
When Large Language Models Meet Speech:
A Survey on Integration Approaches

Anonymous ACL submission

Abstract

Recent advancements in large language mod-001
els (LLMs) have spurred interest in expand-002
ing their application beyond text-based tasks.003
A large number of studies have explored inte-004
grating other modalities with LLMs, notably005
speech modality, which is naturally related to006
text. This paper surveys the integration of007
speech with LLMs, categorizing the method-008
ologies into three primary approaches: text-009
based, latent-representation-based, and audio-010
token-based integration. We also demonstrate011
how these methods are applied across various012
speech-related applications and highlight the013
challenges in this field to offer inspiration for014
future research.015

1 Introduction016

In recent years, the field of natural language017

processing (NLP) has been greatly reshaped018

by the development of large language models019

(LLMs) (Brown et al., 2020; Touvron et al., 2023a;020

Google, 2024; Bai et al., 2023; DeepSeek-AI,021

2024). These models have not only shown excel-022

lent ability in understanding and generating text but023

have also sparked interest in their potential appli-024

cability across other modalities, including speech.025

The integration of speech and LLMs offers a wide026

range of potential applications, including speech027

translation, conversational chatbots, and enhanced028

human-computer interaction in robotics.029

Survey papers have reviewed speech language030

models (Peng et al., 2024; Cui et al., 2025), as well031

as audio language models (Latif et al., 2023) and032

multimodal language models (Ghosh et al., 2024a;033

Zhang et al., 2024b). However, there still lacks a034

survey specifically on the integration approaches035

of speech and LLMs, posing a challenge for re-036

searchers seeking to address this complex problem.037

Distinct from other survey papers regarding038

speech and LLMs, this paper provides insight into039
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Figure 1: Overview of three fundamental approaches
for speech-LLM integration.

the problem by specifically surveying the integra- 040

tion approaches of speech and LLMs. Studies on 041

LLM tokenization (Chai et al., 2024; Tao et al., 042

2024) suggests that tokenization methods can af- 043

fect the performance of LLMs. On the other hand, 044

studies on tokenization methods for speech lan- 045

guage modeling (Gat et al., 2023; Borsos et al., 046

2023) also show that speech tokenization methods 047

can affect the performance of speech language mod- 048

els. In contrast to text processing, speech–LLM 049

integration approaches are not limited to discrete 050

tokenization, as presented in this paper. Therefore, 051

studying the integration between speech and LLMs 052

can be a key to innovations. 053

In this paper, we systematically categorize a sub- 054

stantial body of research on speech–LLM integra- 055

tion,1 and provide a clear taxonomy of the integra- 056

1One challenge that affects the scope of studies is the lack
of standard definition for LLMs. In this paper, we adopt the
loose definition by Zhao et al. (2023), focusing on models
with over 10 billion parameters, while also including notable
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tion approaches. We broadly categorize the integra-057

tion into the following three types: (a) Text-based058

integration: LLMs process textual data, integrated059

with speech-to-text and/or text-to-speech models;060

(b) Latent-representation-based integration: La-061

tent vector representations that encode speech data062

are utilized, mainly as inputs to LLMs; (c) Audio-063

token-based integration: Speech tokens, such as064

semantic tokens and/or acoustic tokens, are used065

as the inputs/outputs for LLMs. The overview of066

these approaches is illustrated in Figure 1, and the067

detailed taxonomy with representative studies is068

presented in Figure 2.069

2 Background070

2.1 Language Modeling071

Language modeling dates back to statistical models072

like N -gram models (Brown et al., 1992), which073

were central to early NLP and automatic speech074

recognition (ASR) systems (Bahl et al., 1983).075

Neural-network-based language modeling was in-076

troduced by Bengio et al. (2000), formulating the077

probability078

P (w1:T ) =
T∏
t=1

P (wt|w1:t−1),079

where wt is the t-th token (text subwords or speech080

tokens) and wi:j = (wi, wi+1, · · · , wj) is the sub-081

sequence from i-th token to j-th token.082

Advances in hardware enabled neural models083

to scale, leading to innovations such as sequence-084

to-sequence learning (Sutskever et al., 2014)085

and the attention mechanism (Bahdanau et al.,086

2015). The Transformer architecture (Vaswani087

et al., 2017) revolutionalizes language modeling088

using self-attention by efficiently modeling long-089

range dependencies utilizing parallelized computa-090

tion. Decoder-only Transformer (Liu et al., 2018)091

gains prominence through the multi-task learning092

paradigm with generative pre-training and discrina-093

tive fine-tuning (Radford et al., 2018). Scaling094

these models (Radford et al., 2019; Brown et al.,095

2020) shows generalization to multiple tasks with-096

out explicit supervision and achieves comparative097

performance against task-specific models, which098

leads to the advent of LLM era. Techniques such099

as instruction tuning (Wei et al., 2022) and align-100

ment to human preference via reinforcement learn-101

ing (Ouyang et al., 2022) further advance LLM ca-102

pabilities. For a comprehensive overview of LLMs,103

studies with smaller models.

we refer the readers to LLM survey papers (Zhao 104

et al., 2023; Minaee et al., 2024). 105

2.2 Speech Representations 106

Speech is captured as waveform signals, sampled at 107

a specific sampling rate and quantization value, and 108

represented as a sequence of amplitude values. For 109

deep learning applications, they are often converted 110

to speech representations with shorter sequence 111

lengths, such as log Mel filterbanks, which we re- 112

fer to as filterbanks. Following the success of the 113

unsupervised pre-training approach in other fields, 114

self-supervised speech models (S3Ms) (Baevski 115

et al., 2020; Hsu et al., 2021; Chen et al., 2022) 116

were introduced. These models predict masked 117

frames to learn representations that capture pho- 118

netic information (Choi et al., 2024), along with 119

a wide range of speech characteristics, such as 120

speaker identity, paralinguistic information, and 121

word-level information (Pasad et al., 2024). We 122

refer to these contextualized frame-level features 123

as latent representations. 124

To integrate speech (which is naturally contin- 125

uous) with LLMs (which are designed to handle 126

discrete tokens), audio tokens that are more dis- 127

crete than previous representations have been stud- 128

ied recently. There are two mainstream approaches 129

to modeling speech as audio tokens:2 semantic 130

tokens and acoustic tokens.3 Semantic tokens 131

can be obtained from S3Ms by discretizing latent 132

representations using k-means. Acoustic tokens 133

have been studied in the line of audio codecs (e.g., 134

MP3 (ISO, 1993), Opus (Valin et al., 2012), etc.), 135

which aim to compress audio signals. Neural au- 136

dio codecs (Zeghidour et al., 2021; Défossez et al., 137

2023; Kumar et al., 2023) have recently gained trac- 138

tion as powerful tools to improve coding efficiency 139

as well as perceptual quality. Because acoustic 140

tokens exhibit better quality in producing output 141

speech signals (Borsos et al., 2023) but fail to cap- 142

ture semantic information like semantic tokens do, 143

recent studies combine both to obtain better rep- 144

resentations for speech-language modeling (Wang 145

et al., 2023d; Zhang et al., 2024c; Défossez et al., 146

2024). 147

2Different studies use different terms for these tokens (e.g.,
Lakhotia et al. (2021) used the term “units” for semantic to-
kens). We use the terms semantic tokens and acoustic tokens
as in Borsos et al. (2023) and the term audio tokens to repre-
sent either or both of them similar to Défossez et al. (2024).

3We note that there are other efforts than semantic or acous-
tic tokens to discretize speech signals (Bai et al., 2024a).
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Text-based (Sec. 3)

Cascaded Integration (Sec. 3.1) AudioGPT (Huang et al., 2024a), HuggingGPT (Shen et al., 2023), Dighe et al. (2024)

LLM Rescoring (Sec. 3.2) Chen et al. (2023c), Udagawa et al. (2022), Li et al. (2023b), Hu et al. (2023), Huang et al. (2024b)

LLM GER (Sec. 3.3)

HyPoradise (Chen et al., 2023a), Yang et al. (2023a), GenTranslate (Hu et al., 2024c), Ma et al. (2023),
Hu et al. (2024b), Whispering Llama (Radhakrishnan et al., 2023), MMGER (Mu et al., 2024),
Yang et al. (2024a), Ko et al. (2024), LipGER (Ghosh et al., 2024b), Li et al. (2024b), Tang and Tung (2024) ,
Chen et al. (2024a)

Latent-representation-based
(Sec. 4)

Convolutional Downsampling (Sec. 4.2.1)

Hono et al. (2023), Yu et al. (2024), Fathullah et al. (2024), LTU (Gong et al., 2024), Pham et al. (2024),
BLSP (Wang et al., 2023a), SALM (Chen et al., 2024e), WavLLM (Hu et al., 2024a), DeSTA (Lu et al., 2024),
Llama-Omni (Fang et al., 2024), Seed-ASR (Bai et al., 2024b), SpeechVerse (Das et al., 2024),
SLAM-ASR (Ma et al., 2024), Denisov and Vu (2024) , MaLa-ASR (Yang et al., 2024b),
WHISMA (Li et al., 2024a), Lakomkin et al. (2024), Noroozi et al. (2024), Kang and Roy (2024),
Li et al. (2024c) , Chen et al. (2024a)

CTC Compression (Sec. 4.2.2) Hono et al. (2023), Speech-Llama (Wu et al., 2023), Ling et al. (2024), Fathullah et al. (2023)

Q-Former (Sec. 4.2.3)
Yu et al. (2024), SALMONN (Tang et al., 2024), COSMIC (Pan et al., 2023), XLLM (Chen et al., 2023b),
DeSTA (Lu et al., 2024), Secap (Xu et al., 2024a), BLSP-KD (Wang et al., 2024a), CoT-ST (Du et al., 2024a)

Other Adaptation Methods
SLM (Wang et al., 2023c), Qwen-Audio (Chu et al., 2023), Qwen2-Audio (Chu et al., 2024),
LauraGPT (Du et al., 2024b), LLaST (Chen et al., 2024d), BESTOW (Chen et al., 2024f),
SALSA (Mittal et al., 2024), Ideal-LLM (Xue et al., 2024) , Xu et al. (2024b), Chen et al. (2024a)

Audio-token-based (Sec. 5)

Semantic Tokens (Sec. 5.1.1)

VoxtLM (Maiti et al., 2024), SpeechGPT (Zhang et al., 2023), TWIST (Hassid et al., 2023),
Spirit-LM (Nguyen et al., 2025), GPT-Talker (Liu et al., 2024), BASE TTS (Łajszczak et al., 2024),
Llama-Omni (Fang et al., 2024), SpeechGPT-Gen (Zhang et al., 2024a), DiscreteSLU (Shon et al., 2024),
PSLM (Mitsui et al., 2024), Cheng et al. (2024), VSP-LLM (Yeo et al., 2024), Xu et al. (2024b)

Acoustic Tokens (Sec. 5.1.2) Hao et al. (2024), LauraGPT (Du et al., 2024b), Neekhara et al. (2024), Uniaudio (Yang et al., 2023b)

Semantic and Acoustic Tokens (Sec. 5.1.3)
AudioPaLM (Rubenstein et al., 2023), Moshi (Défossez et al., 2024), Hibiki (Labiausse et al., 2025),
Emova (Chen et al., 2024b), Shen et al. (2024)

Figure 2: Taxonomy for speech-LLM integration. “Latent-representation-based” integration is categorized by
different modality adaptation strategies. “Other Adaptation Methods” also includes studies that do not explicitly
mention their modality adaptation methods.

3 Text-based Integration148

This approach primarily utilizes text as both input149

and output for LLMs. One of the most direct im-150

plementations of this method is through cascaded151

integration, which is highly adaptable to various152

tasks. Within tasks like ASR, LLMs are not lim-153

ited to working with the final recognition results154

but can also operate on intermediate hypotheses.155

This allows for sophisticated operations like LLM156

rescoring, and LLM GER (Generative Error Cor-157

rection).158

3.1 Cascaded Integration159

Cascaded integration is the most simple and160

straightforward approach for integrating speech161

with LLMs. This involves the backbone LLM be-162

ing supported by ASR and Text-to-Speech (TTS)163

interfaces for handling speech inputs and outputs,164

as well as the LLM invoking external models to165

solve speech-related tasks. This approach has been166

employed in models such as AudioGPT (Huang167

et al., 2024a) and HuggingGPT (Shen et al., 2023)168

to expand the applications of LLMs. The primary169

advantage of cascaded integration is its ease of170

implementation, allowing various tasks to be in-171

tegrated into a single model with minimal effort.172

However, this method suffers from accuracy prob-173

lems due to error propagation and efficiency prob-174

lems due to the latency of processing through mul-175

tiple steps.176
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Figure 3: Two text-based approaches using hypotheses
for improving speech-to-text tasks.

3.2 LLM Rescoring 177

Before research on LLMs explosively expanded, 178

ASR models had already begun using rescoring 179

mechanisms with external language models to im- 180

prove transcription accuracy (McDermott et al., 181

2019; Shin et al., 2019; Salazar et al., 2020; Xu 182

et al., 2022). Recently, there have been efforts to- 183

wards utilizing LLMs for rescoring, and it has been 184

proven to be effective (Chen et al., 2023c; Udagawa 185

et al., 2022). 186
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As shown in Figure 3 (a), this process in-187

volves generating a list of n-best hypotheses188

H = {Y1, Y2, ..., Yn} from the speech input X189

through the initial ASR decoding, which is then re-190

evaluated using an LLM to find the hypothesis with191

higher linguistic coherence to improve accuracy.192

The rescoring process can be expressed as193

Y ∗ = argmaxYi∈H [(1−λ) log pAM(Yi|X)194

+ λ log pLLM(Yi)]195

where pAM and pLLM is the probability according196

to the ASR model (Acoustic Modle, AM) and the197

LLM, and λ is a weight balancing the contributions198

of two models.199

3.3 LLM Generative Error Correction200

Based on the concept of rescoring, LLM GER rep-201

resents a new approach that fully utilizes the gen-202

erative capability of LLMs. As shown in Figure203

3 (b), the method utilizes an instructional prompt204

together with the n-best hypotheses list to guide the205

LLM in generating transcription predictions. Chen206

et al. (2023a) described this task performed by the207

LLM as hypotheses-to-transcription (H2T), which208

they explore under both fine-tuning and few-shot209

settings. Further studies have explored this direc-210

tion with PEFT (Hu et al., 2024b) or in-context211

learning (Yang et al., 2023a; Ma et al., 2023).212

Instead of merely selecting the best hypothe-213

sis from a pre-existing set, this method allows the214

LLM to generate a new transcription based on the215

hypotheses. By doing so, LLMs can potentially216

produce a result with a quality better than all ini-217

tial hypotheses. Such an approach has proven to218

be well-suited for other tasks such as speech-to-219

text translation (S2TT), which require more gener-220

ative capabilities of the model (Hu et al., 2024c).221

Lin et al. (2024) adopted the mixture-of-experts222

architecture (Fedus et al., 2022; Jiang et al., 2024)223

to let different experts handle different types of224

generative errors produced by task-specific models225

including ASR and ST models.226

4 Latent-representation-based227

Integration228

In this integration approach, a speech encoder is229

used to process the speech input and generate latent230

representations that are directly fed into the LLM,231

bypassing the embedding layer. The speech en-232

coder is usually a Transformer-based model, which233

can be pre-trained on large-scale speech data or234

trained from scratch for the speech-LLM integra- 235

tion. 236

A critical issue of this approach is the sequence 237

length gap between the speech and text modalities. 238

Speech features, often sampled at rates of 50 to 239

100 frames per second, result in longer sequences 240

compared to text tokens. Consequently, some form 241

of modality adaptation mechanism is necessary 242

to bridge these modalities, ensuring that the latent 243

representations align with the LLM’s embedding 244

space. 245

4.1 Speech Encoder 246

For the speech encoder, various pre-trained models 247

can be utilized to provide representations learned 248

from large-scale speech data. This includes S3Ms 249

(e.g. HuBERT (Hsu et al., 2021)) as well as the 250

encoder of pre-trained ASR models (e.g. Whis- 251

per (Radford et al., 2023)). To connect the pre- 252

trained speech encoder and the LLM, an adapter 253

(also referred to as a bridge network or a module 254

connector) is usually adopted. 255

An alternative approach is to train a speech en- 256

coder from scratch, specifically for the LLM in- 257

tegration. The structure of the speech encoder is 258

usually a multi-layer Transformer (Vaswani et al., 259

2017) encoder or Conformer (Gulati et al., 2020). 260

4.2 Modality Adaptation 261

The modality adaptation mechanism is adopted for 262

the speech encoder to map original frame-wise rep- 263

resentations to token-wise representations. This 264

allows the LLM to process the speech sequence 265

in a manner similar to how it processes the text 266

sequence, without having to deal with overly long 267

sequences caused by long-form speech inputs. 268

The adaptation is usually accomplished by the 269

adapter between pre-trained models, which is in- 270

troduced in 4.1, or any part of the self-designed 271

trained-from-scratch speech encoder. To this end, 272

various adaptation methods have been proposed. 273

Apart from some rarely-used strategies such as ran- 274

dom downsampling (Wang et al., 2023c), most of 275

the methods can be categorized into three groups, 276

as shown in Figure 4: convolutional downsampling, 277

CTC compression, and Q-former. According to 278

comparisons conducted by Hono et al. (2023) and 279

Yu et al. (2024), the Q-former generally outper- 280

forms convolutional downsampling, which in turn 281

outperforms CTC compression. Next, we will de- 282

tail these strategies in the following sections. 283
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Figure 4: Different strategies for modality adaptation.

4.2.1 Convolutional Downsampling284

A basic strategy where the speech representation se-285

quence is downsampled from its original length us-286

ing convolutional layers (Hono et al., 2023). When287

using the same number for kernel size and stride,288

it becomes equivalent to simply stacking multiple289

representation vectors together, which may only290

benefit parameter efficiency (Fathullah et al., 2024).291

For better alignment with the LLM’s embeddings,292

some variants add a fully connected layer or a multi-293

head Transformer network after the convolutional294

layers (Yu et al., 2024).295

4.2.2 CTC Compression296

CTC compression involves two steps: (i) Training297

the speech encoder, or a part of it, on the ASR task298

based on Connectionist Temporal Classification299

(CTC) (Graves et al., 2013); (ii) Compressing the300

representation sequence based on the results of301

CTC predictions. Several specific strategies for the302

step (ii) include:303

Blank-removal Discarding all the frames pre-304

dicted as blanks (Hono et al., 2023; Wu et al.,305

2023).306

Frame-averaging Averaging the latent represen-307

tations of consecutive frames whose CTC predic-308

tions are the same label (Hono et al., 2023; Wu309

et al., 2023).310

Blank-probability Discarding any frames with311

a CTC probability for blank exceeding a thresh-312

old (Ling et al., 2024).313

4.2.3 Q-Former314

Many studies (Yu et al., 2024; Tang et al., 2024;315

Pan et al., 2023) adopt Q-Former for the modal-316

ity adaptation. Q-Former is a Transformer-based317

module converting variable-length input sequences 318

into fixed-length output query representations. It 319

is initially proposed for vision–text modality align- 320

ment (Li et al., 2023a). 321

4.3 Training Strategy 322

The optimal approach is to train the whole model 323

consisting of the speech encoder and the LLM. 324

However, fully fine-tuning the LLM is computa- 325

tionally expensive. Consequently, PEFT methods 326

such as LoRA (Xu et al., 2024c), are often adopted 327

to reduce resource consumption. 328

In scenarios where a pre-trained speech encoder 329

is utilized, the primary focus is training the adapter 330

connecting two pre-trained models. Whether to 331

fine-tune the speech encoder or the LLM with 332

PEFT seems optional as the decision differs across 333

studies. On this topic, several studies (Hono et al., 334

2023; Pham et al., 2024) have conducted system- 335

atic investigations by comparing the effects of fine- 336

tuning versus freezing different modules. 337

As for training the speech encoder from scratch, 338

it is commonly done jointly with fine-tuning LLM 339

with PEFT. Wu et al. (2023) proposed employing 340

a two-stage training process where PEFT is not 341

initiated until the speech encoder has undergone 342

some initial training, ensuring a more stable train- 343

ing progression. 344

5 Audio-token-based Integration 345

As explained in Section 2.2, there are two types of 346

audio tokens: semantic tokens and acoustic tokens. 347

Studies use either or both, treating them as inde- 348

pendent tokens like text or converting them back 349

to latent representations. When semantic tokens 350

are used for the output, a separate model to con- 351
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vert them into filterbanks and to waveform signals352

similar to TTS models is often used.353

5.1 Speech Language Models without LLMs354

5.1.1 Semantic Token355

Lakhotia et al. (2021) introduced the concept of356

generative spoken language modeling, which uses357

semantic tokens as both the input and output358

of a language model. Polyak et al. (2021) and359

Kharitonov et al. (2022) extended the idea by incor-360

porating prosodic information. These models only361

used audio, and although they could output tem-362

porarily coherent contents, semantic understanding363

ability, and audio quality remained as challenges.364

5.1.2 Acoustic Token365

The use of acoustic tokens for language modeling366

was popularized in the task of TTS (Wang et al.,367

2023b; Chen et al., 2024c), where a few seconds of368

sample speech is used to generate coherent speech369

as those samples given text. Wang et al. (2023d)370

extended the idea to cover multi-tasking of ASR,371

machine translation (MT), and TTS.372

5.1.3 Integration of Semantic and Acoustic373

tokens374

AudioLM (Borsos et al., 2023) was introduced375

to incorporate both semantic and acoustic tokens.376

They adopted a two-stage approach, where the377

model first predicts semantic tokens and then sub-378

sequently predicts acoustic tokens. Zhang et al.379

(2024c) employed distillation from semantic repre-380

sentation to the first quantizer to combine semantic381

and acoustic tokens. Their generation approach is382

similar to Wang et al. (2023b), where an autore-383

gressive model produces the first-layer token and a384

non-autoregressive model produces the rest.385

5.2 Integration of LLMs into Speech386

Language Models387

The use of LLMs as an underlying model of speech388

language models has become more popular fol-389

lowing the success of LLMs. Hassid et al. (2023)390

showed that training speech language models using391

underlying pretrained text language models could392

improve performance. VoxtLM (Maiti et al., 2024)393

uses OPT (Zhang et al., 2022) as an underlying394

LLM and conducts multi-task fintuning it on ASR,395

TTS, and language modeling on text and seman-396

tic tokens. AudioPaLM (Rubenstein et al., 2023)397

adopts a similar approach to Borsos et al. (2023)398

but also enables text input/output, leveraging PaLM399

(Chowdhery et al., 2023) as the underlying LLM. 400

TWIST and SpeechGPT (Zhang et al., 2023) use 401

Llama (Touvron et al., 2023a) as the underlying 402

model and use semantic tokens as both input and 403

output. Spirit-LM (Nguyen et al., 2025) uses Llama 404

2 (Touvron et al., 2023b) as the underlying model 405

and uses a mixture of semantic and text tokens for 406

both input and output. 407

Défossez et al. (2024) introduced a new archi- 408

tecture for speech language modeling. Similarly 409

to previous studies, they trained a text LLM and a 410

codec model similar to Zhang et al. (2024c). Their 411

architecture enables duplex ability of listening and 412

generating speech by using a hierarchical autore- 413

gressive model consisting of two Transformer mod- 414

ules, namely Temporal Transformer and Depth 415

Transformer (Lee et al., 2022). This architecture 416

is also shown to be effective for speech-to-speech 417

translation (S2ST) (Labiausse et al., 2025). 418

6 Comparative Analysis 419

6.1 Advantages and Disadvantages 420

It is important to understand the advantages and 421

disadvantages of the three integration approaches 422

when employing them for different applications. 423

We summarize their pros and cons as follows: 424

• Degree of integration: Latent-representation- 425

based > Audio-token-based > Text-based. 426

• Interpretability: Text-based > Audio-token- 427

based > Latent-representation-based. 428

• Speech generation ability: Text-based and 429

audio-token-based approach can generate speech, 430

whereas latent-representation-based approaches 431

typically cannot. 432

Based on these characteristics, different ap- 433

proaches excel in different scenarios: 434

• Latent-representation-based and audio-token- 435

based approaches are better than text-based ap- 436

proach, in scenarios where sufficient resources 437

(data, computational power, and time) are avail- 438

able or when real-time processing is required. 439

Deeper integration reduces error propagation and 440

latency but demands more extensive resources. 441

• Text-based approach is better than latent- 442

representation-based and audio-token-based ap- 443

proaches, in scenarios where resources are lim- 444

ited or when greater interpretability is required. 445

• Latent-representation-based approach is better 446

than audio-token-based, in scenarios where 447
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Task Dataset Metrics Model Integration Method Performance

ASR

Librispeech
dev-clean | dev-other |

test-clean | test-other

WER ↓

Whisper-large-v2 (Radford et al., 2023) Non-LLM — | — | 2.7 | 5.2
HyPoradise (Chen et al., 2023a) Text-based → LLM GER — | — | 1.8 | 3.7

BLSP (Wang et al., 2023a) Latent-representation-based → Convolutional Downsampling — | — | 10.4 | —
SpeechVerse (Das et al., 2024) Latent-representation-based → Convolutional Downsampling — | — | 2.1 | 4.4
Seed-ASR (Bai et al., 2024b) Latent-representation-based → Convolutional Downsampling — | — | 1.5 | 2.8

SALMONN (Tang et al., 2024) Latent-representation-based → Q-Former — | — | 2.1 | 4.9
SLM (Wang et al., 2023c) Latent-representation-based → Other Adaptation Methods — | — | 2.6 | 5.0

Qwen-Audio (Chu et al., 2023) Latent-representation-based → Other Adaptation Methods 1.8 | 4.0 | 2.0 | 4.2
Qwen2-Audio (Chu et al., 2024) Latent-representation-based → Other Adaptation Methods 1.3 | 3.4 | 1.6 | 3.6

LauraGPT (Du et al., 2024b) Latent-representation-based → Other Adaptation Methods — | — | 4.4 | 7.7
SpeechGPT-Gen (Zhang et al., 2024a) Audio-token-based → Semantic Token — | — | 2.4 | —

SLAM-ASR (Ma et al., 2024) Latent-representation-based → Convolutional Downsampling — | — | 1.9 | 3.8
BESTOW (Chen et al., 2024f) Latent-representation-based → Other Adaptation Methods — | — | — | 3.2

Hao et al. (2024) Audio-token-based → Acoustic Tokens 3.7 | 6.6 | 3.4 | 7.1

Fleurs
zh | en

WER ↓

Whisper-large-v2 (Radford et al., 2023) Non-LLM 4.2 | 14.7
Huang et al. (2024b) w/ PaLM2 Text-based → LLM Rescoring 13.1 | —

Seed-ASR (Bai et al., 2024b) Latent-representation-based → Convolutional Downsampling 3.43 | —
Qwen2-Audio (Chu et al., 2024) Latent-representation-based → Other Adaptation Methods — | 7.5
DiscreteSLU (Shon et al., 2024) Audio-token-based → Semantic Token 12.6 | —

AISHELL-2
Mic | iOS | Android

WER ↓

Seed-ASR (Bai et al., 2024b) Latent-representation-based → Convolutional Downsampling 2.2 | 2.2 | 2.2
Qwen-Audio (Chu et al., 2023) Latent-representation-based → Other Adaptation Methods 3.3 | 3.1 | 3.3

Qwen2-Audio (Chu et al., 2024) Latent-representation-based → Other Adaptation Methods 3.0 | 3.0 | 2.9
LauraGPT (Du et al., 2024b) Latent-representation-based → Other Adaptation Methods — | 3.2 | —

VoxPopoli
All

WER ↓ SpeechVerse (Das et al., 2024) Latent-representation-based → Convolutional Downsampling 6.5
AudioPaLM (Rubenstein et al., 2023) Audio-token-based → Semantic and Acoustic Tokens 9.8

S2TT

CoVoST2
en-de | de-en |

en-zh | zh-en |

es-en | fr-en |

it-en | ja-en

BLEU ↑

Whisper-large-v2 (Radford et al., 2023) Non-LLM — | 36.3 | — | 18.0 | 40.1 | 36.4 | 30.9 | 26.1
GenTranslate (Hu et al., 2024c) Text-based → LLM GER — | 39.2 | — | 21.6 | 42.0 | 41.7 | — | 22.9

GenTranslate-V2 (Hu et al., 2024c) Text-based → LLM GER — | 40.6 | — | 23.3 | 43.6 | 42.7 | — | 25.4
BLSP (Wang et al., 2023a) Latent-representation-based → Convolutional Downsampling 24.4 | — | 41.3 | — | — | — | — | —

Speech-Llama (Wu et al., 2023) Latent-representation-based → CTC Compression — | 27.1 | — | 12.3 | 27.9 | 25.2 | 25.9 | 19.9
SALMONN (Tang et al., 2024) Latent-representation-based → Q-Former 18.6 | — | 33.1 | — | — | — | — | —
Qwen-Audio (Chu et al., 2023) Latent-representation-based → Other Adaptation Methods 25.1 | 33.9 | 41.5 | 15.7 | 39.7 | 38.5 | 36.0 | —

Qwen2-Audio (Chu et al., 2024) Latent-representation-based → Other Adaptation Methods 29.9 | 35.2 | 45.2 | 24.4 | 40.0 | 38.5 | 36.3 | —
LauraGPT (Du et al., 2024b) Latent-representation-based → Other Adaptation Methods — | — | 38.5 | — | — | — | — | —
LLaST (Chen et al., 2024d) Latent-representation-based → Other Adaptation Methods — | 41.2 | — | 24.8 | 46.1 | 45.1 | 43.0 | 28.8

AudioPaLM (Rubenstein et al., 2023) Audio-token-based → Semantic and Acoustic Tokens — | 43.4 | — | 25.5 | 44.2 | 44.8 | — | 25.9
Ideal-LLM (Xue et al., 2024) Latent-representation-based → Other Adaptation Methods 25.9 | 38.5 | — | — | 41.5 | 40.0 | 38.0 | —

S2ST

CVSS S2ST
de-en | zh-en |

es-en | fr-en |

it-en | ja-en

ASR-BLEU ↑

Translatotron 2 + pretraining
+ TTS aug (Jia et al., 2022)

Non-LLM 33.6 | 13.1 | 38.5 | 36.5 | 35.7 | 8.5

AudioPaLM (Rubenstein et al., 2023) Audio-token-based → Semantic and Acoustic Tokens 37.2 | 20.0 | 40.4 | 38.3 | 39.4 | 20.9

TTS

AISHELL-1 CER ↓ | SECS ↑ |
MOSNet ↑

VALL-E Phone (Wang et al., 2023b) Non-LLM 4.75 | 0.91 | 3.22
VALL-E Token (Wang et al., 2023b) Non-LLM 6.52 | 0.91 | 3.19

LauraGPT (Du et al., 2024b) Audio-token-based → Acoustic Tokens 6.91 | 0.90 | 3.14

LibriTTS WER ↓ | SECS ↑ |
MOSNet ↑

VALL-E Phone (Wang et al., 2023b) Non-LLM 4.30 | 0.92 | 3.28
VALL-E Token (Wang et al., 2023b) Non-LLM 6.57 | 0.93 | 3.28

SpeechGPT-Gen (zero-shot) (Zhang et al., 2024a) Audio-token-based → Semantic Token 3.10 | 0.63 | 3.63
VoxtLM (Maiti et al., 2024) Audio-token-based → Semantic Token — | — | 4.36
LauraGPT (Du et al., 2024b) Audio-token-based → Acoustic Tokens 8.62 | 0.91 | 3.26

Topic-StoryCloze TSC ↑

Spirit-LM (Nguyen et al., 2025) Audio-token-based → Semantic Token 82.9
TWIST-1.3B (Hassid et al., 2023) Audio-token-based → Semantic Token 70.6
TWIST-7B (Hassid et al., 2023) Audio-token-based → Semantic Token 74.1

TWIST-13B (Hassid et al., 2023) Audio-token-based → Semantic Token 76.4
Moshi (Défossez et al., 2024) Audio-token-based → Semantic and Acoustic Tokens 83.6

StoryCloze SSC ↑

Spirit-LM (Nguyen et al., 2025) Audio-token-based → Semantic Token 61.0
TWIST-1.3B (Hassid et al., 2023) Audio-token-based → Semantic Token 52.4
TWIST-7B (Hassid et al., 2023) Audio-token-based → Semantic Token 55.3

TWIST-13B (Hassid et al., 2023) Audio-token-based → Semantic Token 55.4
Moshi (Défossez et al., 2024) Audio-token-based → Semantic and Acoustic Tokens 62.7

Table 1: Quantitative comparison based on applications. The Bold denotes the best result.

speech is only considered as input. Latent-448

representation-based methods provide the deep-449

est integration when generating textual or other450

downstream outputs.451

• Audio-token-based is better than latent-452

representation-based, in scenarios where speech453

is also considered as output. Generating speech454

from latent representations remains challenging,455

making audio-token-based approaches more456

suitable in these cases.457

6.2 Quantitative Comparison458

We provide a comprehensive performance compar-459

ison in Table 1, comparing studies with different460

integration approaches across multiple tasks: ASR,461

S2TT, S2ST, TTS. The table highlights key metrics462

such as word error rate (WER), BLEU score, and463

others, alongside each model’s integration method464

and backbone components.465

While Table 1 summarizes many state-of-the- 466

art results, direct comparisons can be challenging 467

due to variations in backbone LLMs, acoustic front- 468

ends, and training protocols. For instance, although 469

BLEU scores on CoVoST 2 (Wang et al., 2021) in- 470

dicate that deeper integration methods (e.g., latent- 471

representation-based) often yield improved perfor- 472

mance, model size and training resources also play 473

a significant role. Future work should focus on 474

more uniform experimental conditions to isolate 475

the impact of each approach. 476

Nonetheless, the metrics in Table 1 serve as 477

a starting point for evaluating how well each 478

method handles different tasks. The results suggest 479

that deeper integration (e.g., latent-representation- 480

based) can be beneficial when sufficient compu- 481

tational resources and training data are available, 482

whereas text-based methods often offer greater in- 483

terpretability and simpler pipelines. 484
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7 Challenges485

7.1 Text-based Integration486

Text-based integration preserves the original LLM487

input modality, which is text. Because the model is488

already optimized for textual inputs, this approach489

typically requires the least adaptation from the490

LLM. However, transforming speech into text be-491

fore feeding it into the LLM inevitably introduces492

a layer of abstraction and potential information493

loss such as prosody and emotion, which limits the494

downstream performance.495

Therefore, the main challenge is how to convey496

the rich information of source speech through text.497

In current practice, the intermediate text is often498

generated based on the highest probability (Chen499

et al., 2023a; Yang et al., 2023a; Radhakrishnan500

et al., 2023). Although this strategy maximizes501

intermediate accuracy, it may not be optimal for the502

LLM and its final outputs. One possible direction503

is to inject controlled randomness during decoding504

to ensure additional diversity. However, degrading505

accuracy could also have a negative effect, creating506

a trade-off. How to balance diversity and accuracy507

remains an open research question that requires508

future investigation.509

7.2 Latent-representation-based Integration510

In contrast to text-based integration, latent-511

representation-based integration employs an inter-512

mediate representation that is closer to the source513

speech but more distant from the LLM’s natural in-514

put space. Consequently, the primary challenge lies515

in aligning these acoustic representations with the516

textual embedding space of the LLM. Section 4.2517

introduces multiple modality adaptation mecha-518

nisms to address this and enable LLMs to handle519

speech more effectively.520

While the primary focus of most research intro-521

duced in this paper has been on adapting LLMs to522

better handle speech data, there is comparatively523

less attention on how these adaptations affect per-524

formance on text-based tasks. The alignment of525

text and speech data, along with their latent repre-526

sentations, remains underexplored, with only a few527

studies focusing on this issue (Wang et al., 2023a;528

Lu et al., 2024).529

A promising solution for improving speech-text530

alignment is the generation of high-quality syn-531

thetic speech data to supplement real datasets, thus532

closing the gap between the speech modality and533

text-based LLMs. More thorough investigations534

into how to align speech and text representations 535

in complex languages (beyond English) could also 536

strengthen the multimodal capabilities of LLMs. 537

7.3 Audio-token-based Integration 538

As stated in Sections 2.2 and 5, S3Ms (and their 539

derived semantic tokens) mainly capture phonetic 540

information (Choi et al., 2024), while acoustic to- 541

kens offer higher fidelity in generating speech sig- 542

nals (Borsos et al., 2023). 543

Integrating both representations, as presented in 544

Section 5.1.3, is one approach that requires further 545

investigation. While this approach achieves strong 546

performance across various downstream tasks (Ta- 547

ble 1), there are still limited studies on this ap- 548

proach, where the models are English-centric mod- 549

els that rely on millions of hours of speech data. 550

Minimizing computational requirements is essen- 551

tial to extend this approach to languages lacking 552

the vast resources available for English. 553

Some studies suggest that latent-representation- 554

based integration can outperform audio-token- 555

based integration (Wang et al., 2024b). However, it 556

is possible that this is due to the suboptimal repre- 557

sentation of audio tokens (Gat et al., 2023), requir- 558

ing further improvement of tokenization methods 559

and comparison with other integration approaches. 560

7.4 Fair Comparison Across Integration 561

Approaches 562

Beyond these integration-approach-specific chal- 563

lenges, there is a notable gap in comparing the 564

different integration approaches under a unified set- 565

ting. Most existing works focus on one approach, 566

making it difficult to assess their relative merits 567

consistently. A fair comparison among these in- 568

tegration methods could clarify how different fac- 569

tors affect performance. Developing standardized 570

benchmarks, protocols, and reporting practices for 571

speech-LLM research would help future work iso- 572

late the core differences between these approaches. 573

8 Conclusion 574

In this survey, we systematically categorize the 575

integration of LLMs with speech modality, outlin- 576

ing three primary approaches: text-based, latent- 577

representation-based, and audio-token-based in- 578

tegration. Each method demonstrates unique 579

strengths in performing different speech-related 580

tasks. However, numerous challenges remain in 581

this evolving field, presenting significant opportu- 582

nities for future research. 583
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Limitations584

In our survey of the integration of speech with585

LLMs, we have covered the significant develop-586

ments within this field. Despite our comprehensive587

approach, we acknowledge that the rapid pace of588

development in speech processing and LLM means589

that some recent advances or discussions might590

have escaped our attention and are not fully ad-591

dressed within this paper.592
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cent, Jiahui Yu, Yongqiang Wang, Vicky Zayats, Neil 1215
Zeghidour, Yu Zhang, Zhishuai Zhang, Lukas Zilka, 1216
and Christian Frank. 2023. Audiopalm: A large lan- 1217
guage model that can speak and listen. Preprint, 1218
arXiv:2306.12925. 1219

Julian Salazar, Davis Liang, Toan Q. Nguyen, and Ka- 1220
trin Kirchhoff. 2020. Masked language model scor- 1221
ing. In Proceedings of the 58th Annual Meeting of 1222
the Association for Computational Linguistics, ACL 1223
2020, Online, July 5-10, 2020, pages 2699–2712. 1224
Association for Computational Linguistics. 1225

Maohao Shen, Shun Zhang, Jilong Wu, Zhiping Xiu, 1226
Ehab AlBadawy, Yiting Lu, Mike Seltzer, and Qing 1227
He. 2024. Get large language models ready to speak: 1228
A late-fusion approach for speech generation. arXiv 1229
preprint arXiv:2410.20336. 1230

Yongliang Shen, Kaitao Song, Xu Tan, Dongsheng Li, 1231
Weiming Lu, and Yueting Zhuang. 2023. Hugging- 1232
gpt: Solving AI tasks with chatgpt and its friends in 1233
huggingface. CoRR, abs/2303.17580. 1234

Joonbo Shin, Yoonhyung Lee, and Kyomin Jung. 2019. 1235
Effective sentence scoring method using BERT for 1236
speech recognition. In Proceedings of The 11th Asian 1237
Conference on Machine Learning, ACML 2019, 17- 1238
19 November 2019, Nagoya, Japan, volume 101 of 1239
Proceedings of Machine Learning Research, pages 1240
1081–1093. PMLR. 1241

Suwon Shon, Kwangyoun Kim, Yi-Te Hsu, Prashant 1242
Sridhar, Shinji Watanabe, and Karen Livescu. 2024. 1243
Discreteslu: A large language model with self- 1244
supervised discrete speech units for spoken language 1245
understanding. arXiv preprint arXiv:2406.09345. 1246

Ilya Sutskever, Oriol Vinyals, and Quoc V. Le. 2014. 1247
Sequence to sequence learning with neural networks. 1248
In Proceedings of the 27th International Conference 1249
on Neural Information Processing Systems - Volume 1250
2, NIPS’14, page 3104–3112, Cambridge, MA, USA. 1251
MIT Press. 1252

Changli Tang, Wenyi Yu, Guangzhi Sun, Xianzhao 1253
Chen, Tian Tan, Wei Li, Lu Lu, Zejun Ma, and Chao 1254
Zhang. 2024. SALMONN: towards generic hearing 1255
abilities for large language models. In The Twelfth 1256
International Conference on Learning Representa- 1257
tions, ICLR 2024, Vienna, Austria, May 7-11, 2024. 1258
OpenReview.net. 1259

14

https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://doi.org/10.48550/ARXIV.2311.02248
https://doi.org/10.48550/ARXIV.2311.02248
https://doi.org/10.48550/ARXIV.2311.02248
https://doi.org/10.48550/ARXIV.2311.02248
https://doi.org/10.48550/ARXIV.2311.02248
https://doi.org/10.1162/tacl_a_00656
https://doi.org/10.1162/tacl_a_00656
https://doi.org/10.1162/tacl_a_00656
https://arxiv.org/abs/2410.18908
https://arxiv.org/abs/2410.18908
https://arxiv.org/abs/2410.18908
https://doi.org/10.48550/ARXIV.2406.17272
https://doi.org/10.48550/ARXIV.2406.17272
https://doi.org/10.48550/ARXIV.2406.17272
https://doi.org/10.48550/ARXIV.2406.17272
https://doi.org/10.48550/ARXIV.2406.17272
https://doi.org/10.21437/Interspeech.2021-475
https://doi.org/10.21437/Interspeech.2021-475
https://doi.org/10.21437/Interspeech.2021-475
https://proceedings.mlr.press/v202/radford23a.html
https://proceedings.mlr.press/v202/radford23a.html
https://proceedings.mlr.press/v202/radford23a.html
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://arxiv.org/abs/2306.12925
https://arxiv.org/abs/2306.12925
https://arxiv.org/abs/2306.12925
https://doi.org/10.18653/V1/2020.ACL-MAIN.240
https://doi.org/10.18653/V1/2020.ACL-MAIN.240
https://doi.org/10.18653/V1/2020.ACL-MAIN.240
https://doi.org/10.48550/ARXIV.2303.17580
https://doi.org/10.48550/ARXIV.2303.17580
https://doi.org/10.48550/ARXIV.2303.17580
https://doi.org/10.48550/ARXIV.2303.17580
https://doi.org/10.48550/ARXIV.2303.17580
http://proceedings.mlr.press/v101/shin19a.html
http://proceedings.mlr.press/v101/shin19a.html
http://proceedings.mlr.press/v101/shin19a.html
https://openreview.net/forum?id=14rn7HpKVk
https://openreview.net/forum?id=14rn7HpKVk
https://openreview.net/forum?id=14rn7HpKVk


Yixuan Tang and Anthony KH Tung. 2024. Contex-1260
tualized speech recognition: rethinking second-pass1261
rescoring with generative large language models. In1262
Proceedings of the Thirty-Third International Joint1263
Conference on Artificial Intelligence, pages 6478–1264
6485.1265

Chaofan Tao, Qian Liu, Longxu Dou, Niklas Muen-1266
nighoff, Zhongwei Wan, Ping Luo, Min Lin, and1267
Ngai Wong. 2024. Scaling laws with vocabulary:1268
Larger models deserve larger vocabularies. In The1269
Thirty-eighth Annual Conference on Neural Informa-1270
tion Processing Systems.1271

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier1272
Martinet, Marie-Anne Lachaux, Timothée Lacroix,1273
Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal1274
Azhar, Aurélien Rodriguez, Armand Joulin, Edouard1275
Grave, and Guillaume Lample. 2023a. Llama: Open1276
and efficient foundation language models. CoRR,1277
abs/2302.13971.1278

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-1279
bert, Amjad Almahairi, Yasmine Babaei, Nikolay1280
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti1281
Bhosale, Dan Bikel, Lukas Blecher, Cristian Canton1282
Ferrer, Moya Chen, Guillem Cucurull, David Esiobu,1283
Jude Fernandes, Jeremy Fu, Wenyin Fu, Brian Fuller,1284
Cynthia Gao, Vedanuj Goswami, Naman Goyal, An-1285
thony Hartshorn, Saghar Hosseini, Rui Hou, Hakan1286
Inan, Marcin Kardas, Viktor Kerkez, Madian Khabsa,1287
Isabel Kloumann, Artem Korenev, Punit Singh Koura,1288
Marie-Anne Lachaux, Thibaut Lavril, Jenya Lee, Di-1289
ana Liskovich, Yinghai Lu, Yuning Mao, Xavier Mar-1290
tinet, Todor Mihaylov, Pushkar Mishra, Igor Moly-1291
bog, Yixin Nie, Andrew Poulton, Jeremy Reizen-1292
stein, Rashi Rungta, Kalyan Saladi, Alan Schelten,1293
Ruan Silva, Eric Michael Smith, Ranjan Subrama-1294
nian, Xiaoqing Ellen Tan, Binh Tang, Ross Tay-1295
lor, Adina Williams, Jian Xiang Kuan, Puxin Xu,1296
Zheng Yan, Iliyan Zarov, Yuchen Zhang, Angela Fan,1297
Melanie Kambadur, Sharan Narang, Aurelien Ro-1298
driguez, Robert Stojnic, Sergey Edunov, and Thomas1299
Scialom. 2023b. Llama 2: Open foundation and1300
fine-tuned chat models. Preprint, arXiv:2307.09288.1301

Takuma Udagawa, Masayuki Suzuki, Gakuto Kurata,1302
Nobuyasu Itoh, and George Saon. 2022. Effect and1303
analysis of large-scale language model rescoring on1304
competitive ASR systems. In 23rd Annual Confer-1305
ence of the International Speech Communication As-1306
sociation, Interspeech 2022, Incheon, Korea, Septem-1307
ber 18-22, 2022, pages 3919–3923. ISCA.1308

Jean-Marc Valin, Koen Vos, and Timothy B. Terriberry.1309
2012. Definition of the Opus Audio Codec. RFC1310
6716. Internet Engineering Task Force (IETF).1311

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob1312
Uszkoreit, Llion Jones, Aidan N. Gomez, Łukasz1313
Kaiser, and Illia Polosukhin. 2017. Attention is all1314
you need. In Proceedings of the 31st International1315
Conference on Neural Information Processing Sys-1316
tems, NIPS’17, page 6000–6010, Red Hook, NY,1317
USA. Curran Associates Inc.1318

Changhan Wang, Anne Wu, Jiatao Gu, and Juan Pino. 1319
2021. Covost 2 and massively multilingual speech 1320
translation. In Interspeech 2021, pages 2247–2251. 1321

Chen Wang, Minpeng Liao, Zhongqiang Huang, Jin- 1322
liang Lu, Junhong Wu, Yuchen Liu, Chengqing 1323
Zong, and Jiajun Zhang. 2023a. Blsp: Boot- 1324
strapping language-speech pre-training via behavior 1325
alignment of continuation writing. arXiv preprint 1326
arXiv:2309.00916. 1327

Chen Wang, Minpeng Liao, Zhongqiang Huang, and Jia- 1328
jun Zhang. 2024a. Blsp-kd: Bootstrapping language- 1329
speech pre-training via knowledge distillation. arXiv 1330
preprint arXiv:2405.19041. 1331

Chengyi Wang, Sanyuan Chen, Yu Wu, Ziqiang Zhang, 1332
Long Zhou, Shujie Liu, Zhuo Chen, Yanqing Liu, 1333
Huaming Wang, Jinyu Li, Lei He, Sheng Zhao, and 1334
Furu Wei. 2023b. Neural codec language models 1335
are zero-shot text to speech synthesizers. Preprint, 1336
arXiv:2301.02111. 1337

Dingdong Wang, Mingyu Cui, Dongchao Yang, 1338
Xueyuan Chen, and Helen Meng. 2024b. A com- 1339
parative study of discrete speech tokens for semantic- 1340
related tasks with large language models. Preprint, 1341
arXiv:2411.08742. 1342

Mingqiu Wang, Wei Han, Izhak Shafran, Zelin Wu, 1343
Chung-Cheng Chiu, Yuan Cao, Nanxin Chen, 1344
Yu Zhang, Hagen Soltau, Paul K. Rubenstein, Lukas 1345
Zilka, Dian Yu, Golan Pundak, Nikhil Siddhartha, 1346
Johan Schalkwyk, and Yonghui Wu. 2023c. SLM: 1347
bridge the thin gap between speech and text founda- 1348
tion models. In IEEE Automatic Speech Recognition 1349
and Understanding Workshop, ASRU 2023, Taipei, 1350
Taiwan, December 16-20, 2023, pages 1–8. IEEE. 1351

Tianrui Wang, Long Zhou, Ziqiang Zhang, Yu Wu, Shu- 1352
jie Liu, Yashesh Gaur, Zhuo Chen, Jinyu Li, and 1353
Furu Wei. 2023d. Viola: Unified codec language 1354
models for speech recognition, synthesis, and trans- 1355
lation. Preprint, arXiv:2305.16107. 1356

Jason Wei, Maarten Bosma, Vincent Zhao, Kelvin Guu, 1357
Adams Wei Yu, Brian Lester, Nan Du, Andrew M. 1358
Dai, and Quoc V Le. 2022. Finetuned language mod- 1359
els are zero-shot learners. In International Confer- 1360
ence on Learning Representations. 1361

Jian Wu, Yashesh Gaur, Zhuo Chen, Long Zhou, Yi- 1362
meng Zhu, Tianrui Wang, Jinyu Li, Shujie Liu, 1363
Bo Ren, Linquan Liu, and Yu Wu. 2023. On decoder- 1364
only architecture for speech-to-text and large lan- 1365
guage model integration. In IEEE Automatic Speech 1366
Recognition and Understanding Workshop, ASRU 1367
2023, Taipei, Taiwan, December 16-20, 2023, pages 1368
1–8. IEEE. 1369

Liyan Xu, Yile Gu, Jari Kolehmainen, Haidar Khan, 1370
Ankur Gandhe, Ariya Rastrow, Andreas Stolcke, and 1371
Ivan Bulyko. 2022. Rescorebert: Discriminative 1372
speech recognition rescoring with bert. In IEEE In- 1373
ternational Conference on Acoustics, Speech and Sig- 1374
nal Processing, ICASSP 2022, Virtual and Singapore, 1375
23-27 May 2022, pages 6117–6121. IEEE. 1376

15

https://openreview.net/forum?id=sKCKPr8cRL
https://openreview.net/forum?id=sKCKPr8cRL
https://openreview.net/forum?id=sKCKPr8cRL
https://doi.org/10.48550/ARXIV.2302.13971
https://doi.org/10.48550/ARXIV.2302.13971
https://doi.org/10.48550/ARXIV.2302.13971
https://arxiv.org/abs/2307.09288
https://arxiv.org/abs/2307.09288
https://arxiv.org/abs/2307.09288
https://doi.org/10.21437/INTERSPEECH.2022-11123
https://doi.org/10.21437/INTERSPEECH.2022-11123
https://doi.org/10.21437/INTERSPEECH.2022-11123
https://doi.org/10.21437/INTERSPEECH.2022-11123
https://doi.org/10.21437/INTERSPEECH.2022-11123
https://doi.org/10.21437/Interspeech.2021-2027
https://doi.org/10.21437/Interspeech.2021-2027
https://doi.org/10.21437/Interspeech.2021-2027
https://arxiv.org/abs/2301.02111
https://arxiv.org/abs/2301.02111
https://arxiv.org/abs/2301.02111
https://arxiv.org/abs/2411.08742
https://arxiv.org/abs/2411.08742
https://arxiv.org/abs/2411.08742
https://arxiv.org/abs/2411.08742
https://arxiv.org/abs/2411.08742
https://doi.org/10.1109/ASRU57964.2023.10389703
https://doi.org/10.1109/ASRU57964.2023.10389703
https://doi.org/10.1109/ASRU57964.2023.10389703
https://doi.org/10.1109/ASRU57964.2023.10389703
https://doi.org/10.1109/ASRU57964.2023.10389703
https://arxiv.org/abs/2305.16107
https://arxiv.org/abs/2305.16107
https://arxiv.org/abs/2305.16107
https://arxiv.org/abs/2305.16107
https://arxiv.org/abs/2305.16107
https://openreview.net/forum?id=gEZrGCozdqR
https://openreview.net/forum?id=gEZrGCozdqR
https://openreview.net/forum?id=gEZrGCozdqR
https://doi.org/10.1109/ASRU57964.2023.10389705
https://doi.org/10.1109/ASRU57964.2023.10389705
https://doi.org/10.1109/ASRU57964.2023.10389705
https://doi.org/10.1109/ASRU57964.2023.10389705
https://doi.org/10.1109/ASRU57964.2023.10389705
https://doi.org/10.1109/ICASSP43922.2022.9747118
https://doi.org/10.1109/ICASSP43922.2022.9747118
https://doi.org/10.1109/ICASSP43922.2022.9747118


Yaoxun Xu, Hangting Chen, Jianwei Yu, Qiaochu1377
Huang, Zhiyong Wu, Shi-Xiong Zhang, Guangzhi Li,1378
Yi Luo, and Rongzhi Gu. 2024a. Secap: speech emo-1379
tion captioning with large language model. In Pro-1380
ceedings of the Thirty-Eighth AAAI Conference on1381
Artificial Intelligence and Thirty-Sixth Conference on1382
Innovative Applications of Artificial Intelligence and1383
Fourteenth Symposium on Educational Advances in1384
Artificial Intelligence, AAAI’24/IAAI’24/EAAI’24.1385
AAAI Press.1386

Yaoxun Xu, Shi-Xiong Zhang, Jianwei Yu, Zhiyong1387
Wu, and Dong Yu. 2024b. Comparing discrete and1388
continuous space llms for speech recognition. arXiv1389
preprint arXiv:2409.00800.1390

Yuhui Xu, Lingxi Xie, Xiaotao Gu, Xin Chen, Heng1391
Chang, Hengheng Zhang, Zhengsu Chen, Xiaopeng1392
Zhang, and Qi Tian. 2024c. Qa-lora: Quantization-1393
aware low-rank adaptation of large language models.1394
In The Twelfth International Conference on Learning1395
Representations, ICLR 2024, Vienna, Austria, May1396
7-11, 2024. OpenReview.net.1397

Hongfei Xue, Wei Ren, Xuelong Geng, Kun Wei, Long-1398
hao Li, Qijie Shao, Linju Yang, Kai Diao, and Lei1399
Xie. 2024. Ideal-llm: Integrating dual encoders and1400
language-adapted llm for multilingual speech-to-text.1401
arXiv preprint arXiv:2409.11214.1402

Chao-Han Huck Yang, Yile Gu, Yi-Chieh Liu, Shalini1403
Ghosh, Ivan Bulyko, and Andreas Stolcke. 2023a.1404
Generative speech recognition error correction with1405
large language models and task-activating prompt-1406
ing. In IEEE Automatic Speech Recognition and Un-1407
derstanding Workshop, ASRU 2023, Taipei, Taiwan,1408
December 16-20, 2023, pages 1–8. IEEE.1409

Chao-Han Huck Yang, Taejin Park, Yuan Gong, Yuan-1410
chao Li, Zhehuai Chen, Yen-Ting Lin, Chen Chen,1411
Yuchen Hu, Kunal Dhawan, Piotr Żelasko, et al.1412
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