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Abstract
In this paper, we focus on solving one of the001
most important tasks in the field of speech002
processing, i.e., automatic speech recognition003
(ASR), with speech foundation encoders and004
large language models (LLM). Recent works005
have complex designs such as compressing006
the output temporally for the speech encoder,007
tackling modal alignment for the projector,008
and utilizing parameter-efficient fine-tuning for009
the LLM. We found that delicate designs are010
not necessary, while an embarrassingly simple011
composition of off-the-shelf speech encoder,012
LLM, and the only trainable linear projector013
is competent for the ASR task. To be more014
specific, we benchmark and explore various015
combinations of LLMs and speech encoders,016
leading to the optimal LLM-based ASR system,017
which we call SLAM-ASR1. The proposed018
SLAM-ASR provides a clean setup and little019
task-specific design, where only the linear pro-020
jector is trained. To the best of our knowledge,021
SLAM-ASR achieves the best performance on022
the Librispeech benchmark among LLM-based023
ASR models and even outperforms the latest024
LLM-based audio-universal model trained on025
massive pair data. Finally, we explore the ca-026
pability emergence of LLM-based ASR in the027
process of modal alignment. We hope that our028
study can facilitate the research on extending029
LLM with cross-modality capacity and shed030
light on the LLM-based ASR community.031

1 Introduction032

Automatic speech recognition (ASR) stands as a033

cornerstone in the realm of intelligent speech tech-034

nology, enabling machines to understand and tran-035

scribe human speech. The significance of ASR036

in enhancing human-computer interaction and ac-037

cessibility makes it a crucial area of research and038

applications in the field of speech processing.039

1SLAM-ASR is a subproject of SLAM-LLM, where
SLAM stands for Speech, Language, Audio and Music. Work-
ing in progress and will open-source soon.

The evolution of ASR technology has been 040

marked by the adoption of various paradigms, each 041

representing a leap forward in terms of accuracy, ef- 042

ficiency, and applicability (Li, 2022). Among these, 043

supervised methods including connectionist tem- 044

poral classification (CTC) (Graves et al., 2006), 045

attention-based encoder-decoder (AED) (Chan 046

et al., 2016), recurrent neural network transducer 047

(RNN-T) (Graves et al., 2013) and their variants 048

have been pivotal. In addition, employing self- 049

supervised methods for pre-training followed by 050

supervised methods for fine-tuning has also proven 051

to be effective (Baevski et al., 2020; Hsu et al., 052

2021; Chen et al., 2022; Ma et al., 2023; Yang et al., 053

2023). However, each paradigm comes with its 054

own set of challenges and limitations, such as the 055

need for extensive labeled data, difficulties in cap- 056

turing long-range context dependencies in speech, 057

and huge training costs. 058

In this evolving landscape, the advent of large 059

language models (LLMs) has introduced a ground- 060

breaking paradigm: Multimodal large language 061

models (MLLMs) framework (Liu et al., 2023; Li 062

et al., 2023a; Gao et al., 2024), based on a decoder- 063

only architecture. This innovative approach di- 064

verges from traditional ASR by utilizing the im- 065

mense generative capacity of LLMs, which are 066

pre-trained on vast corpora encompassing diverse 067

linguistic contexts, leading to LLM-based ASR. 068

The evolution of the ASR paradigm from previous 069

NN-based ASR models to LLM-based ASR mod- 070

els, stresses differences across loss and criterion 071

design, text prior knowledge, and model scale. This 072

paradigm harnesses pre-existing linguistic knowl- 073

edge, enabling a more holistic understanding of 074

language, which in turn, translates to significant 075

improvements in the speech recognition task. 076

The architecture of LLM-based ASR can be con- 077

ceptualized as consisting of three primary compo- 078

nents: a speech encoder, a projector, and an LLM. 079

Recent works in LLM-based ASR often venture 080
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into complex designs, such as compressing the out-081

put temporally from the speech encoder (Wu et al.,082

2023; Fathullah et al., 2023), tackling modal align-083

ment with the projector (Tang et al., 2024; Yu et al.,084

2024), and fine-tuning the LLM partly or fully (Wu085

et al., 2023; Li et al., 2023b; Tang et al., 2024;086

Wang et al., 2023). Despite these efforts, the out-087

comes have not always met expectations, indicating088

a potential misalignment between the complexity089

of designs and the efficacy of real-world speech090

recognition tasks. This observation led to a pivotal091

realization in our research: the essence of an effec-092

tive LLM-based ASR system lies in the synergy093

of a powerful speech encoder and a suitable LLM,094

and then, most notably, a single trainable linear095

projector is enough to align between modalities.096

Our findings challenge the prevailing notion that097

complexity equates to superiority in LLM-based098

ASR system design.099

In this work, we first benchmark the automatic100

speech recognition task performance with different101

combinations of well-known speech encoders and102

the latest released large language models. Experi-103

ments show that LLMs with supervised fine-tuning104

(SFT, a.k.a. chat model) perform better than raw105

pre-trained LLMs for the ASR task, while speech106

encoders fine-tuned with limited data from self-107

supervised models outperform supervised founda-108

tion ASR encoders. Building upon these insights,109

we propose SLAM-ASR, in which only a linear pro-110

jector is trained to conduct the ASR task. SLAM-111

ASR only requires 4 GPUs for 4 hours of training112

to achieve state-of-the-art performance on the Lib-113

rispeech (Panayotov et al., 2015) corpus, compared114

with other LLM-based ASR models and a series115

of previous best performing NN-based ASR mod-116

els. Besides, our work embarks on an in-depth117

exploration of the ability of LLM-based ASR mod-118

els. Interestingly, we observe the capability emer-119

gence phenomenon during LLM-based ASR train-120

ing. The benchmark and experimental exploration121

show how we harvest the exciting result step by122

step with a clean setup and little task-specific de-123

sign.124

2 Speech Recognition Meets Large125

Language Model126

2.1 Previous NN-based ASR127

Previous NN-based ASR systems are designed to128

align the speech signal with the label sequence ac-129

curately. As shown in table 1, different paradigms130

Table 1: ASR Paradigm with representative models. QF
means variants of Q-Former (Li et al., 2023a). Both
QF and Linear are projector modules used to align the
speech encoder and the LLM.

Model Loss Learnable
Previous NN-based ASR
Quartznet (Kriman et al., 2020) CTC All
Whisper (Radford et al., 2023) AED All
Branchformer (Peng et al., 2022) CTC + AED All
Conformer (Gulati et al., 2020) RNN-T All
Zipformer (Yao et al., 2024) Pruned RNN-T All
Paraformer (Gao et al., 2022) CIF All
LLM-based ASR
LauraGPT (Wang et al., 2023)

Decoder-
Only,
Cross
Entropy

All
SpeechGPT (Zhang et al., 2023) LLM
Li et al.’s (2023b) Encoder, LLM Adapter
SpeechLLaMA (Wu et al., 2023) Encoder, LLM LoRA
Qwen-Audio (Chu et al., 2023) Encoder, Linear
SALMONN (Tang et al., 2024) QF, LLM LoRA
Fathullah et al.’s (2023) Linear, LLM LoRA
Yu et al.’s (2024) QF
SLAM-ASR Linear

are carried out with a series of representative mod- 131

els. Quartznet (Kriman et al., 2020) leverages 132

CTC (Graves et al., 2006), the first E2E technology 133

widely adopted in ASR, yet facing performance 134

limitations due to its frame-independent assump- 135

tion. Whisper (Radford et al., 2023) utilizes mas- 136

sive pair speech-text data to train the attention- 137

based encoder-decoder (Chan et al., 2016) (AED, 138

a.k.a. LAS in ASR) architecture, empowering the 139

model with the ability to recognize and translate 140

speech in multiple languages. Branchformer (Peng 141

et al., 2022) employs a hybrid architecture that 142

combines CTC and AED (Chan et al., 2016), the 143

integration of the attention mechanism addresses 144

this limitation by introducing implicit language 145

modeling across speech frames. Conformer (Gu- 146

lati et al., 2020) utilizes neural transducer (Graves 147

et al., 2013), which directly discards the frame- 148

independent assumption by incorporating a label 149

decoder and a joint network, resulting in superior 150

performance. Zipformer (Yao et al., 2024) adopts 151

Pruned RNN-T (Kuang et al., 2022), which is a 152

memory-efficient variant of the transducer loss, uti- 153

lizing the pruned paths with minor posterior prob- 154

abilities. Paraformer (Gao et al., 2022) uses Con- 155

tinuous Integrate-and-Fire (CIF) (Dong and Xu, 156

2020), which offers a soft and monotonic align- 157

ment mechanism, estimating the number of tokens 158

and generating hidden variables. 159

2.2 Existing LLM-based ASR 160

LLM-based ASR models adopt decoder-only ar- 161

chitectures based on a pre-trained LLM as a new 162

paradigm. LauraGPT (Wang et al., 2023) con- 163

nects a modified Conformer (Gulati et al., 2020) 164
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encoder with Qwen-2B (Bai et al., 2023) for end-165

to-end training for multiple speech and audio166

tasks, with full parameter fine-tuning performed.167

SpeechGPT (Zhang et al., 2023) discretizes speech168

tokens with HuBERT (Hsu et al., 2021) and fine-169

tunes the LLaMA-13B (Touvron et al., 2023a) with170

multiple stages. Although both models are com-171

putationally expensive, their performance is lim-172

ited. (Li et al., 2023b) and (Wu et al., 2023) pro-173

pose to use inserted Gated-XATT-FFN (Alayrac174

et al., 2022) or side-branched LoRA (Hu et al.,175

2022) to fine-tune the LLM partially for conduct-176

ing ASR task, along with a trainable speech en-177

coder. Qwen-Audio (Chu et al., 2023) is an audio-178

universal model, which uses massive pair data to179

fine-tune the encoder initialized from the Whisper-180

large (Radford et al., 2023) model, optimized using181

the loss of the frozen Qwen-7B (Bai et al., 2023)182

output for backpropagation. All these models re-183

quire finetuning the encoder. SALMONN (Tang184

et al., 2024) uses Whisper-large (Radford et al.,185

2023) and BEATs (Chen et al., 2023) to en-186

code speech and audio, respectively, along with187

a window-level Q-Former (win-QF), can perform a188

variety of audio tasks. (Fathullah et al., 2023) con-189

nects Conformer with LLaMA-7B to successfully190

conduct monolingual and multilingual ASR. These191

models require the use of LoRA to be effective.192

The most intimate work is (Yu et al., 2024), which193

achieves good results on ASR using only segment-194

level Q-Former (sef-QF) similar to win-QF as the195

projector. The random concatenation training strat-196

egy is designed to alleviate the natural problem of197

Whisper (Radford et al., 2023) requiring an input198

speech of 30 seconds.199

2.3 Proposed Method200

As shown in Figure 1, an embarrassingly simple201

framework is proposed to train the SLAM-ASR202

model. For each sample, given speech XS, the203

corresponding transcript XT, and the prompt XP,204

we first convert the speech into speech features205

through the speech encoder, which can be written206

as:207

HS = Encoder(XS), (1)208

where HS = [hS1 , · · · , hST ] has T frames in the209

temporal dimension. Due to the sparsity of speech210

representation, the speech features sequence HS is211

still very long for the LLM to tackle2, we downsam-212

2Speech features are 25, 50, or 100 frames per second in
general.

LLM

<EOS>

Downsampler

Speech 
Encoder

LLM 
Tokenizer

USER:                                  Transcribe speech to text. ASSISTANT: {T}.  

 Speech T: Transcript

❄❄

❄

Linear 
Projector

🔥

Figure 1: A brief pipeline of SLAM-ASR, at the core
of which is a frozen speech encoder and a frozen LLM,
with the only trainable linear projector to align between
speech and text modalities.

ple the speech with a downsampler. More explicitly, 213

we concatenate every k consecutive frames in the 214

feature dimension to perform a k times downsam- 215

pling, leading to ZS = [zS1 , · · · , zSN ], where 216

zSi = hSk∗i ⊕ hSk∗i+1 ⊕ · · · ⊕ hSk∗i+k−1, (2) 217

and 218

N = T//k. (3) 219

Next, a projector is applied to transform the speech 220

features ZS into ES with the same dimension as 221

the LLM input embedding. In our experiments, 222

we use a single hidden layer followed by a ReLU 223

activation and a regression layer as the projector, 224

donated as: 225

ES = Linear(ReLU(Linear(ZS))). (4) 226

Finally, we feed the speech embedding ES, tran- 227

script embedding ET, and prompt embedding EP 228

into the template to compose the final input E of 229

LLM, donated as: 230

ET = Tokenizer(XT), (5) 231
232

EP = Tokenizer(XP), (6) 233
234

E =

{
Template(ES,EP,ET) if training,
T emplate(ES,EP) if inference,

(7) 235

wherein the template is detailed in Section 3.3 and 236

Section 3.4. 237
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3 Experiment Setup238

Our experimental procedure obeys the KISS (Keep239

It Simple, Stupid!) principle to investigate the most240

critical factors for LLM-based ASR.241

3.1 Models and Modules242

3.1.1 Speech Encoder243

Two types of speech encoders are investigated in244

this paper, which are supervised speech encoders245

trained on massive speech-text pair data and self-246

supervised speech encoders trained on large-scale247

unlabeled speech data. For supervised founda-248

tion models, we mainly survey the well-known249

Whisper (Radford et al., 2023) family of models3250

ranging from tiny to large, including whisper-tiny,251

whisper-base, whisper-small, whisper-medium and252

whisper-large-v2. We discard the decoder of each253

Whisper model and only use the encoder as a fea-254

ture extractor. We also investigate Qwen-Audio255

Encoder4, the encoder fine-tuned from whisper-256

large-v2 checkpoint on large-scale speech, au-257

dio and music data, released along with Qwen-258

Audio (Chu et al., 2023) model. For self-supervised259

models, we investigate HuBERT5 and WavLM6260

in different scales, either raw pre-trained or fur-261

ther fine-tuned. For the base-size models, both262

HuBERT (Hsu et al., 2021) and WavLM (Chen263

et al., 2022) perform self-supervised pre-training264

on LibriSpeech (Panayotov et al., 2015) corpus265

with 960 hours. For the large-size models, Hu-266

BERT is trained on LibriLight (Kahn et al., 2020)267

corpus with 60, 000 hours, while WavLM is trained268

on the much larger 94, 000 hours data including269

LibriLight (Kahn et al., 2020), VoxPopuli (Wang270

et al., 2021), and GigaSpeech (Chen et al., 2021).271

Furthermore, HuBERT provides pre-trained mod-272

els of X-Large size, which is the largest publicly273

available self-supervised speech encoder. All the274

models mentioned in this section are obtained from275

their official repositories. Refer to Section 4.3 for276

details of the parameters and hidden size of each277

specific model.278

3.1.2 LLM279

Two types of large language models are investi-280

gated in this paper, which are raw pre-trained LLMs281

3https://github.com/openai/whisper
4https://github.com/QwenLM/Qwen-Audio
5https://github.com/facebookresearch/fairseq/

tree/main/examples/hubert
6https://github.com/microsoft/unilm/tree/

master/unilm

without supervised fine-tuning and chat LLMs 282

with SFT (along with RLHF if conducted). For 283

the pre-trained LLMs, we try TinyLLaMA (Zhang 284

et al., 2024)7 of the 1B-magnitude and LLaMA- 285

2 (Touvron et al., 2023b)8 of the 7B-magnitude. 286

For the chat LLMs, TinyLLaMA-Chat9 of the 1B- 287

magnitude, Phi-210 of the 2B-magnitude, LLaMA- 288

2-Chat11 and Vicuna (Chiang et al., 2023)12 of the 289

7B-magnitude are considered. Refer to Section 4.2 290

for details of the parameters and hidden size of 291

each specific LLM. 292

3.1.3 Projector 293

The projector can be viewed as an adaptor for other 294

modalities to perform alignment with LLM. In all 295

our experiments, the output of the speech encoder 296

is 50 Hz, and the downsampling rate k = 5, lead- 297

ing to the input speech features ES of the large 298

model being 10 Hz. The hidden layer dimension 299

is set to 2048, while the dimension of the speech 300

encoder output HS and the LLM input dimension 301

vary depending on the model used, respectively. 302

3.2 Dataset 303

To evaluate the capabilities of the LLM-based ASR 304

models, we use the most widely used benchmark 305

for the ASR task, the standard Librispeech bench- 306

mark with 960 hours of training data without any 307

data augmentation or splicing. We use the dev- 308

other subset as the validation set and test-clean/test- 309

other as the test sets, each of which contains 10 310

hours of speech. 311

3.3 Training Detail 312

During training, the data is organized in the fol- 313

lowing format: “USER: <S> <P> ASSISTANT: 314

<T>”, where <S> represents speech embedding, 315

<P> represents the prompt, and <T> represents the 316

corresponding transcribed text. We only compute 317

the loss on <T>, as is common practice. For the op- 318

timizing strategy, we use AdamW (Loshchilov and 319

Hutter, 2019) with a max learning rate of 1× 10−4 320

without a weight decay. For the learning rate sched- 321

uler, we conduct warmup at the first 1, 000 steps 322

7https://huggingface.co/TinyLlama/TinyLlama-1.
1B-Chat-v0.4

8https://huggingface.co/meta-llama/
Llama-2-7b-hf

9https://huggingface.co/TinyLlama/TinyLlama-1.
1B-intermediate-step-1431k-3T

10https://huggingface.co/microsoft/phi-2
11https://huggingface.co/meta-llama/

Llama-2-7b-chat-hf
12https://huggingface.co/lmsys/vicuna-7b-v1.5
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and then keep the maximum learning rate for train-323

ing all the time. The max training step is set to324

100, 000, but we will stop early if the loss on the325

validation set does not decrease. For the audio em-326

bedding provided by the Whisper family of models,327

we found that not padding would affect the per-328

formance. As a result, we pad the speech to 30329

seconds for all Whisper models and the batch size330

is set to 4. For other models, the length of the input331

audio remains consistent with the original length332

in the temporal dimension, and the batch is set to 6,333

which greatly improves the efficiency of training334

and inference, compared to Whisper models.335

3.4 Inference Detail336

During inference, the data is organized in the fol-337

lowing format: “USER: <S> <P> ASSISTANT:”,338

where large language models answer autoregres-339

sively. Typically, LLMs utilize sampling algo-340

rithms to generate diverse textual outputs. Since341

speech recognition is a sequence-to-sequence task342

with deterministic outputs, we use beam search343

with beam = 4 to output the hypothesis corre-344

sponding to the speech.345

4 Exploration346

In this section, we first give a basic benchmark347

of combinations of different LLMs and speech en-348

coders and find that chat models perform better349

than raw pre-trained LLMs on the ASR task. We350

next benchmark different chat models and find Vi-351

cuna to be a suitable LLM and fine-tuned Hu-352

BERT to be a powerful speech encoder for con-353

ducting the ASR task. Finally, we propose SLAM-354

ASR, and compare SLAM-ASR with state-of-the-355

art previous NN-based ASR models and the latest356

best-performing LLM-based ASR models.357

4.1 A Basic Benchmark358

To begin with, we benchmark Whisper models with359

different sizes on pre-trained LLMs and supervised360

fine-tuned LLMs. We pick TinyLLaMA of the361

1B-magnitude and LLaMA-2 of the 7B-magnitude362

to make a preliminary assessment. As shown in363

Table 2, the performance of the ASR task improves364

as the speech encoder parameter size increases, but365

the improvement is of diminishing marginal benefit366

for the Whisper family of models. For the choice367

of LLMs, the chat models work better than the pre-368

trained models, regardless of the size. One possible369

explanation is that the chat models take speech370

embedding as a form of “language” and perform a371

machine translation task, which is activated during 372

the SFT process. 373

4.2 Exploration in LLMs 374

Next, we fix the speech encoder as Whisper-large 375

and then explore a better large language model. 376

As shown in Table 3, the Phi-2 chat model with 377

2.78B parameters has a comparable word error 378

rate with LLaMA-2 with 6.74B parameters on 379

test-other. Vicuna is an open-source chat LLM 380

fine-tuned on user-shared conversational data col- 381

lected from ShareGPT13, utilizing LLaMA as a pre- 382

trained LLM. The LLM-based ASR model shows 383

better results when Vicuna is used as the LLM com- 384

pared with LLaMA-2 and LLaMA-2-Chat. All the 385

above experimental results confirm the capability 386

of chat models on LLM-based ASR systems. 387

4.3 Exploration on Speech Encoders 388

Furthermore, we fix Vicuna as the LLM and bench- 389

mark the performance of different speech encoders. 390

For the supervised speech encoders, the perfor- 391

mance gets better gradually as the parameter size of 392

the speech encoder increases, which is consistent 393

with the trend on the LLaMA series models. When 394

the Qwen-Audio Encoder is used as the speech en- 395

coder, the ASR performance is further improved 396

compared with Whisper-large, which indicates that 397

the encoder fine-tuned on other LLM (i.e. Qwen- 398

7B) with gradient backpropagation, can be trans- 399

ferred to another LLM (i.e. Vicuna-7B), and main- 400

tain a certain degree of performance. 401

For the self-supervised learning speech encoders, 402

HuBERT Base and WavLM Base have about 95M 403

parameters, with 768 dimensions of hidden size. In 404

this configuration, the ASR performance is similar 405

compared with Whisper-small with the same scale, 406

where self-supervised learning does not play a role. 407

When scaling the self-supervised speech encoders 408

to 0.3B, WavLM Large outperforms all listed super- 409

vised speech encoders, including Whisper-medium 410

with 0.3B parameters and Whisper-large with 0.6B 411

parameters, while the improvement from HuBERT 412

Base to HuBERT Large is not obvious. However, 413

if the HuBERT Large encoder is first fine-tuned 414

on Librispeech 960 hours of training data, and 415

used as the speech encoder to train the projector in 416

our LLM-based ASR model, the model achieves 417

a WER of 2.30% on test-clean and 4.53% on test- 418

other, exceeding the performance with WavLM 419

13https://sharegpt.com
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Table 2: A base benchmark with different combinations of speech encoders and LLMs to conduct LLM-based ASR.
We benchmark Whisper models with different sizes on pre-trained models and chat models with different scales.

Speech Encoder
Pre-trained Model Chat Model

TinyLLaMA LLaMA-2 TinyLLaMA-Chat LLaMA-2-Chat
test-clean test-other test-clean test-other test-clean test-other test-clean test-other

Whisper-tiny 12.72 21.64 16.16 25.17 9.55 21.01 8.97 18.77
Whisper-base 7.35 15.89 17.46 21.84 7.03 15.92 6.37 12.98
Whisper-small 6.61 11.81 6.41 10.88 5.94 11.5 4.51 8.94
Whisper-medium 4.65 8.95 3.35 6.10 5.01 8.67 2.71 6.37
Whisper-large 4.39 8.22 3.01 7.15 4.33 8.62 2.72 6.79

Table 3: Explore the performance with different LLMs for LLM-based ASR. The projector is fixed with linear
layers and the speech encoder is fixed with Whisper-large-v2.

LLM #LLM Params Hidden Size #Projector Params WER(%) ↓
test-clean test-other

Pre-trained Model
TinyLLaMA 1.10B 2048 17.31M 4.39 8.22
LLaMA-2 6.74B 4096 21.50M 3.01 7.15
Chat Model
TinyLLaMA-Chat 1.10B 2048 17.31M 4.33 8.62
Phi-2 2.78B 2560 18.35M 3.88 7.19
LLaMA-2-Chat 6.74B 4096 21.50M 2.72 6.79
Vicuna 6.74B 4096 21.50M 2.58 6.47

Table 4: Explore the performance with different speech encoders for LLM-based ASR. The projector is fixed with
linear layers and LLM is fixed with Vicuna-7B-v1.5. LS-960 means the Librispeech 960 hours dataset.

Speech Encoder #Encoder Params Hidden Size #Projector Params WER(%) ↓
test-clean test-other

Acoustic Feature
FBank - 80 10.03M 68.95 99.37
Supervised Speech Encoder
Whisper-tiny 7.63M 394 12.33M 7.07 16.01
Whisper-base 19.82M 512 13.64M 5.07 13.07
Whisper-small 87.00M 768 16.26M 4.19 9.50
Whisper-medium 305.68M 1024 18.88M 2.72 6.79
Whisper-large 634.86M 1280 21.50M 2.58 6.47

+ Qwen-Audio Fine-tuning 634.86M 1280 21.50M 2.52 6.35
Self-supervised Speech Encoder
HuBERT Base 94.70M 768 16.26M 5.39 11.99
WavLM Base 94.38M 768 16.26M 4.14 9.66
HuBERT Large 316.61M 1024 18.88M 4.53 8.74

+ LS-960 Fine-tuning 316.61M 1024 18.88M 2.30 4.53
WavLM Large 315.45M 1024 18.88M 2.37 4.90
HuBERT X-Large 964.32M 1280 21.50M 4.29 6.66

+ LS-960 Fine-tuning (SLAM-ASR) 964.32M 1280 21.50M 1.94 3.81

Table 5: Compared with other LLM-based speech models. The specific information of the different modules is
given in the table.

Model Speech Encoder LLM Projector ASR Data(h) WER(%) ↓
Module Learnable Module Learnable Module Learnable test-clean test-other

LLM-based ASR-specific Models

Yu et al.’s (2024) Whisper-large ✗ Vicuna-13B ✗ seg-QF ✓
960 2.3 5.2

4,000+ 2.1 5.0
SLAM-ASR HuBERT X-Large ✗ Vicuna-7B ✗ Linear ✓ 960 1.9 3.8
LLM-based Audio-universal Models
SALMONN (Tang et al., 2024) Whisper-large, BEATs ✗ Vicuna-13B LoRA win-QF ✓ 1960 2.1 4.9
Qwen-Audio (Chu et al., 2023) Whisper-large ✓ Qwen-7B ✗ Linear ✓ 30,000+ 2.0 4.2
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Large as the speech encoder. Further, we use420

HuBERT X-Large as the speech encoder, which421

scales the speech encoder to 1B parameters. With422

Librispeech-960 fine-tuned HuBERT X-Large, our423

LLM-based ASR model gets a word error rate424

of 1.94% on test-clean and 3.81% on test-other,425

achieving 24.8% and 41.1% relative WER reduc-426

tion over the model with Whisper-large as the427

speech encoder, respectively. Additionally, in-428

spired by Fuyu (Bavishi et al., 2024), we also try429

to drop the speech encoder and directly feed the430

80-dimensional FBank features into the projector,431

which lags far behind utilizing well-trained speech432

encoders, as shown in the first row of Table 4. The433

experimental results show the effectiveness of us-434

ing self-supervised speech encoders and scaling the435

size of speech encoders.436

Table 6: Compared with previous NN-based models.
Specialist Models means models trained on Librispeech-
960, and in-domain LM means language models trained
on the LibriSpeech language model corpus along with
LibriSpeech-960 transcripts. Universal Models means
general-propose models trained on massive pair data.

Model WER(%) ↓
test-clean test-other

Specialist Models
ContextNet-large (Han et al., 2020) 2.1 4.6

+ in-domain LM 1.9 4.1
Conformer-large (Gulati et al., 2020) 2.1 4.3

+ in-domain LM 1.9 3.9
Branchformer-large (Peng et al., 2022) 2.4 5.5

+ in-domain LM 2.1 4.5
Zipformer-large (Yao et al., 2024) 2.0 4.4

+ in-domain LM 1.9 3.9
Universal Models
Whisper-large-v2 (Radford et al., 2023) 2.7 5.2
OWSM-v3.1 (Peng et al., 2024) 2.4 5.0
Ours
SLAM-ASR 1.9 3.8

4.4 SLAM-ASR437

Here we introduce SLAM-ASR, a llm-based ASR438

model with HuBERT X-Large as the speech en-439

coder and Vicuna-7B as the LLM, with the only440

trainable linear projector, implemented based on441

the SLAM-LLM framework. As shown in Table 5,442

we exhibit different LLM-based ASR models from443

concurrent work, either ASR-specific or audio-444

universal. A contemporary work (Yu et al., 2024)445

employs Whisper-large as the speech encoder and446

Vicuna-13B as the LLM. The segment-level Q-447

Former (seg-QF) is utilized as the projector to448

tackle the compatibility between speech sequences449

and the LLM. Compared with their method, our450

SLAM-ASR yields 17.4/26.9% relative WER re-451

ductions on test-clean/other subsets trained with 452

the same 960 hours of Librispeech data. When 453

their model is trained on a larger amount of speech 454

over 4, 000 hours, the proposed SLAM-ASR still 455

performs better. We also compare SLAM-ASR 456

with the latest LLM-based audio-universal mod- 457

els, SALMONN (Tang et al., 2024) and Qwen- 458

Audio (Chu et al., 2023), which provide results 459

on Librispeech benchmark. Compared with these 460

audio-based multimodal LLMs, SLAM-ASR still 461

achieves better performance despite the large mar- 462

gin in training data. 463

We also compare SLAM-ASR with state-of- 464

the-art previous NN-based models. For special- 465

ist models trained on Librispeech-960, we com- 466

pare SLAM-ASR with ContextNet (Han et al., 467

2020), Conformer(Gulati et al., 2020), Branch- 468

former (Peng et al., 2022), and Zipformer (Yao 469

et al., 2024). All models are of large size, and the 470

results from their papers are demonstrated. These 471

ASR models employ sophisticated system engineer- 472

ing, including SpecAugment and speed perturba- 473

tion for data augmentation, and the exponential 474

moving average technique for model averaging. 475

To further improve performance, in-domain lan- 476

guage models trained on the LibriSpeech language 477

model corpus along with the LibriSpeech-960 tran- 478

scripts are added for fusing or rescoring. SLAM- 479

ASR achieves the same (test-clean) or better (test- 480

other) ASR performance compared with the best- 481

performing models without using complex system 482

engineering. Compared with general-propose mod- 483

els trained on massive data, SLAM-ASR outper- 484

forms Whisper-large-v2 (Radford et al., 2023) in 485

industry, and OWSM-v3.1 (Peng et al., 2024) in 486

the academic community. The experimental results 487

demonstrate the superiority of SLAM-ASR and the 488

great potential of LLM-based ASR. 489

5 Capability Emergence 490

We observe that there is capability emergence for 491

LLM-based ASR during training within 1 epoch 492

(around 12k steps). Specifically, the accuracy of 493

the next token prediction increases rapidly at the 494

beginning of training, then starts to rise slowly, and 495

then “spikes” at some point, as if “the ability is 496

suddenly learned”. 497

Figure 2 demonstrates the training accuracy of 498

the next token prediction with the training steps, 499

where the LLM is kept as Vicuna-7B and the speech 500

encoders vary. As can be seen from the figure, 501

the speech encoders with better performance, in 502
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Figure 2: Training accuracy of the next token prediction
with the training steps. The LLM is fixed with Vicuna-
7B-v1.5 and different colored curves represent different
speech encoders.

this case, Whisper Large and WavLM Large, will503

emerge earlier. A possible explanation is that our504

task is essentially to align speech representations505

with LLMs, while a powerful speech encoder can506

provide representations that are easier for the pro-507

jector to align with LLMs.508

Figure 3: Training accuracy of the next token prediction
with the training steps. The speech encoder is fixed with
Whisper-large-v2 and different colored curves represent
different LLMs.

We keep the speech encoder as Whisper Large,509

change different LLMs, and plot the training ac-510

curacy, as shown in Figure 3. Experiments show511

that LLM-based ASR models with smaller LLMs512

such as TinyLLaMA-Chat and Phi-2 emerge earlier,513

however, they are not as effective as larger LLMs514

such as LLaMA-2-7B-Chat and Vicuna-7B. This515

shows that the larger language models are harder516

to align with speech features than the smaller ones.517

We also explore whether or not freezing the518

speech encoder affects capability emergence. We519

take TinyLLaMA-1.1B-Chat as the LLM and520

freeze or finetune the speech encoder, respectively.521

As shown in Figure 4, both models quickly rise522

to around 40% training accuracy in the early train-523

ing process. When the speech encoder is frozen,524

the model completes the cross-modal alignment525

in 1k steps, while the time node comes to 25K526

steps when the speech encoder is trainable, which 527

is much later. Table 7 compares the WER of the 528

LLM-based ASR systems with the speech encoder 529

freezing and fine-tuning, where the former works 530

much better. This indicates that 1k hours of speech 531

is still not enough to train a task-specific LLM- 532

based speech encoder, instead, freezing the speech 533

encoder and paying attention to the modal align- 534

ment is a better choice. 535

Figure 4: Training accuracy of the next token predic-
tion with the training steps. The speech encoder is
fixed with Whisper-large-v2 and the LLM is fixed with
TinyLLaMA-1.1B-Chat. Different colored curves repre-
sent freezing or fine-tuning the speech encoder.

Table 7: WER results of freezing or fine-tuning the
speech encoder shown in Figure 4 on Librispeech test-
clean and test-other subsets.

Freezing WER(%) ↓
Speech Encoder test-clean test-other

✓ 4.33 8.62
✗ 12.79 22.83

6 Conclusion 536

In this paper, we systematically explore LLM- 537

based ASR systems with a clean framework, where 538

the only trainable linear projector is used to align 539

the speech encoder and the LLM. Research in- 540

dicates that LLMs that undergo supervised fine- 541

tuning, exhibit improved performance and robust- 542

ness. Furthermore, speech encoders that are fine- 543

tuned from self-supervised models demonstrate 544

superior capabilities. The SLAM-ASR model is 545

proposed and outperforms other LLM-based ASR 546

models and previous NN-based ASR models on the 547

Librispeech benchmark. Exploratory experiments 548

show that there is a capability emergence in LLM- 549

based ASR systems. We aspire for our research to 550

serve as a step forward in the exploration of LLM- 551

based ASR, offering assistance and insights to the 552

broader community. 553
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Limitation554

Despite the promising results achieved with a clean555

framework in the proposed SLAM-ASR model,556

LLM-based ASR systems are still in the early557

stages of development. The large inference cost558

and memory requirements make it difficult to be559

applied on edge devices directly. Moreover, the560

performance of multilingual ASR remains to be561

explored in this paradigm.562
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A Appendix: More Exploration758

A.1 Text Perplexity759

Table 8: Word-level text perplexity (PPL) and word
error rate (WER) of different LLMs on Librispeech test-
clean and test-other subsets. Among the listed models,
the LLM-based ASR model with Vicuna has the best
word error rate, while LLaMA performs the worst.

LLM PPL (WER(%)) ↓
test-clean test-other

LLaMA-2 53.74 (3.01) 58.78 (7.15)
LLaMA-2-Chat 77.60 (2.72) 85.74 (6.79)
Vicuna 76.44 (2.58) 84.95 (6.47)

Word-level text perplexity (PPL) of different760

LLMs is measured to investigate if the better perfor-761

mance of Vicuna is related to domain agreement,762

rather than supervised fine-tuning. As shown in763

Table 8, we measure perplexity on test-clean and764

test-other subsets. Surprisingly, LLaMA-2 with-765

out SFT achieves the lowest perplexity by a large766

margin compared with chat models, while perform-767

ing the worst on the word error rate. This proves768

that the better results of chat models are not due to769

domain agreement with the transcripts.770

A.2 Prompt Engineering771

Table 9: Examples of prompts in LLM-based ASR.

Type Example

short prompts Transcribe speech to text.

long prompts

Transcribe speech to text. Output
the transcription directly without
redundant content. Ensure that the
output is not duplicated.

We also investigate the performance of different772

prompts in LLM-based ASR, and the prompt exam-773

ples are shown in Table 9. As shown in Table 10,774

when we use a short prompt, the model achieves775

better results compared with the model using a776

long prompt in a complex description. However,777

when we don’t use any prompt (that is, a shorter778

prompt only with the “ASSISTANT” tag left), the779

performance of the model drops. This indicates780

that although an LLM-based ASR model is a task-781

specific MLLM, the setting of the prompt is still im-782

portant. A possible explanation is that the prompt783

lets the model optimize in the task-specific sub-784

space through in-context learning, while too com-785

plex prompts will increase the learning difficulty786

and lead to a suboptimal solution. To investigate 787

this assumption, we set a more complex prompt 788

format. We use the same seed prompt for the ASR 789

task in SpeechGPT (Zhang et al., 2023) to gener- 790

ate 10 prompts to form a prompt library. At both 791

the training and testing stages, a random prompt is 792

drawn from the prompt library. As shown in the 793

last row of Table 10, there is a big drop in model 794

performance, which is in line with our assumption. 795

Table 10: The performance with different prompt de-
signs in LLM-based ASR on Librispeech test-clean and
test-other subsets.

Prompt WER(%) ↓
test-clean test-other

no prompts 3.19 6.97
short prompts 2.58 6.47
long prompts 2.88 6.79
randomly selected prompts 5.90 10.02
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