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Abstract

Empathetic interaction is a cornerstone of
human-machine communication, due to the
need for understanding speech enriched with
paralinguistic cues and generating emotional
and expressive responses. However, the most
powerful empathetic LSLMs are increasingly
closed off, leaving the crucial details about the
architecture, data and development opaque to
researchers. Given the critical need for trans-
parent research into the LSLMs and empathetic
behavior, we present OpenS2S, a fully open-
source, transparent and end-to-end LSLM de-
signed to enable empathetic speech interactions.
Based on our empathetic speech-to-text model
BLSP-Emo [Wang et al., 2024a], OpenS2S fur-
ther employs a streaming interleaved decod-
ing architecture to achieve low-latency speech
generation. To facilitate end-to-end training,
OpenS2S incorporates an automated data con-
struction pipeline that synthesizes diverse, high-
quality empathetic speech dialogues at low cost.
By leveraging large language models to gener-
ate empathetic content and controllable text-to-
speech systems to introduce speaker and emo-
tional variation, we construct a scalable training
corpus with rich paralinguistic diversity and
minimal human supervision. We release the
fully open-source OpenS2S model, including
the dataset, model weights, pre-training and
fine-tuning codes, to empower the broader re-
search community and accelerate innovation in
empathetic speech systems.

Demo OpenS2SDemo
) Code CASIA-LM/OpenS2S
Model CASIA-LM/OpenS2S
Data  CASIA-LM/OpenS2S_Datasets

1 Introduction

Empathy is a fundamental pillar of human interac-
tions, fostering everything from prosocial behav-
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ior to deeper connections [Morelli et al., 2015].
Modeling and understanding empathy is a complex
task for artificial intelligence, yet its integration
is crucial for fostering more natural and effective
human-machine communication [Rashkin et al.,
2018]. In the realm of Large Speech Language
Models (LSLMs), this challenge is particularly pro-
nounced. Speech inherently conveys a wealth of
rich paralinguistic information, including intona-
tion, rhythm, volume variations, and cues related
to speaker attributes like age and gender. This intri-
cate paralinguistic content makes speech communi-
cation highly sensitive, rendering flat or unnuanced
responses from automated systems unacceptable.
Consequently, developing empathetic speech sys-
tems is vital for creating more natural and human-
centered artificial intelligence.

While recent advancements in LSLMs have sig-
nificantly enhanced audio processing and enabled
robust semantic-based instruction following in con-
versations [Kannan et al., 2019, Radford et al.,
2023, Kheddar et al., 2024, Hao et al., 2023, Li
et al., 2023, Barrault et al., 2023, Huang et al.,
2023], most existing models tend to overlook crit-
ical paralinguistic information in speech, thereby
fundamentally limiting their native empathetic in-
teraction capabilities. Although some LSLMs [Dé-
fossez et al., 2024, Zeng et al., 2024, Ding et al.,
2025] demonstrate strong empathetic performance,
they typically necessitate extensive pre-training on
millions of hours of high-quality speech data. This
reliance on vast datasets incurs substantial anno-
tation, computation, and training costs, setting up
a significant barrier to their broader adoption and
development. Furthermore, many of the most ad-
vanced models, particularly commercial models
like GPT-40 [Hurst et al., 2024] and Gemini are
fully proprietary and closed-source. This lack of
transparency makes it challenging to analyze their
internal mechanisms, reproduce their empathetic
behaviors, or build upon their architectures for fur-
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Table 1: The degree of openness of Open LSLMs.

Name LLaMA-Omni2 Qwen2-Audio GLM-4-Voice Kimi-Audio OpenS2S
Training Data X X X b 4 4
Pre-training Code X X X b 4 4
Fine-tuning Code b 4 b 4 b 4 4 v
Model v v v v 4
Empathetic X X v v 4

ther scientific research and development. To scien-
tifically study the empathetic behaviors in LSLMs,
including potential biases, cultural variations, and
their ethical implications, we believe that access to
powerful, fully open empathetic LSLMs is critical
to the advancement of this field.

To address the aforementioned limitations, we
propose OpenS2S, a fully open-source, end-to-end
LSLM. OpenS2S not only exhibits competitive
foundational speech capabilities but also features
an efficient streaming architecture based on inter-
leaved decoding. Crucially, in contrast to exist-
ing models that achieve empathetic capabilities
through resource-intensive pre-training, OpenS2S
attains comparable empathetic interaction perfor-
mance with significantly lower training data and
computational costs. Moreover, the empathetic
support provided by OpenS2S transcends mere par-
alinguistic cues, extending deeply into the semantic
content of the dialogue.

Overall, our main contributions are as follows:

1. Model Construction and Training: We
build an efficient speech-to-speech empathetic
model based on an advanced framework and
conduct extensive training using high-quality
data. This model can provide a more conve-
nient and natural way for humans to interact
with artificial intelligence.

2. Automatic Empathetic Speech Instruction
Dataset Construction: We propose a data
augmentation method for empathetic speech
dialogue by combining the strengths of large
language models (LLMs) and text-to-speech
(TTS) models. LLMs are used to generate di-
verse user queries and empathetic responses,
while voice cloning ensures input speaker
diversity. InstructTTS further enables con-
trollable emotional expression in speech re-
sponses, facilitating the construction of rich,
high-quality training data with minimal hu-
man annotation.

3. Fully Open-Source Release: To foster col-
laborative research and accelerate innovation
in empathetic LSLMs, we release all the re-
sources, including the model weights, all
codes for constructing datasets, pre-training,
fine-tuning and evaluation, and the synthetic
datasets, providing fully transparency and re-
producibility for the community.

2 Method
2.1 Architecture

The OpenS2S model architecture is shown in Fig-
ure 1, comprising four components: an audio en-
coder, an instruction-following LLM, a streaming
speech decoder, and a token2wav decoder. Next,
we will describe how to understand continuous
speech input and ultimately generate an empathetic
speech response.

Audio Encoder The Audio Encoder is respon-
sible for transforming this raw audio signal into
a more manageable and meaningful representa-
tion. To achieve this we use the encoder of Qwen2-
Audio [Chu et al., 2024] to extract features from the
audio waveform due to its powerful ability to en-
code semantic content and paralinguistic informa-
tion. These features generated by the audio encoder
are encoded at a frequency of 25Hz. To further
reduce the sequence length, the encoded represen-
tations are fed into a speech adapter, which com-
prises a downsampling module and a feed-forward
network. The downsampling module, consisting
of two CNN layers, is designed to compress the
sequence length by a factor of 4. Finally, the fea-
tures output by the speech adapter yield continuous
encoded representations at 6.25Hz.

Instruction-Following LLM The audio embed-
dings and text embeddings are concatenated to
form interleaved input sequences for the large lan-
guage model. We select Qwen3-8B-Instruct [ Yang
et al., 2025] as the LLM, leveraging its robust text
processing capabilities.
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Figure 1: Architecture

Streaming Speech Decoder To enable stream-
ing speech generation, we adopt a framework in-
spired by Minmo [Chen et al., 2025] and LLaMA-
Omni?2 [Fang et al., 2025]. The speech response is
first converted into discrete tokens using a super-
vised semantic speech tokenizer. Then, an autore-
gressive text-to-speech language model is used to
generate speech tokens conditioned on the hidden
states of the LLM, enabling real-time generation.

The speech tokenizer is implemented by insert-
ing a quantization module into the encoder of
Whisper-large-v3 [Radford et al., 2023], ultimately
producing a token sequence at a resolution of 12.5
tokens per second with a vocabulary size of 16,384.
We leverage the pretrained speech tokenizer from
GLM-4-Voice [Zeng et al., 2024].

Once the speech response is tokenized, a
decoder-only Transformer models the conditional
generation from LLM hidden states to speech to-
kens. This decoder is initialized from Qwen3-1.8B,
with its vocabulary extended to include the 16,384
speech tokens. The input to the streaming speech
decoder consists of the final hidden states from the
LLM, which are first projected via a linear layer
to match the embedding dimension of the speech
decoder.

To achieve streaming generation, we interleave
the LLM hidden states and generated speech tokens
in a predefined ratio: for every M hidden states
consumed, N speech tokens are generated (in our

of our proposed OpenS2S.

implementation, M = 4 and N = 8). After all
hidden states are consumed, the model continues
to autoregressively generate the remaining speech
tokens until the response is complete. During train-
ing, the cross-entropy loss is computed only on the
generated speech tokens.

Token2Wav Decoder The speech tokens gener-
ated by the streaming speech decoder are subse-
quently converted into the final speech waveform
by the token2wav decoder. This module comprises
two key components: a chunk-aware causal flow
matching model, which incrementally synthesizes
every M speech tokens into mel-spectrograms in
a streaming fashion, and a HiFi-GAN vocoder,
which converts the mel-spectrograms into the fi-
nal waveform. Both the flow matching model and
the vocoder are adopted from the pretrained com-
ponents in GLM-4-Voice [Zeng et al., 2024].

2.2 Training Strategy

OpenS2S employs a multi-stage training approach
to ensure its capability in speech understanding
and generation. The specific training strategy is
described in detail in Appendix A.

3 Data Collection

3.1 Pre-training

Speech Understanding For the semantic align-
ment stage, we utilize publicly available ASR
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datasets, and for the emotion alignment stage, we
employ standard SER datasets. The ASR datasets
include LibriSpeech [Panayotov et al., 2015], Com-
monVoice 13.0 [Ardila et al., 2019], and the Gi-
gaSpeech [Chen et al., 2021] M subset, compris-
ing approximately 1.9 million English (speech,
text) pairs. A comparable number of Chinese
ASR samples are randomly drawn from WeNet-
Speech [Zhang et al., 2022]. The SER datasets con-
sist of IEMOCAP [Busso et al., 2008], MELD [Po-
ria et al., 2018], CMU-MOSEI [Zadeh et al., 2018],
MEAD [Wang et al., 2020], and ESD [Zhou et al.,
2022], collectively covering around 70k utterances
in both English and Chinese.

Speech Generation In the first stage of pretrain-
ing, aimed at expanding the vocabulary and en-
hancing the speech decoder’s capacity to generate
speech tokens, we use 5k hours of English and 5k
hours of Chinese speech randomly sampled from
the Emilia [He et al., 2024] dataset. For connecting
the large language model with the speech decoder
and adapting it into an interleaved streaming gen-
eration decoder, we further sample 1k hours each
of English and Chinese data from the first-stage
dataset for training.

3.2 Supervised Fine-tuning

Existing open-source speech instruction datasets
commonly face three key challenges:

 Limited speaker diversity, which undermines
model robustness to varied speech inputs.
For example, datasets such as InstructS2S-
200K [Fang et al., 2024] and E-Chat [Xue
et al., 2024] rely on TTS systems to synthe-
size speech from text, resulting in limited vari-
ability in speaker characteristics.

* Neglect of paralinguistic information, with
an exclusive focus on semantic content. Al-
though VoiceAssistant-400K [Xie and Wu,
2024] introduces speaker diversity via voice
cloning, it fails to capture critical paralinguis-
tic cues such as emotion and speaking style.

* Insufficient label granularity, as exemplified
by SD-Eval [Ao et al., 2024], which is divided
into subsets that annotate different paralin-
guistic attributesfeatures in isolation—such as
emotion or gender—in isolation. No single
subset offers joint annotations across multiple
paralinguistic dimensions.

To address these limitations, we propose a fully
automated framework for constructing an empa-
thetic speech instruction dataset. This framework
systematically enhances speech diversity and rep-
resentativeness across dimensions such as emotion,
age, and gender through the integration of hetero-
geneous data sources. The full pipeline is illus-
trated in Figure 2 and comprises the following three
stages:

Collection and Manual Annotation of Seed Au-
dio We begin by selecting seed audio samples
from several publicly available speech emotion
recognition datasets. These datasets cover a wide
range of emotions and speaker demographics, in-
cluding children, adults, and the elderly, ensur-
ing strong representativeness and diversity. Each
selected sample is manually annotated with its
transcribed text, speaker gender, age, and emo-
tional label. This results in 1,000 English and
1,000 Chinese seed audio samples with rich multi-
dimensional annotations.

Generation of Speech Instructions A straight-
forward solution to generating speech instructions
is to convert existing text instruction datasets into
speech. However, such datasets present two chal-
lenges: (1) tasks involving math or programming
are often unsuitable for conversational speech sce-
narios; and (2) most instruction data neglect par-
alinguistic factors. Inspired by the Self-Instruct
paradigm, we leverage Qwen3-32B-Instruct to au-
tomatically generate task instructions that are sensi-
tive to paralinguistic cues. For example, the model
might generate the instruction "Do you think I
can run a marathon?" and tag it as age-sensitive,
suggesting it be read in an elderly voice. We
then randomly select a seed audio whose emo-
tion label is "elderly" as an audio prompt and use
CosyVoice2 [Du et al., 2024] for voice cloning,
preserving the emotion and gender attributes of
the selected seed. This process yields 50k English
and 50k Chinese speech instructions with diverse
paralinguistic characteristics.

Generation of Speech Response For each
speech instruction, we annotate its transcribed
text, emotion, age, and gender based on the
matched seed audio. Both the semantic content
and paralinguistic labels are input into Qwen3-32B-
Instruct with "thinking mode" enabled. Inspired by
LLaMA-Omni, we prompt the model to generate
concise, dialogue-appropriate, and empathetic text
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Figure 2: Automatic workflow for constructing empathetic speech instruction dataset.

responses. We then prompt the same model to infer
the appropriate emotional tone for delivering the re-
sponse, conditioned on the original instruction, the
response content, and the paralinguistic features of
the input speech. Finally, we use a consistent ref-
erence voice as a prompt and control Cosy Voice2
via instruction prompts to synthesize emotionally
expressive speech responses.

Through this systematic construction process,
we obtain an empathetic speech instruction dataset
characterized by multi-dimensional emotion anno-
tation, expressive emotional delivery, and diverse
speaker profiles. The statistics of the constructed
data are presented in Figure 3. In total, we construct
50k English and 50k Chinese speech-to-speech em-
pathetic samples. The input speech includes three
types of paralinguistic information tags (i.e. emo-
tion, gender, age)), and the output speech is fixed
as a young female voice responding with different
emotions.

To retain the model’s general instruction-
following capabilities beyond empathetic dia-
logue, we further incorporate general-purpose data.
Specifically, we extract 50k English instructions
from Instruct200K [Fang et al., 2024], translate
them into Chinese using Qwen3-32B-Instruct, and
select seed audio with neutral emotional labels
to convert these instructions into speech. Apply-
ing the same speech response generation process
as above, we obtain an additional 100k bilingual
speech-to-speech instruction pairs.

Lastly, we observe that training solely on speech-
to-speech data can impair the model’s ability to
respond to text inputs: while the language model
remains capable of generating reasonable text, the
speech decoder fails to produce valid speech to-
kens when conditioned on text instruction. To
mitigate this, we extract text-to-speech instruction
samples from the general speech-to-speech dataset,
ensuring the model can jointly handle both text and
speech inputs during inference.

4 Evaluation

4.1 Speech-to-Text Chat

We evaluate the ability of OpenS2S to engage in
speech-to-text conversations based on audio input
using two benchmarks:

* VoiceBench [Chen et al., 2024b] is a bench-
mark designed for the multi-faceted evalua-
tion of LLM-based voice assistants. To assess
the crucial capability of instruction-following,
we utilize the alpacaeval, commoneval, wild-
voice, and ifeval subsets. These were specif-
ically chosen to test the model’s ability to
comprehend and accurately execute diverse
spoken commands.

¢« URO-Bench [Yan et al., 2025] is an end-to-
end benchmark for spoken dialogue models
that assesses understanding, reasoning, and
oral conversation skills, including paralinguis-
tic cues. To evaluate the model’s capacity
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Table 2: Performance of OpenS2S and baseline models on the benchmarks of speech-to-text chat. For LLaMA-
Omni2, We compare with LLaMA-Omni2-7B-Bilingual for its comparable parameter size and bilingual capability.

VoiceBench URO-Bench
Model . . -
alpaca common ifeval wildvoice|lunderemo-en underemo-zh

Qwen-2-Audio [Chu et al., 2024] | 3.74 343 2633 3.01 35.38 69.62
GLM-4-Voice [Zeng et al., 2024] | 3.97 342 2592 3.18 5241 74.51
Kimi-Audio [Ding et al., 2025] 446 397 61.10 4.20 59.22 76.96
LLaMA-Omni2 [Fang et al., 2025]| 3.96 3.46 17.36 3.07 39.46 63.79
OpenS2S 4.09 3.65 4289 3.66 46.90 67.68

for empathy, we employ its UnderEmotion-
en and UnderEmotion-zh subsets. These are
designed to measure the model’s ability to
perceive the user’s emotional state and gener-
ate affectively appropriate responses in both
English and Chinese.

These two benchmarks evaluate from multi-
ple perspectives to ensure comprehensive assess-
ment: VoiceBench assesses the model’s instruction-
following capability, while URO-Bench evaluates
its comprehension and response to paralinguistic
emotional cues. We also evaluate several main-
stream open-source speech large models with com-
parable parameter sizes to OpenS2S for comparison.
The results are presented in Table 2.

The results in Table 2 show that OpenS2S demon-
strates competitive performance across the four sub-
sets of VoiceBench. Its scores rank second only
to Kimi-Audio, which is trained on substantially
more data', and outperform all other models. These
findings indicate that OpenS2S possesses strong ca-
pabilities in spoken dialogue and can effectively
handle user voice command inputs.

In addition, the results on the URO-Bench sub-
sets show that OpenS2S achieves scores close to
those of state-of-the-art models in empathy evalua-
tion, despite being trained on significantly less data.

'For example, Kimi-Audio employs more 13 million hours
of audio data for pre-training.

911

This not only confirms the solid empathetic inter-
action capabilities of OpenS2S, but also highlights
the high quality of the data generated by the pro-
posed empathetic speech dialogue data generation
method.

4.2 Speech-to-Speech Chat

Finally, we assess the end-to-end speech conversa-
tion capabilities of OpenS2S based on qualitative
analysis. Visit https://cwang621.github.io/
omnispeech.github.io/ for demos.

5 Conclusion

This report presents OpenS2S, a fully open-source,
end-to-end LSLM specifically designed for em-
pathetic speech interactions. OpenS2S distin-
guishes itself with an efficient streaming inter-
leaved decoding architecture, enabling low-latency
response generation, and an innovative automated
data construction pipeline. This pipeline cost-
effectively synthesizes diverse, high-quality em-
pathetic speech dialogues by leveraging large lan-
guage models and controllable text-to-speech sys-
tems. As a result, OpenS2S achieves competi-
tive performance in empathetic interactions while
requiring substantially less data and computa-
tional resources compared to current resource-
intensive pre-training methods. We release the com-
plete OpenS2S framework, including the dataset,


https://cwang621.github.io/omnispeech.github.io/
https://cwang621.github.io/omnispeech.github.io/

model weights, and training codes, to empower the
broader research community and accelerate inno-
vation in empathetic speech systems.

Limitations

Despite its advancements, OpenS2S still faces sev-
eral challenges. Its empathetic performance heavily
depends on the quality and diversity of its synthetic
training data, which means it may struggle with
real-world complexities if the data is insufficiently
rich. Although it strives for natural interaction,
it ultimately simulates empathy rather than gen-
uinely experiencing it, limiting its ability to provide
deeper cognitive understanding. Accurately rec-
ognizing subtle emotional nuances in speech also
remains an ongoing hurdle. In addition, OpenS2S
is trained with low-cost data, and although its per-
formance is acceptable, it still leaves considerable
room for improvement. In the future, we intro-
duce larger-scale data synthesis to produce more
advanced versions. Finally, like all AT models, it
risks inheriting or amplifying biases present in its
underlying data sources, which could lead to stereo-
typical or inappropriate responses toward certain
user groups.

Ethical Considerations

The ethical implications of OpenS2S are signifi-
cant. A primary concern is user trust: if people
perceive the Al’s empathy as artificial, their confi-
dence in the system could be undermined. There is
also the risk of misuse, where its empathetic capa-
bilities might be exploited for malicious purposes
such as emotional manipulation. Data privacy re-
mains paramount, as even synthetic speech data
could mimic real user patterns, necessitating strict
safeguards. Defining accountability for inappropri-
ate or harmful Al responses is crucial, particularly
in sensitive domains like mental health. Finally,
ensuring cultural sensitivity is vital, as empathetic
expressions vary widely across cultures, and a one-
size-fits-all approach could lead to misunderstand-
ings or offense.
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A Training Strategy

The training of OpenS2S consists of three stages:
speech understanding pre-training, speech genera-
tion pre-training, and empathy speech instruction
fine-tuning. In the first two pre-training stages, we
utilize open-source ASR and TTS datasets for pre-
training to endow the model with robust speech
understanding and generation capabilities. In the
instruction fine-tuning stage, we construct an em-
pathy speech instruction dataset for fine-tuning,
enabling the model to understand the semantic con-
tent and paralinguistic cues in speech, and finally
generate empathic speech responses.

Speech Understanding Pretraining (Stage 1 in
Figure 4) To equip the model with robust speech
understanding capabilities, we perform pretraining
on large-scale speech-text paired corpora, follow-
ing the training paradigm of BLSP-Emo [Wang
et al., 2024a]. This stage is divided into two phases:
semantic alignment and emotional alignment.

In the semantic alignment phase, we adopt the
concept of behavioral alignment, requiring the
LLM to produce identical continuations when
given either speech or its corresponding transcript
as input. Specifically, we first prompt the LLM
to generate continuations based on text transcripts
from an ASR dataset. During training, the model

is required to produce the same continuation when
conditioned on continuous speech representations,
thus aligning the model’s behavior across modali-
ties.

In the emotional alignment phase, we leverage
an SER dataset where each transcript is annotated
with an emotion label. An LLM is prompted to
generate emotion-aware continuations based on the
transcript and the reference emotion. We then adapt
a speech-language model to generate similar con-
tinuations directly from the speech input. This step
encourages the model to comprehend and reflect
both linguistic semantics and paralinguistic emo-
tional cues, producing text responses aligned with
those generated by the LLM given identical content
and emotion labels.

Throughout this pretraining process, the param-
eters of the audio encoder and the LLM remain
frozen. Only the speech adapter is fine-tuned to
facilitate modality bridging.

Speech Generation Pretraining (Stage 2 in Fig-
ure 4) As the streaming speech decoder is ini-
tialized from Qwen3-1.8B, which is originally de-
signed for text generation, we first perform offline
TTS pretraining to enable it to generate discrete
speech tokens. Specifically, we expand the de-
coder’s vocabulary to include 16,384 speech tokens.
During this phase, the input text is embedded using
word embeddings as a prefix, and the target is the
sequence of speech tokens extracted from reference
audio. This allows the decoder to learn a basic map-
ping from text tokens to speech tokens, serving as
a foundation for downstream speech synthesis.

In the second stage, we further train the speech
decoder to integrate with the LLM for streaming
generation. Unlike the previous step, the input text
is no longer embedded directly into the speech de-
coder. Instead, it is first processed by the LLM
using a structured prompt. The final-layer hidden
states corresponding to the response portion are
then extracted and interleaved with speech tokens
during training. At this stage, the LLM’s param-
eters are kept frozen, while the linear projection
layer and the speech decoder are fine-tuned. This
training strategy not only bridges the LLM and
the speech decoder but also adapts the offline de-
coder into a streaming-capable model that supports
interleaved token generation.

Empathetic Speech Instruction Tuning (Stage 3
in Figure 4) Following the pretraining stages, the
model demonstrates general speech understanding
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Figure 4: The training process of OpenS2S.

capabilities, enabling it to generate empathetic text
responses conditioned on both semantic content
and emotional cues in speech. However, its speech
generation ability remains limited: the model is
only able to produce meaningful speech tokens
when explicitly prompted with speech synthesis
tasks. When handling general-purpose text instruc-
tions or directly responding to speech instructions,
the speech decoder often fails to generate coherent
or meaningful speech outputs.

We attribute this limitation to overfitting during
the TTS-based pretraining stage. Specifically, the
model learns to rely on a narrow representation
subspace defined by the TTS task, resulting in poor
generalizability to broader instruction-following
scenarios. To address this issue, we introduce an ad-
ditional instruction tuning stage aimed at enabling
robust and flexible speech generation across diverse
task types.

In this stage, the speech encoder remains
frozen, while all other components, including au-
dio adapter, the LLM, linear projection layer, and
speech decoder, are fully fine-tuned. We observe
that relying solely on speech-to-speech instruction
data is insufficient to generalize speech generation
to textual instructions. Therefore, we further in-
corporate text-to-speech instruction data, allowing
the model to handle both speech and text inputs
seamlessly. The construction process of these in-
struction datasets is detailed in Section 3.2.

B Related Work

B.1 Speech Language Models

With the rapid advancement of large language mod-
els (LLMs), there is growing interest in extend-
ing their capabilities to spoken language, giving
rise to Speech Language Models (SpeechLMs)
that can understand and/or generate speech [Cui
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et al., 2024, Ji et al., 2024]. One approach directly
adapts LLMs for end-to-end speech modeling by
converting speech into discrete tokens and expand-
ing the vocabulary, as seen in SpeechGPT [Zhang
et al., 2023], AudioPalLM [Rubenstein et al., 2023],
and TWIST [Hassid et al., 2023]. Recent mod-
els like Spirit-LM [Nguyen et al., 2025] and
GLM-4-Voice [Zeng et al., 2024] leverage inter-
leaved speech-text training, while others such as
Moshi [Défossez et al., 2024] and LSLM [Ma et al.,
2025] enable spoken dialogue. In contrast, modu-
lar SpeechLLMs connect LLMs with external speech
modules. Early works [Shu et al., 2023, Wang
et al., 2023, 2024b, Chu et al., 2023, Nachmani
et al., 2023, Tang et al., 2023, Chu et al., 2024, Hu
et al., 2024] focused on speech understanding by
connecting pretrained speech encoders to LLMs,
but did not support speech generation. In contrast,
more recent models such as LLaMA-Omni [Fang
et al., 2024, 2025], Freeze-Omni [Wang et al.,
2024c], and OpenOmni [Luo et al., 2025] over-
come this limitation by attaching speech decoders
to LLM outputs. Mini-Omni [Xie and Wu, 2024]
and SLAM-Omni [Chen et al., 2024a] go further
with parallel decoding. Minmo [Chen et al., 2025]
and LLaMA-Omni2 [Fang et al., 2025] incorpo-
rates a streaming speech decoder through inter-
leaved text-speech generation.

B.2 Empathetic Conversations Across
Modalities

Empathetic conversation modeling [Rashkin et al.,
2018, Liu et al., 2021] has been studied across
text-to-text, speech-to-text, and speech-to-speech
settings, aiming to equip LLMs with emotional un-
derstanding and supportive responses [Burleson,
2003]. In text-based interactions, early work
focused on architecture modifications [Goel
et al, 2021], while recent approaches like
SoulChat [Chen et al., 2023] and Chain of Em-
pathy prompting [Lee et al., 2023] enhance em-
pathy through fine-tuning or step-by-step reason-
ing without extra data. For speech-to-text inter-
action, E-chat [Xue et al., 2024] introduced an
emotion-aware speech instruction dataset to en-
hance LLMs’ understanding of emotional speech.
BLSP-Emo [Wang et al., 2024a] proposed an
end-to-end model that aligns speech semantics
and emotions through two-stage pretraining using
ASR and SER datasets. Moving toward speech-
to-speech empathy, Spoken-GPT [Zhang et al.,
2024] adopts a cascaded framework that listens

and responds with expressive, emotionally attuned
speech, paving the way for fully empathetic voice
agents. Advanced commercial models such as GPT-
40 [Hurst et al., 2024], Doubao, Kimi-Audio [Ding
et al., 2025], and Step-Audio [Huang et al., 2025]
push the boundaries of empathetic interaction by
incorporating paralinguistic cues to better perceive
and respond to users’ emotional states. These mod-
els integrate speech understanding and generation
in real time, enabling more natural and emotionally
aware human-computer interactions. However, our
OpenS2S is the first to release all the resources in-
cluding model weights, training data and training
codes, in order to boost the research in the commu-
nity.
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