT * 1.8 34 302 60.03 4.28/60
Baseline-Acoustic Phi3.5-3B  D(Wavtokenizer) LoRA 4.5K 36.52 80.06 191 5490 17.68/76
Baseline-Semantic Phi3.5-3B D(Hubert) LoRA 4.5K 5770 14.32 11.13 51.91 42.01/85
. D(Hubert) LoRA 4.5K 5.56 14.62 10.20 51.77 42.59/85
DualSpeechLM Phi33-3B pUSTokem) LoRA 45K 422 971 1974 60.92 44.38/8

Table 1: Understanding capability evaluation. ‘D’: Discrete, ‘C’: Continuous, ‘Full FT’: full fine-tuning. w, b4, gs denote WER,
BLEU4, ChatGPTScore. *Qwen2.5-Omni uses 300B audio tokens, and DualSpeechLLM uses 405M speech tokens.

TTS vVC T2ST SC
Model LLM Input Token Training Clean Other VCTK Es2En Fr2En -
st /wl/d? st/wl/dt b4t b4t /gst
GT - - 1.0/3.94/3.86  1.0/5.35/3.78  1.0/2.64/3.62 - - -/-
SpeechGPT LLaMA-7B D(Hubert) Full FT  -/22.15/3.97 -/24.55/3.96 - 14.62 14.74 3.50/54
Mini-Omni2  Qwen2-0.5B  C(Whisper) Full FT - - - - - 2.22/54
Moshi Helium-7B D(Mimicodec) Full FT - - - - - 1.75/50
Qwen2.5-Omni  Qwen2.5-7B  C(Whisper) Full FT  -/3.73/4.10* -/4.29/4.08 - - - 6.70/70
Baseline-Acoustic  Phi3.5-3B  D(Wavtokenizer) LoRA 0.88/22.11/3.76 0.87/26.38/3.69 0.80/22.07/3.30 8.52 7.62  0.52/62
Baseline-Semantic  Phi3.5-3B D(Hubert) LoRA 0.80/21.72/3.29 0.81/22.32/3.26 0.81/18.88/3.25 18.05 15.76 10.44/60
) i);a;S;:e;cL[jh/I - l;h7i375-73]; ~ D(Hubert) = LoRA 0.81/20.80/3.35 0.81/17.12/3.38 0.82/18.70/3.37 17.54 15.97 11.06/65
) D(USToken) LoRA  0.90/9.25/3.86 0.88/9.88/3.82 0.80/10.16/3.46 26.77 23.82 16.24/67

Table 2: Generation capability evaluation. Data usage is the same as Data(hrs) in Table 1. s, w, d, b4, gs denote SIM, WER,
DNSMOS, BLEU4, ChatGPTScore. *Qwen2.5-Omni lacks standalone TTS inference, so the Qwen-TTS API is used instead.

Model TTS Q1 /ST ve@t/sSM
GT 4.20+0.33/3.94+0.42 4.4840.23/4.60+0.25
SpeechGPT 3.53+0.51/- -
Qwen-TTS 4.4940.21/- -

Baseline-Acoustic 3.67;{:()‘48/3‘77;{:0‘52 3.63:{:0_33/3.43:&()‘42
Baseline-Semantic 2.2640.53/2.76+0.45 2.7540.0.56/2.9340.57

Ours-Hubert  3.4810.61/3.59+0.47 3.54+0.34/3.1810.36
Ours-USToken 3.89i0,31/3.74i0,24 3~80i0428/3-55i0.37

Table 3: Subjective evaluation on generation tasks. @, .S de-
note QMOS, SMOS. Ours-Hubert and Ours-USToken refer
to DualSpeechLLM using Hubert and USToken as input to-
kens, respectively. Configurations are the same as Table 2.

Experiment Setup
Dataset

We train the USTokenizer using multiple speech understand-
ing tasks, including Automatic Speech Recognition (ASR),
Speech Emotion Recognition (SER), and Speech Question
Answering (SQA). They are based on LibriSpeech (Panay-
otov et al. 2015), IEMOCAP (Busso et al. 2008) and SQA
dataset from SALMONN (Tang et al. 2023), respectively.
In the SQA dataset, both questions and answers were auto-
matically generated based on LibriSpeech transcripts using
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ChatGPT, forming spoken-question—text-answer pairs.
DualSpeechLM is trained on eight speech understand-
ing and generation tasks using approximately 4,500 hours
of speech data. For understanding, we use LibriSpeech for
ASR task, the English-to-German (En2De) subset of CoV-
0ST2 (Wang, Wu, and Pino 2020) for Speech-to-Text Trans-
lation (S2TT) task, IEMOCAP (Busso et al. 2008) for the
SER task, and the SQA dataset (Tang et al. 2023) con-
structed from LibriSpeech using ChatGPT. For generation,
we train Text-to-Speech (TTS) on LibriTTS-R (Koizumi
et al. 2023), Text-to-Speech Translation (T2ST) on Spanish-
to-English (Es—En) and French-to-English (Fr—En) subsets
of CVSS (Jia et al. 2022), and Voice Conversion (VC) on
a 1,000-hour subset of LibriHeavy (Kang et al. 2023) with
evaluation on 400 pairs from VCTK (Yamagishi et al. 2019).
Additionally, the Speech Conversation (SC) task is built by
synthesizing speech from the SQA dataset using the Vol-
cengine TTS API. Please see Appendix C for dataset details.

Evaluation Metrics

Objective Evaluation For evaluation of the understand-
ing tasks, we use Word Error Rate (WER) for ASR, BLEU-
4 for S2TT, accuracy (ACC) for SER, and both BLEU-4
and ChatGPTScore for SQA, respectively. For the genera-
tion tasks, we employ speaker similarity (SIM), WER, and



ASR S2TT
Token Clean Other En2De
wer | bleud T acc 1 bleud 1

. Hubert 5.56 14.62 10.20 51.77 42.59
Ours Phi3.5-3B \yomoven 422 971 1974 60.92 44.38
54.08 42.63

Hubert 5.28 16.64 10.92
58.42 44.60

SER

SQA

Model LLM

Ours Vicuna-7B yyoroven 4.15 9.69 20.46

Table 4: The understanding performance comparison of Du-
alSpeechLM when using different text LLM backbones.

DNSMOS to assess TTS and VC performance. BLEU-4 is
used for T2ST. Both BLEU-4 and ChatGPTScore are used
for evaluating the SC task.

Subjective Evaluation We also conduct subjective evalu-
ations for generation tasks, focusing primarily on TTS and
VC. For each task, subjective assessment is carried out from
speech quality (QMOS) and speaker similarity (SMOS).
More details can be found in Appendix C.

Model Settings

In experiments, we compare four variants under the same
configurations: (1) Baseline-Acoustic, where both input and
output are acoustic token from WavTokenizer (Ji et al.
2024); (2) Baseline-Semantic, where both input and output
are HuBERT token (Hsu et al. 2021); (3) DualSpeechLM-
Hubert, using HUBERT token as input, acoustic token from
WavTokenizer as output; and (4) DualSpeechLM-USToken,
using our USToken as input, acoustic token from WavTo-
kenizer as output. Notably, the Baseline-Acoustic model
requires 160k steps to converge under multi-task settings,
while others converge in 60k steps. Further details are pro-
vided in the Appendix D.

Results and Analyses
Understanding and Generation Performance

We first compare the performance of our method with prior
work. The results for understanding and generation are
shown in Table 1, 2 and 3, respectively. From these results,
we observe the following:

(1) USToken has better modality commonality with text,
reducing the difficulty of modality alignment when adapting
text LLMs to speech LLMs. DualSpeechLM-USToken out-
performs both Baselines and DualSpeechLM-Hubert across
almost all tasks, highlighting USToken’s enhanced se-
mantic understanding capabilities. Additionally, on trans-
lation tasks (S2TT and T2ST), which require the inherent
translation capabilities of text LLM, our DualSpeechL.M-
USToken still significantly outperforms both Baselines and
DualSpeechLM-Hubert. This demonstrates that USToken
has better alignment with text modality, allowing it to re-
tain more capabilities of text LLM during training. Overall,
both DualSpeechLM-Hubert and DualSpeechLM-USToken
exhibit better performance than the baseline, indicating that
the design of Acoustic GPT in DualSpeechLLM also helps
alleviate the pressure of text LLM. The comparison of con-
vergence speed is provided in Appendix A.
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(2) DualSpeechLM achieves strong performance in
both tasks with small-scale resources. Specifically, com-
pared to Baselines, both DualSpeechLM-Hubert and
DualSpeechLM-USToken demonstrate significant perfor-
mance improvements, highlighting the effectiveness of
DualSpeechLM. Compared to existing unified models,
which rely on larger datasets and full fine-tuning, such
as SpeechGPT and Mini-Omni2, DualSpeechLM-USToken
achieves better performance with just 4.5k hours of data us-
ing parameter-efficient fine-tuning, LoRA.

(3) DualSpeechLM simultaneously fulfill the distinct in-
formation requirements of generation and understanding
by dual-token modeling. Comparisons between Baseline-
Acoustic and Baseline-Semantic in Table 1, 2, and 3 show
that semantic tokens excel in understanding tasks, while
acoustic tokens perform better in generation, e.g., higher
SIM and DNSMOS scores in TTS. However, acoustic tokens
carry weaker semantics reflected by higher WER results and
lower translation quality. In contrast, our DualSpeechLM
demonstrates superior performance on both understanding
and generation tasks simultaneously due to its dual-token
modeling. Another evidence is shown in Figure 1, where our
method consistently improves performance on both genera-
tion and understanding tasks as the amount of either type of
training data increases. This demonstrates its strong ability
to support one task without compromising the other.

Performance with Different LLM Backbones

To further assess the generalizability of DualSpeechL.M and
the effectiveness of USToken across different backbones, we
compare models using various text LLMs as backbones. Ta-
ble 4 and 5 show that DualSpeechLM-USToken consistently
outperforms DualSpeechLM-Hubert across almost all tasks,
regardless of the underlying LLMs. This demonstrates that
USToken not only aligns more effectively with text LLMs
but also transfers well across model architectures. Addition-
ally, our DualSpeechLLM achieves performance comparable
to or better than existing methods, with different text LLMs
as the backbone. This highlights the strong compatibility and
robustness of DualSpeechLM across different LLM back-
bones, further demonstrating its effectiveness as a unified
framework for both speech understanding and generation.

Ablation Study

We perform ablation studies to evaluate the contribution of
each component, with results shown in Table 6 and 7.

The Influence of Understanding-driven Loss. We ablate
the understanding-driven loss in USTokenizer while keeping
all other components unchanged. As shown in Table 7, re-
moving this LLM-based objective leads to significant perfor-
mance drops in understanding tasks (e.g., BLEU4 decreases
from 44.38 to 37.67 on SQA), highlighting its importance
for aligning USTokens more closely with the semantic space
of text LLMs using the understanding-driven loss. For T2ST
and SC in Table 6, we also observe a performance drop af-
ter removing the understanding-driven loss. This can be at-
tributed to these two tasks rely more heavily on the inter-
nal capabilities of the text LLM. The understanding-driven



TTS vC T2ST SC

Model LLM Input Token Clean Other VCTK Es2En  Fr2En -

st /wd /dt st /wd /dT bleud 1 bleud 1

Hubert 0.81/20.80/3.35  0.81/17.12/3.38  0.82/18.70/3.37 17.54 1597 11.06

DualSpeechLM  Phi3.5-3B  (jgrien 0.00/9.253.86  0.88/9.88/3.82 0.80/10.16/346 2677 23.82 1624

Hubert 0.87/13.58/3.88  0.86/15.56/3.80  0.78/19.86/3.38 2229  19.74 13.17

DualSpeechLM  Vicuna-7B  jgrien 0.89/12.63/3.90 0.87/14.65/3.86 0.78/17.03/343 29.58 2540  17.18

Table 5: Comparison of generation performance of DualSpeechLM using different text LLM backbones.

TTS vC T2ST SC
Model Clean Other VCTK Es2En Fr2En -
st /wl/dt st /wdl /dT bleud 1+ bleud 1
DualSpeechLM 0.90/9.25/3.86  0.88/9.88/3.82 0.80/10.16/3.46 26.77 23.82 16.24

USTokenizer Ablation
w/o Understanding-driven Loss 0.90/8.59/3.86
w/o Reconstruction Loss

0.88/9.45/3.81
0.83/52.50/3.02  0.81/54.24/2.96 0.79/26.08/3.33 32.43 29.46 17.09

0.82/9.90/3.39 24.03 22.73 15.59

DualSpeechLLM Ablation
w/o Semantic Loss
w/o CoC

0.80/167.56/3.85 0.85/175.11/3.83 0.80/264.53/3.45 0.09 0.07 0.15
0.89/9.96/3.84  0.87/10.34/3.81 0.79/13.06/3.38 - - -

Table 6: Ablation study using generation tasks. We use Phi-3.5-3B as the text LLM backbone.

ASR S2TT SER SQ
Model Clean Other En2De - -
wer | bleud Tacc Tbleud T

422 9.71 19.74 60.92 44.38

DualSpeechLM
USTokenizer Ablation
w/o Understanding-driven Loss 4.81 10.43 14.81 52.7 37.67
w/o Reconstruction Loss 474 1046 18.5 45.21 46.44
DualSpeechLLM Ablation
w/o Semantic Loss

431 9.61 18.67 60.35 43.86

Table 7: Ablation study using understanding tasks. Phi-3.5-
3B is used as the text LLM backbone.

loss plays a critical role in enhancing modality commonality
between USTokens and text tokens, thereby helping to pre-
serve as much of the original ability of the text LLM as pos-
sible when adapting the text LLM to speech-related tasks.

Effect of the Reconstruction Loss. The third row in Ta-
ble 6 and 7 shows the results when the reconstruction loss
is removed from USTokenizer. For tasks like T2ST that rely
more on the reasoning capabilities of the text LLM, perfor-
mance actually improves. This suggests that removing the
reconstruction objective pushes USTokenizer to better align
with the text modality, thus narrowing the modality gap and
allowing the LLM to operate more effectively on semanti-
cally rich tasks. However, we observe notable performance
degradation in SER, TTS, and VC tasks, indicating that the
reconstruction loss is essential for preserving fine-grained
information, which is crucial for these tasks.

Effect of Semantic Loss. The fourth row in Table 6 and 7
shows the results of removing semantic loss from Dual-
SpeechLM. This leads to a slight decline in understand-
ing performance, indicating that reconstructing USTokens,
as enforced by semantic loss, provides useful semantic su-

pervision that benefits understanding tasks. More critically,
we observe a substantial performance drop across all gen-
eration tasks. Without semantic loss, the text LLM strug-
gles with producing high-quality USTokens, resulting in de-
graded inputs to AcousticGPT and ultimately poor genera-
tion of acoustic tokens. These results underscore the pivotal
role of semantic loss in ensuring accurate semantic repre-
sentation, which is essential not only for understanding but
also for maintaining high-fidelity generation in unified Du-
alSpeechLM.

Influence of CoC. The final row in Table 6 shows the
impact of removing the Chain of Condition (CoC) strat-
egy from the AcousticGPT module, which is applied only
to TTS and VC tasks. Performance drops notably on both
tasks, indicating that CoC’s stochastic conditioning im-
proves alignment between DualTokens and text tokens in the
shared latent space. This enhanced alignment leads to more
stable and accurate acoustic token generation.

Conclusions

In this work, we aim to develop a unified speech LLM that
can simultaneously excel in both speech understanding and
generation. We first propose USTokenizer, which reduces
the modality gap between speech and text when adapting
text LLMs to speech LLMs. Based on this, we present an
end-to-end DualSpeechL.M that effectively accommodates
the different informational requirements for understanding
and generation by a dual-token modeling strategy. Experi-
ments indicate that our method achieves significantly bet-
ter performance than baselines, enabling mutual improve-
ments between understanding and generation. In the future,
we plan to improve DualSpeechLM to larger, more diverse
multilingual and cross-domain datasets to further explore its
generalization and robustness.
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