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Introduction
• Neural ASR systems have achieved significant progress, which are, however, data-hungry.
• An important challenge for the speech community is how to develop ASR systems to 

new languages efficiently with limited resources. 
• Multilingual and crosslingual ASR (MCL-ASR)

multilingual pretraining and crosslingual finetuning.

Large acoustic models (LAMs)/Speech encoders: Wav2Vec, Whisper, WavLM and Whistle.

Large language models (LLMs): BERT, GPT.

• Cooperation between acoustic and language models is important for ASR systems and 
has long been studied. 

A recent trend of ASR research: combining LAMs and LLMs -- LLM-ASR.

• Speech–language interfaces define two broad approaches to LLM-ASR: continuous-
interface and discrete-interface.
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This tutorial provides a systematic introduction to LLM-ASR, organized around a taxonomy of 
speech–language interfaces, with particular emphasis on data-efficient MCL-ASR.
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Brief ASR History
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GMM-HMM
(IBM, AT&T, 1980s)

DNN-HMM
(2009)

CTC
(2006)

AED
(2015)

CTC-CRF
(2019)

RNN-T
(2012)

• [CTC] Graves, et al., “Connectionist Temporal Classification: Labelling unsegmented sequence data with 
RNNs”, ICML 2006. 

• [DNN-HMM] A. Mohamed, et al., “Deep belief networks for phone recognition”, NIPS Workshop Deep 
Learning for Speech Recognition and Related Applications, 2009.

• [RNNT] A. Graves, “Sequence transduction with recurrent neural networks”, ICML 2012 Workshop on 
Representation Learning.

• [AED] D. Bahdanau, et al., “Neural machine translation by jointly learning to align and translate”, ICLR 2015.
• [LF-MMI] D. Povey, et al., "Purely sequence-trained neural networks for ASR based on lattice-free MMI", 

INTERSPEECH 2016.
• [CTC-CRF] Xiang&Ou. "CRF-based Single-stage Acoustic Modeling with CTC Topology", ICASSP, 2019.
• [LLM-ASR] Wu et al. “On decoder-only architecture for speech-to-text and large language model 

integration”, ASRU 2023.

LF-MMI
(2016)

LLM-ASR
(2023)



Modern/E2E ASR: Basics

Two key problems in E2E ASR:

1. How to obtain 𝑝 𝒚 | 𝒙

2. How to handle alignment, since 𝐿 ≠ 𝑇

ASR is a sequence discriminative problem
◼ For acoustic observations 𝒙 ≜ 𝑥1, ⋯ , 𝑥𝑇, find the most likely labels 𝒚 ≜ 𝑦1, ⋯ , 𝑦𝐿

Observations 𝒙 = 𝑥1 ⋯ 𝑥𝑇

Labels
𝒚
∥

𝑦1

⋮
𝑦𝐿

𝐿 ≠ 𝑇

𝜋1 𝜋2

𝜋3 𝜋5𝜋4

𝜋6

𝜋7 𝜋8

• Need a differentiable sequence-
level loss of mapping acoustic 
sequence 𝒚 to label sequence 𝒙

• Explicitly: introduce hidden state sequence 𝝅, as in 
Connectionist Temporal Classification (CTC),       
RNN Transducer (RNNT), CRF

• Implicitly: as in Attention based Encoder-Decoder 
(AED)
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Example of explicit alignment

still very relevant for us to understand LLM-ASR and go beyond



CTC: introducing blank symbol

Graves, et al., “Connectionist Temporal Classification: Labelling unsegmented sequence data with RNNs”, ICML 2006. 

• Motivation: training 𝑝 𝒚 | 𝒙 without the need for frame-level alignments 
between the acoustics 𝒙 and the transcripts 𝒚

◼ Introduce a state sequence 𝝅 ≜ 𝜋1, ⋯ , 𝜋𝑇,  where 𝜋𝑡 ∈ the-alphabet-of-labels  <b>

𝑝 𝝅| 𝒙 = ෑ

𝑡=1

𝑇

𝑝 𝜋𝑡|𝒙

Linear&Softmax Layer

𝑥1 𝑥𝑡 𝑥𝑇⋯ ⋯

Acoustic Encoder

ℎ1 ℎ𝑡 ℎ𝑇⋯ ⋯

𝑝 𝜋1|𝒙 𝑝 𝜋𝑡|𝒙 𝑝 𝜋𝑇|𝒙

𝑧𝑡 = 𝑊ℎ𝑡 ∈ ℝ𝐾+1 

𝑝 𝜋𝑡 = 𝑘|𝒙 =
𝑒𝑥𝑝 𝑧𝑡

𝑘

σ𝑖 𝑒𝑥𝑝 𝑧𝑡
𝑖 ≜ 𝑝𝑡

𝑘 : the 

prob. of observing label 𝑘 at time 𝑡
The un-normalized outputs 𝑧𝑡 are 

often called logits.

Path posterior 
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State posterior 



CTC topology

◼ State topology refers to the state transition structure in 𝝅, which basically determines 
the mapping ℬ𝐶𝑇𝐶 from 𝝅 to 𝒚

𝑝 𝒚|𝒙 = ෍

𝝅: ℬ𝐶𝑇𝐶 𝝅 =𝒚

𝑝(𝝅|𝒙)

𝑝 𝝅|𝒙 = ෑ

𝑡=1

𝑇

𝑝 𝜋𝑡|𝒙
Path posterior 

Label-seq posterior /CTC likelihood 

CTC topology : a mapping ℬ𝐶𝑇𝐶 maps 𝝅 to 𝒚 by
1. reducing repetitive symbols to a single symbol;
2. removing all blank symbols. 

ℬ −𝐶𝐶 − −𝐴𝐴 − 𝑇 − = 𝐶𝐴𝑇
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Summing over all possible paths, which map to 𝒚



• For WERs in apple-to-apple comparisons
• mono-phone clearly better mono-char, over WSJ-80h, Switchboard-300h, Librispeech-960h [Xiang&Ou, 2019]
• For low degree of grapheme-phoneme correspondence (e.g., English), wordpiece slightly worse than mono-

phone; For high degree (e.g., German), equally strong [Zheng, et al., 2021]

• Longer span, more training data needed
• Word-level CTC targets, trained on 3,400 hours of speech [Li et al., 2018]

CTC: Label units

Basic Units of 
Labels

Label Sequence

phoneme
DH AE1 T N IY1 DH ER0 AH1 V DH EH1 M HH AE1 

D K R AO1 S T DH AH0 TH R EH1 SH OW2 L D S IH1 
N S DH AH0 D AA1 R K D EY1

character
/grapheme

t h a t _ n e i t h e r _ o f _ t h e m _ h a d _ c r o s 
s e d _ t h e _ t h r e s h o l d _ s i n c e _ t h e _ d a r 

k _ d a y _
subword

/wordpiece
that_ ne i ther_ of_ them_ had_ cro s sed_ the_ 

th re sh old_ sin ce_ the_ d ar k_ day_

word
that neither of them had crossed the threshold 

since the dark day
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• Zheng, et al., "Advancing CTC-CRF Based End-to-End Speech Recognition with Wordpieces and Conformers", 2021.
• J. Li, et al., "Advancing acoustic-to-word CTC model", ICASSP 2018.



CTC: shortcoming
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• Conditional independence assumption

𝑝 𝝅| 𝒙 = ෑ

𝑡=1

𝑇

𝑝 𝜋𝑡|𝒙

𝑥1 𝑥𝑡 𝑥𝑇⋯ ⋯

Acoustic Encoder

ℎ1 ℎ𝑡 ℎ𝑇⋯ ⋯

𝑝 𝜋1|𝒙 𝑝 𝜋𝑡|𝒙 𝑝 𝜋𝑇|𝒙

𝜋𝑡−1 𝜋𝑡

𝒙

𝜋𝑡+1

Graphical Model RepresentationComputational flow

Overcome

RNN-T

CTC-CRF

AED



Subsection summary
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1.1  Modern speech recognition models

• End-to-end ASR models (CTC/CTC-CRF, RNNT, AED) are 
good supervised learners.

• Given large amounts of labeled speech for model training, 
they obtained impressive performance.

• How can we improve data-efficiency for ASR systems?
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Motivation
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• There are more than 7100 languages in the world, and most of them are 
low-resourced languages.



Motivation
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• There are more than 7100 languages in the world, and most of them are 
low-resourced languages.

• Multilingual speech recognition
◼ Training data from a number of languages (seen languages) are merged to train a 

multilingual AM.

• Crosslingual speech recognition
◼ The target language is unseen in training the multilingual AM.

◼ In few-shot setting , the AM can be finetuned on limited target language data. 

◼ In zero-shot setting , the AM is directly used without finetuning*.
* Suppose that text corpus from the target language are available.

Intuitively, the key to successful multilingual and crosslingual recognition is 
to promote the information sharing in multilingual training 

and maximize the knowledge transferring from the well trained multilingual model to the model 
for recognizing the utterances in the new language.



• Data-efficiency can refer to many things
• https://en.wikipedia.org/wiki/Data_efficiency

• Different from: computation-efficient (MIPS, million instructions per second), 
power-efficient (MIPS/Watt)

• In machine learning, data-efficiency mainly refers to: achieving better 
performance with the same amount of labeled/sampled data.

• Data-hungry: heavy reliance on supervised learning and large amounts of 
manually-labeled data. 

• A spectrum of data-efficient modeling and learning methods
✓ Model architecture

✓ Unsupervised, self-supervised, semi-supervised learning /Pre-training
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Data-efficient 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =
𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒

𝐶𝑜𝑠𝑡

Data-efficiency is a multi-dimensional problem.

https://en.wikipedia.org/wiki/Data_efficiency
https://en.wikipedia.org/wiki/Data_efficiency


Self/Un-supervised 
pre-training

Supervised 

pre-training

pre-training 

and 

fine-tuning

Wav2vec 2.0

XLSR

MMS

Subword

based

Phoneme 

based

Whisper (OpenAI) [a]

Whistle [b]

⋮

⋮

⋮

⋮

[a] (Whisper) “Robust speech recognition via large-scale weak supervision,” ICML 2023.

[b] S. Yusuyin, T. Ma, H. Huang, W. Zhao, and Z. Ou, “Whistle: Data-efficient multilingual and crosslingual speech 

recognition via weakly phonetic supervision,” IEEE Transactions on Audio, Speech and Language Processing, 2025. 

[c] I. Sutskever, et al. “Towards principled unsupervised learning,” arXiv 2015.

Background  Only train Encoder /lack of an equivalently high quality pretrained decoder: 

“a crucial weakness which limits their usefulness” [a]

 Does not satisfy principled unsupervised learning, since “the 

unsupervised objective may be unrelated to the supervised task of interest” [c] 
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Background:
International Phonetic Alphabet 
(IPA)

All human languages, without exception, are 
produced by the same set of human vocal 

organs.

since 1888

17



Research Questions

• Question 1：When comparing supervised or self-supervised pre-
training methods, which performs better for MCL-ASR?

• Question 2：When comparing phoneme-based and subword-based
supervised pre-training methods, which performs better for MCL-ASR?

Conduct the comparison as fairly as possible 
under identical settings (data volume, network architecture, model size, etc.)

18
S. Yusuyin, T. Ma, H. Huang, W. Zhao, and Z. Ou, “Whistle: Data-efficient multilingual and crosslingual speech 

recognition via weakly phonetic supervision,” IEEE Transactions on Audio, Speech and Language Processing, 2025. 



Methods

Fig.1. Illustration of the pretraining and finetuning procedures with (a) phonetic supervision, (b) subword supervision, and (c)  self-supervision.19



Methods

• Phoneme-based Supervised Pre-training:

• Utilizes the IPA as a universal phoneme inventory

• Promotes information sharing across different languages

• Referred to as phoneme-based weakly-supervised training due to transcription errors (PER: 7%~45%)

• Subword-based Supervised Pre-training:
• Constructs a shared symbol set from multilingual text corpora

• Affects information sharing among multiple languages to some extent

• Requires careful trade-offs between tokenization granularity and ASR performance

• Demands complex tokenization redesign when adding new languages

• Necessitates random initialization of the weights in the linear classification layer

• Self-supervised Pre-training:

• Learns representations from multilingual unlabeled audio

• Faces a decoder-capacity bottleneck (mismatch with encoder performance)

• Supports flexible fine-tuning with either grapheme or phoneme-based approaches

20



Dataset
• We construct the CV-Lang10 dataset 

comprises 4,096 hours of speech across 
10 languages from CommonVoice v11

• 73 phoneme units

• 4,998 subword (BPE) units Fig. 2. Counts of phoneme and subword units in the CV-Lang10 training.

Table 1 Example transcriptions for each language in CV-Lang10.
21

English

Spanish

French

Italian

Kyrgyz

Dutch

Russian

Swedish

Turkish

Tatar

Polish

Indonesian
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Pre-Training Fine-Tuning

Phoneme 

supervised
testing on seen languages

Subword

supervised

wav2vec2 

unsupervised

Testing

1-hour

10-hour

100/20-hour

testing on unseen languages

Experiment protocol

Multi-lingual Experiments

Cross-lingual Experiments

Data-efficiency in MCL-ASR 
• Pretraining data-efficiency (multilingual data-efficiency)

 Evaluates the performance of a pretrained, multilingual model in recognizing seen languages
• Finetuning data-efficiency (crosslingual data-efficiency)

 Measures the performance of finetuned models in recognizing unseen languages.



Model en es fr it ky nl ru sv tr tt Tot.

Training data hours 2227 382 823 271 32 70 149 29 61 20 4069

Model Size(M) en es fr it ky nl ru sv tr tt Avg.

O1 Monolingual phone 90 10.5 7.9 15.5 9.2 1.0 8.8 1.6 8.3 8.4 9.7 8.1

M4
Multi-lingual 

subword (BPE=5000)
92 12.0 9.8 12.4 9.9 3.2 9.6 3.3 9.9 9.1 13.5 9.3

M1
Multi-lingual phone 

(small)
90 10.7 8.6 16.0 9.9 1.0 7.3 1.5 6.1 7.6 7.3 7.6

M2
Multi-lingual phone 

(medium)
218 9.8 7.8 14.9 9.0 0.9 6.5 1.6 5.6 7.2 7.3 7.1

M3
Multi-lingual phone 

(large)
543 8.8 7.0 14.0 8.1 0.9 6.2 1.4 5.0 7.0 6.9 6.5

Multi-lingual Experiments
IPA phoneme-based supervised pretraining (10 
languages)     
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PT: Pre-Training
FT: Fine-Tuning

• Multilingual phone supervised PT outperforms Multilingual BPE supervised PT.
• A single large multilingual phone supervised PT outperforms monolingual separately-trained 10 models.

WER

↓18%



Multilingual Data-efficiency

Fig3. RRWER (phone PT vs subword PT) as a function of RIPO.
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Fig. 2. Counts of phoneme and subword units in the CV-Lang10 training.

We provide two points to understand why phonetic supervision obtains better multilingual data-efficiency. 

• From the perspectives of data balance: 
Graphemic supervision suffers from a 
more severe data imbalance.

• From the perspectives of data augmentation: 
Phonetic supervision enables a more efficient 
data sharing (implicit data augmentation).



Model
1h

PER         WER
10h

PER         WER
130h

PER         WER

1 Monolingual phone 86.0 99.9 30.3 13.8 2.8 4.9

2 Wav2vec2.0-base (En) phone FT 25.7 11.0 16.6 6.7 5.8 4.5

3 Wav2vec2.0-base (10 lang) phone FT 21.1 7.9 12.6 5.6 6.0 4.4

4 phone PT (10 lang) and phone FT 17.9 6.9 10.4 5.2 1.9 4.3

Cross-lingual Experiments
Phoneme FT on Polish (phone=37, #word=43,746)
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Model
1h (WER)

w/o LM     w LM
10h (WER)

w/o LM     w LM
130h (WER)

w/o LM     w LM

1 Monolingual subword 98.4 98.3 90.9 59.4 19.3 7.1

2 Wav2vec2.0-base (En) subword FT 100 100 45.6 7.0 8.5 3.8

3 Wav2vec2.0-base (10 lang) subword FT 99.9 100 36.9 5.7 7.4 3.4

4 subword PT (10 lang) and subword FT 70.1 9.1 31.9 4.8 5.4 3.7

5 phone PT (10 lang) and subword FT 69.5 8.6 31.8 4.8 5.8 3.8

Subword FT on Polish (#BPE=500, #word=43,746)

• 1h:  Phone PT + phone FT outperforms BPE PT + BPE FT，both outperforms 

wav2vec2 PT
• 10h/130h:  Phone/BPE PT + BPE FT is best，better than Phone PT + Phone FT
• 130h: wav2vec2 PT starts getting better

The effects 
of different 
PT methods 
diminish

Cross-lingual is mostly meaningful 
in low-resource setting.



Model
1h

PER         WER
10h

PER         WER
20h

PER         WER

1 Monolingual phone 96.5 100 27.3 7.7 5.7 3.2

2 Wav2vec2.0-base (En) phone FT 31.3 6.7 10.8 3.3 6.8 2.8

3 Wav2vec2.0-base (10 lang) phone FT 24.9 3.7 10.3 2.7 6.3 2.4

4 phone PT (10 lang) and phone FT 21.6 3.2 7.9 2.5 4.7 2.4

Cross-lingual Experiments
Phoneme FT on Indonesian (#phone=37, #word=13,658)
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Model
1h (WER)

w/o LM     w LM
10h (WER)

w/o LM     w LM
20h (WER)

w/o LM     w LM

1 Monolingual subword 96.6 96.4 69.5 49.6 31.9 10.8

2 Wav2vec2.0-base (En) subword FT 100 100 19.9 5.2 11.6 3.5

3 Wav2vec2.0-base (10 lang) subword FT 99.6 99.9 19.0 4.5 12.0 3.1

4 subword PT (10 lang) and subword FT 64.0 23.5 19.4 3.9 13.1 3.0

5 phone PT (10 lang) and subword FT 67.7 24.5 18.2 3.5 12.4 2.9

Subword FT on Indonesian (#BPE=500, #word= 13,658)

The advantages of phone PT + phone FT are more obvious, 
across all the three scales of data settings. 



Crosslingual Data-efficiency
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• In summary, we find that compared to both graphemic 
supervision and self-supervision, phonetic supervision
excels in crosslingual data-efficiency. 

• The efficiency advantage is more significant when the 
data are more limited and may diminish when the 
finetuning data are abundant.



Embedding visualization
• Representation learning in the subword model is not so balanced as in the phoneme-model.

Fig. 4. Visualization of embeddings by t-SNE: 
(a) Phoneme embeddings from M1 (blue=consonants, red=vowels), (b) Subword embeddings from M4. 28



Test of catastrophic forgetting
Multilingual models pre-trained on CV-Lang10 are fine-tuned with 10 minutes of Polish. 

• WARD (Word Accuracy Relative Degradation) quantifies the relative WER increase 

across the ten original CV-Lang10 languages.
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Phoneme-based model (M1) after 10-min Polish fine-tuning:
• Obtains 11.0% WER on Polish; Word accuracy drops by 48% across 10 pretrained languages

Subword-based model (M4) after 10-min Polish fine-tuning:
• Obtains 93.2% WER on Polish; Breaks down in recognizing the ten old languages

Phoneme PT and FT are more robust in overcoming catastrophic forgetting.



Training efficiency

Phoneme-based models tend to be more training efficient, i.e., they 
can converge with fewer optimization steps

Table 10. Training efficiency of phoneme-based vs. subword-based pre-training (PT) and fine-tuning (FT).

30

24% fewer epochs for PT

12% fewer epochs in Polish FT 

• Phoneme labels can provide more efficient supervision for sound 
classification than subword labels

• It takes a longer, less efficient path for neural networks to learn sound 
classification from subword supervision



Iu-Mien experiment
• Iu-Mien is a major branch of the Yao language, spoken by roughly 840,000 people across China, 

Southeast Asia, and diaspora communities in the United States.

• It is tonal and monosyllabic. It is written using the 26 Latin letters, and each basic Mien writing 
unit corresponds to a basic pronunciation.

• MightLJSpeech dataset [1]: 9.7 hours

Table 11. Examples of Mien words.

[1] https://github.com/mightmay/MightLJSpeech/tree/master/MightLJSpeech-1.1/csv

Iu Mien 
word

English 
meaning

syllabl
e

initial consonant

vowel

tone
initial main final

ginghgungv Dragonfly gingh g - i ng h

gungv g - u ng v

baengh Flat baengh b - ae ng h

nqaang Later nqaang nq - aa ng -

guinh Circle guinh g u i n h

31

https://github.com/mightmay/MightLJSpeech/tree/master/MightLJSpeech-1.1/csv
https://github.com/mightmay/MightLJSpeech/tree/master/MightLJSpeech-1.1/csv
https://github.com/mightmay/MightLJSpeech/tree/master/MightLJSpeech-1.1/csv


Iu-Mien experiment
• Three independent experiments, each with an 8:1:1 split for training : dev : test.

• For both phoneme fine-tuning and subword fine-tuning, the Whistle pre-trained 
model achieved better recognition accuracy on the low-resource Mien language than 
other pre-training methods.

Table 13. Mien speech recognition based on 
subword modeling

Table 12. Mien speech recognition based on 
phoneme modeling

32
Low-Resourced Speech Recognition for Iu Mien Language via Weakly-Supervised Phoneme-based Multilingual Pre-training. ISCSLP, 2024.



Subsection summary
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• Data efficiency means better recognition at a fixed labeled-data budget, or comparable 
accuracy with fewer labels.

• Multilingual pretraining pools knowledge across languages. 

• Crosslingual finetuning adapts the model to a new language with limited labeled 
speech.

• Whistle uses weak phonetic supervision and shared IPA labels, improving multilingual 
and low-resource ASR in controlled comparisons.

1.2  Data-efficient multilingual and crosslingual ASR

Phonetic pretraining helps with limited labels; Transfer gains vary by language and data 
budget.



Content
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I. Basics of Speech Recognition and LLMs (50 min)
1. Modern speech recognition models
2. Data-efficiency in Multilingual and Crosslingual Speech Recognition
3. Introduction to LLMs
4. Overview and taxonomy of LLM-ASR

Connecting speech encoders to LLMs 
defines what we call LLM-ASR.

What's the technical that makes LLMs 
success?

Is it because of scaling law? 
Are there deeper underlying reasons?



Language model (LM)
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LM: a probabilistic model of language (token sequences)

Autoregressive LM:

At each position, use the 
historical tokens 

𝑥1, 𝑥2, ⋯ , 𝑥𝑖−1 (context)

Compute the (conditional) 
probability of the current token

𝑃 𝑥𝑖|𝑥1, ⋯ , 𝑥𝑖−1

next-token prediction

historical 
tokens 

current
token

𝑃 𝑥1, 𝑥2, ⋯ , 𝑥𝑛 = ෑ

𝑖=1

𝑛

𝑃 𝑥𝑖|𝑥1, ⋯ , 𝑥𝑖−1



The progress of ChatGPT
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It was the combined effect of these technologies 
(a six-part progression) that made ChatGPT possible

Standing on the shoulders of giants from many years of artificial-intelligence research

Language 
Model

Transformer 
Neural 
Architecture 
(2017/06)

GPT-1: 
Pretraining + 
Finetuning 
(2018/06)

GPT-2:   
zero-shot 
prompting 
(2019/02)

GPT-3:        
in-context 
learning 
(2020/05)

InstructGPT, 
ChatGPT: 
RLHF 
(2022/03, 11)

Chinese WeChat Blog:“严谨谈谈ChatGPT的进步、不足及AGI挑战”, Zhijian Ou, 2023/03/16.
“A Rigorous Discussion on ChatGPT’s Progress, Limitations, and the Challenge of AGI”



GPT and pretraining + finetuning techniques (2018)
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From the original GPT paper [4] "Improving language understanding by Generative Pre-Training" (2018) 

Unsupervised pre-training combined with supervised fine-tuning is a form of semi-supervised learning.

“Our work broadly falls under the category of semi-supervised learning for natural language.”

Natural language understanding, consisting of a wide range of different tasks



Supervised learning from labeled data { 𝒙, 𝒚 }: a huge success!

Speech recognition

Object detection and tracking Dialogue systems

Intent detection, semantic slot filling, 
and named-entity recognition

38

Input: context 𝒙

Output: response 𝒚

𝑝 𝑦|𝑥
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(SSL)

Supervised learning from labeled data 𝒙, 𝒚 Collaborative supervised and unsupervised learning
over 𝒙, 𝒚 , 𝒙 , 𝒚
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What advantages 
does GPT have, 

compared to 
encoder-only or 

encoder-decoder 
architectures?
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𝜃 𝜃

𝑙𝑜𝑠𝑠 𝑙𝑜𝑠𝑠

Naive unsupervised learning Principled unsupervised learning

e.g. Solving math problems

e.g. Out-of-class reading

e.g. Solving math problems
e.g. Out-of-class learning, 
including problem-solving 
practice

Reaching the sup. minimum 
➔ Reaching the unsup. 

minimum



GPT-2（2019）
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• Having a machine learn to perform a natural-language-understanding task is essentially 
estimating the conditional distribution 𝑃 𝑜𝑢𝑡𝑝𝑢𝑡 | 𝑖𝑛𝑝𝑢𝑡

• An innovation by GPT-2 is to express 𝑡𝑎𝑠𝑘, 𝑖𝑛𝑝𝑢𝑡, 𝑜𝑢𝑡𝑝𝑢𝑡 as token sequences —
reducing the model 𝑷 𝒐𝒖𝒕𝒑𝒖𝒕 |𝒕𝒂𝒔𝒌, 𝒊𝒏𝒑𝒖𝒕 to a language model:                       
given the context, recursively generate the next symbol.

Transformer based Foundation Language Model

Context / Prompt

𝑡𝑎𝑠𝑘 𝑖𝑛𝑝𝑢𝑡

𝑜𝑢𝑡𝑝𝑢𝑡

(translate to french, english text, french text)
(answer the question, document, question, answer)

For example,

• Training data for different tasks are uniformly organized as
𝑡𝑎𝑠𝑘, 𝑖𝑛𝑝𝑢𝑡, 𝑜𝑢𝑡𝑝𝑢𝑡



GPT-2（2019）
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In GPT, based on an autoregressive language model, the supervised objective naturally becomes part of 
the unsupervised objective, achieving principled unsupervised learning!

symbol sequences

The Principled Semi-supervised Learning Philosophy Behind GPT’s Success



Challenge: cross-modality tasks
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Many speech and image tasks are cross-modal; 
for example, ASR maps from the speech modality 
to the text modality and faces a new challenge:

Principled unsupervised learning is broken 

• Encoder and LLM are separately trained, losses 
unrelated.

• What should the interface between the two 
modalities be? How to fuse for cross-modality?

DeepSeek-VL2

Speech-LLM: ASR

Gemini: interleaved sequences of text, image, 
audio, and video as input, responses with 
interleaved image and text as output



Subsection summary
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• Autoregressive language models learn by next token prediction.

• Generative Pre-Training (GPT) “broadly falls under the category of semi-supervised 
learning for natural language” (pretraining + finetuning).

• The key advantage of GPT: achieving principled unsupervised learning —— A unified 
token sequence can represent a task input and its output; Conditional task prediction 
fits naturally within language modeling!

• LLM-ASR adds a cross-modal challenge. Separately pretrained speech encoders and 
LLMs need an interface and objective that connect acoustics with text.

1.3  Introduction to large language models

The central question for LLM-ASR is how to connect pretrained acoustic representations 
with language modeling.



Content
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I. Basics of Speech Recognition and LLMs (50 min)
1. Modern speech recognition models
2. Data-efficiency in Multilingual and Crosslingual Speech Recognition
3. Introduction to LLMs
4. Overview and taxonomy of LLM-ASR

II.  Continuous-interface based approach  (50 min)

III. Discrete-interface based approach (50 min)

IV.Open questions and future directions (20 min)



1.4  Overview of LLM-ASR
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• LLM-ASR combines a speech encoder and an LLM through an explicit speech–language 
interface.

• Continuous interfaces use a connector or projector to map acoustic features into the 
LLM embedding space.

• Discrete interfaces pass text hypotheses or phonemes to the LLM for error correction 
or phoneme-to-grapheme generation.

• System design also depends on encoder choice, training data and adaptation. 
Component ablations and full-system benchmarks answer different questions.

Fair interface comparisons require controlled backbones, data budgets and adaptation protocols.



Advances in Data-Efficient Multilingual and Crosslingual Speech Recognition Powered by LLMs

CHNG Eng Siong

Nanyang Technological University

Dr. Hexin Liu

Nanyang Technological University

Continuous interface for Speech LLM

Presenters:



Speech LLM for ASR - Continuous Interface ~10 mins3

Data-efficient ASR with Speech LLM & Continuous Interface ~15 mins4

ROADMAP — Part 1 (Chng Eng Siong)

1 Using LLM for ASR ~5 mins

2B Speech LLM for ASR —integrating Speech Encoder, Connector and LLM for ASR ~10 mins

Encoders for Speech ASR – A Primer ~10 mins2A

ROADMAP — Part 2 (Hexin)



1. Using LLM for ASR
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https://aclanthology.org/2025.coling-industry.32.pdf

Using LLM to perform

error correction directly on text

Key Idea: speech decoded by traditional ASR. 

The set of N-Hypothesis is processed by

LLM with context to perform error correction

and hypothesis re-ranking.

GPT



1. Using LLM for ASR
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Inputting continuous vs discrete 

representations

to LLM for ASR

Speech 

Tokenizer

Discrete Tokens 

continuous 

representations
Continuous 

Embeddings

Discrete Speech 

Tokens

Discrete 

Tokens 

Continuous 

Embeddings

Embedding 

lookup

|V| 

extends



1.2 Using Continuous 

Representations for LLM ASR
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2A.  Encoders in the LLM-ASR Pipeline: A Primer

A typical Encoder based on Transformer

1-D waveform

2-D sequence: time ×feature
The encoder's one job

Map a raw 1-D signal into a 2-D sequence of continuous vectors — one vector per time step, each 

summarising the acoustic / phonetic content around that moment.

What it does NOT do

Produce text — that is the LLM's / decoder's job

Produce phonemes or any linguistic symbol (partial exception: supervised models that ship their own decoder)

Decide sequence length for the LLM — that is the connector's job

Why this framing matters:  every encoder in this tutorial — SSL or supervised, 20 ms or 12.5 Hz —

has exactly this same input/output contract. What differs is how it was trained, not what it emits.
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2A.1  Encoder Characteristics: Size, Frame Rate, Data, Loss
Different front-ends, different objectives — but a striking convergence on frame rate

Encoder primer (2/6) · Verified against Whisper (arXiv:2212.04356), Whistle (arXiv:2406.02166), Qwen3-ASR (arXiv:2601.21337)

Encoder Input Frame rate Layers Hidden dim Pre-train data Training loss

Wav2Vec2 / HuBERT /

WavLM
Raw waveform

~20 ms

(50 Hz)
12 / 24 / 48

768 / 1024 /

1280
960 h → 94k h

Contrastive (W2V2) or masked-prediction

classification (HuBERT / WavLM)

XLS-R / MMS Raw waveform
~20 ms

(50 Hz)
24 / 48 1024 / 1280 436k h / 491k h Contrastive — scaled to 128 / 1,406 languages

Whisper (large)
80-ch log-Mel

(25 ms win / 10 ms hop)

20 ms

(50 Hz)
32 1280 680k h weak labels

Cross-entropy on human transcripts (BPE),

jointly with its own decoder

Whistle (S / M / L) 80-dim FBank ~20 ms 14 / 22 / 22 512 / 640 / 1024
CV-Lang10

(10 languages)

CTC against G2P-generated IPA phonemes

(weak phonetic supervision), 73-phoneme set

AuT (Qwen3-ASR) 128-dim FBank

12.5 Hz

(8×

downsample)

not disclosed not disclosed ~40M h pseudo-lab. AED, supervised — teacher-generated transcripts

Self-supervised Supervised

The convergence worth noticing:  despite completely different front-ends — a learned CNN on raw waveform vs. hand-engineered log-Mel / FBank —

Wav2Vec2 / HuBERT / WavLM, XLS-R / MMS, Whisper and Whistle all land on the same ~20 ms / 50 Hz output rate: the field's empirical sweet spot for phonetic 

content. AuT's 12.5 Hz is the outlier, trading temporal resolution for compute at 40M-hour scale.
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2A.2  Classifying Encoders: What Supervises the Output?

The primary split — and the two flavours of supervision

Encoder primer (3/6) · Matches the Section 1 taxonomy (Ou et al.) and the tutorial's own Section 2 outline

Speech Encoder

Self-supervised  (SSL)

Target discovered during training

Wav2Vec2 · HuBERT · WavLM · XLS-R · MMS · XEUS · SPEAR

→  zero transcripts needed anywhere

Supervised

Target provided externally — two flavours:

Subword / graphemic

Target: human or pseudo transcripts (BPE)  ·  Whisper, OWSM, AuT

Aim: directly optimise the end task at massive scale

Phonetic  (weak supervision)

Target: G2P-generated IPA phonemes  ·  Whistle

Aim: keep supervision's benefits without gold transcripts — phonemes are far more 

universal across languages than orthography

The axis that matters for this tutorial:. 

1) What separates these families is which signal shaped the output during pre-training, and therefore how cheaply you 

can extend to a new low-resource language. 

2) SSL needs no transcripts but no linguistic grounding either; graphemic supervision needs transcripts you may not 

have; phonetic supervision is the middle path built precisely for the low-resource case.
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2A.3  Is Every Encoder a Transformer?

Mostly —

Encoder primer (4/6) · Gulati et al. 2020 (Conformer) · Kim et al. 2023 (E-Branchformer) · Yao et al. 2024 (Zipformer)

The shared skeleton — every encoder here follows it:   front-end (learned CNN on waveform, or FBank / log-Mel)  →  stack of context-encoding layers  →  

continuous frame embeddings

What varies is only what sits inside those context-encoding layers:

Standard Transformer

the default

Wav2Vec2 · HuBERT · WavLM

XLS-R · MMS · Whisper · AuT

Self-attention + FFN per layer.

Convolution appears only in the

front-end, never inside a layer.

HuBERT and its multilingual

descendants reuse Wav2Vec2's

backbone unchanged.

Conformer

interleaved

Whistle

Each layer runs attention AND a

convolution module in sequence,

sandwiched between two FFNs.

Local acoustic detail (conv) plus

long-range context (attention)

at every single layer.

E-Branchformer

parallel, merged

XEUS

Two parallel branches per layer —

one attention, one convolutional

gating — then merged.

XEUS ablation: swapping it in

improved multilingual CER

30.5 → 29.0, LID 84.3 → 85.2.

Zipformer

multi-resolution

SPEAR

Downsamples and upsamples the

sequence inside the network —

not one fixed frame rate.

Chosen over a plain Transformer

for better ASR fine-tuning at

lower compute.

Recent Encoders : Mamba based
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2A.4  Inside Self-Supervision: Contrastive vs. Masked Prediction

Architecture of Encoders look identical — both mask and 'fill in the blank' — but the prediction task is fundamentally different

Contrastive  — Wav2Vec2

“Which of these candidates is the real masked segment?”

a DISCRIMINATION task

•  Codebook is learned inside the model (Gumbel-softmax quantizer)

•  Targets + encoder shaped by the same gradient, every step

•  Loss: pick the true target from a lineup of distractors (InfoNCE)

Masked Prediction  — HuBERT / WavLM

“Which of these fixed categories is this segment?”

a CLASSIFICATION task

•  Codebook = offline k-means, run before training starts

•  Targets are frozen integers — no gradient ever flows back to them

•  Loss: cross-entropy over a fixed class list (BERT-style)
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2B.1 Integrating  

Encoder → 

Connector → LLM: 

Five Studies, Two Acts

Act 1

Act 2



2B.1 Integrating  Encoder → Connector → LLM: 

Five Studies, Two Acts
Same three-part pipeline throughout — each study fixes a 

different piece, at a different resource scale

ACT 1 — Controlled Research: isolate one variable at a time

ML-SUPERB 1.0 Encoder only — no connector, no LLM anywhere in the pipeline

ML-SUPERB 2.0 + encoder adaptation (frozen→LoRA) + decoder architecture variety — still no LLM

Yu et al. 2024 Encoder & LLM held fixed — connector architecture isolated (Q-Former wins)

ACT 2 — Real Systems: build the full pipeline, at scale

SLAM-LLM The toolkit — encoder, connector, and LLM all real and configurable via YAML

Qwen3-ASR Production scale — 40M hrs + 3T tokens + RL; connector present, but unspecified

How they weave together:  
Act 1 answers “does this piece matter?” in isolation, one variable at a time. 

Act 2 asks what happens once you stop isolating and just build the whole thing — does Act 1's careful answer survive contact with a real, resource-rich 

system?

How they weave together:  
Act 1 answers “does this piece matter?” in isolation, one variable at a time. 

Act 2 asks what happens once you stop isolating and just build the whole thing — does Act 1's careful answer survive contact with a real, resource-rich 

system?

2 3

1 2 3

1

1
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2B.2   ML-SUPERB 1.0: Architecture and Setup

Architecture

No LLM

No Projector / Connector

(what SLAM-ASR / Yu et al. add)

Unified output:

char/script + LID token

Unified output:

char/script + LID token

2-layer Transformer

+ CTC

2-layer Transformer

+ CTC

TRAINEDTRAINED

weighted sum

over layers

Speech EncoderSpeech Encoder

FROZENFROZEN

e.g. XLS-R, HuBERT, wav2vec2, MMS

♪ speech waveform ♪

Encoder-only, by design.  
A frozen encoder feeds a 

fixed, minimal CTC head 

directly — no connector, no 

LLM exist anywhere in this 

pipeline.

Encoder-only, by design.  
A frozen encoder feeds a 

fixed, minimal CTC head 

directly — no connector, no 

LLM exist anywhere in this 

pipeline.

Setup

LanguagesLanguages
143 total — 123 “normal” + 20 reserved 

for few-shot, across 15 corpora

143 total — 123 “normal” + 20 reserved 

for few-shot, across 15 corpora

Data scaleData scale
10-min / 1-hour splits (main track); only 5 

utterances for the 20 few-shot languages

10-min / 1-hour splits (main track); only 5 

utterances for the 20 few-shot languages

TracksTracks

Multilingual ASR + LID (main); separate 

Monolingual ASR track (9 languages, 14 

experiments)

Multilingual ASR + LID (main); separate 

Monolingual ASR track (9 languages, 14 

experiments)

MetricMetric
CER for ASR, Accuracy for Language ID 

(LID)

CER for ASR, Accuracy for Language ID 

(LID)

Run asRun as

ASRU 2023 shared-task Challenge — 12 

model submissions, 8 new-language 

submissions

ASRU 2023 shared-task Challenge — 12 

model submissions, 8 new-language 

submissions

Compute costCompute cost
≈ 3 days for a full evaluation cycle, on 4×

RTX 2080Ti GPUs

≈ 3 days for a full evaluation cycle, on 4×

RTX 2080Ti GPUs

Encoder is the only variable: same downstream head for 

every submission.

Encoder is the only variable: same downstream head for 

every submission.

Shi et al., “ML-SUPERB: Multilingual Speech Universal PERformance Benchmark,” Interspeech 2023, arXiv:2305.10615

1
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Multi-Lingual ASR: 

Testing different encoders with 

fixed downstream head

(2-layer Transformer + CTC, no LM)

Takeaways:
•  Broader multilingual pretraining helps: XLSR-128

(128 languages) gets the best CER and LID.

2023 findings:

12B.2 ML-SUPERB 1.0: Results
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2B.3 ML-SUPERB 2.0: Architecture and Setup

Architecture

Unified output:

char/script + LID token

Unified output:

char/script + LID token

CTC / CTC-ATT

decoder

CTC / CTC-ATT

decoder

6 CONFIGS6 CONFIGS

weighted sum

over layers

Speech EncoderSpeech Encoder

ADAPTIVEADAPTIVE

e.g. XLS-R, MMS (SSL) +

Whisper, OWSM 3.1 (supervised)

Audio Input

No LLMNo LLM

No Projector / ConnectorNo Projector / Connector

(what SLAM-ASR / Yu et al. add)

Still encoder-only — no 

connector, no LLM.
2.0 varies encoder identity, encoder 

adaptation (frozen → fine-tune → 

LoRA), and downstream architecture 

(CTC / CTC-ATT ×3 designs) — but 

the interface to an LLM still doesn't 

exist.

Still encoder-only — no 

connector, no LLM.
2.0 varies encoder identity, encoder 

adaptation (frozen → fine-tune → 

LoRA), and downstream architecture 

(CTC / CTC-ATT ×3 designs) — but 

the interface to an LLM still doesn't 

exist.

Setup

LanguagesLanguages
142 total — 122 “normal” + 20 few-shot 

(vs. 143/123 in 1.0)

142 total — 122 “normal” + 20 few-shot 

(vs. 143/123 in 1.0)

Data scaleData scale
1-hour per language-dataset pair 

(main); only 5 utterances for few-shot

1-hour per language-dataset pair 

(main); only 5 utterances for few-shot

TracksTracks
Multilingual ASR + LID only —

separate Monolingual track from 1.0 

dropped

Multilingual ASR + LID only —

separate Monolingual track from 1.0 

dropped

MetricMetric
CER for ASR, Accuracy for Language 

ID (LID)

CER for ASR, Accuracy for Language 

ID (LID)

Param budgetParam budget
≤100M tunable parameters for every 

configuration

≤100M tunable parameters for every 

configuration

New axesNew axes
Encoder: 4 models ×5 adaptations. 

Downstream: 2 frameworks ×3 

architectures

Encoder: 4 models ×5 adaptations. 

Downstream: 2 frameworks ×3 

architectures

Not just the encoder anymore: adaptation and downstream 

design are variables too — but still no connector, no LLM.

Not just the encoder anymore: adaptation and downstream 

design are variables too — but still no connector, no LLM.

Shi et al., “ML-SUPERB 2.0: Benchmarking Multilingual Speech Models Across Modeling Constraints, Languages, and Datasets,” Interspeech 2024, 

arXiv:2406.08641

1
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2B.4 Yu et al. 2024: Architecture and Setup

Architecture

TranscriptTranscript

LLMLLM

FIXED: Vicuna-7BFIXED: Vicuna-7B

ConnectorConnector

VARIESVARIES

encoder

output

Speech EncoderSpeech Encoder

FIXED: WhisperFIXED: Whisper

Audio Input

Three connector types compared

Fully Connected (FC)Fully Connected (FC)

Multi-Head Cross-Attention (MHCA)Multi-Head Cross-Attention (MHCA)

Q-Former  ★ bestQ-Former  ★ best

The one paper that actually varies 

the connector.
Encoder (Whisper) and LLM (Vicuna) 

held fixed — only connector architecture 

changes. Q-Former wins: best WER, 

fewest tokens, most parameter-efficient.

The one paper that actually varies 

the connector.
Encoder (Whisper) and LLM (Vicuna) 

held fixed — only connector architecture 

changes. Q-Former wins: best WER, 

fewest tokens, most parameter-efficient.

Setup

Fixed componentsFixed components
Whisper encoder + Vicuna-7B LLM —

both frozen; only the connector varies

Whisper encoder + Vicuna-7B LLM —

both frozen; only the connector varies

Connector typesConnector types
Fully Connected (FC), Multi-Head 

Cross-Attention (MHCA), Q-Former

Fully Connected (FC), Multi-Head 

Cross-Attention (MHCA), Q-Former

Training dataTraining data LibriSpeech-960 (English only)LibriSpeech-960 (English only)

MetricMetric WER (%), test-clean / test-otherWER (%), test-clean / test-other

Key resultsKey results
FC(300tok): 2.29/5.44 · MHCA(75tok): 

3.22/7.54 · Q-Former(80tok): 

2.28/5.20 ★

FC(300tok): 2.29/5.44 · MHCA(75tok): 

3.22/7.54 · Q-Former(80tok): 

2.28/5.20 ★

Robustness checkRobustness check
Q-Former, zero-shot on 

Switchboard/Eval2000 — 12% 

relative WER reduction, out-of-domain

Q-Former, zero-shot on 

Switchboard/Eval2000 — 12% 

relative WER reduction, out-of-domain

The connector-ablation study: the only paper in this 

series where encoder and LLM are both fixed and the 

connector itself is the variable.

The connector-ablation study: the only paper in this 

series where encoder and LLM are both fixed and the 

connector itself is the variable.

Yu et al., “Connecting Speech Encoder and Large Language Model for ASR,” Proc. ICASSP, 2024, pp. 12637–12641. arXiv:2309.13963.

2 3
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2B.5 SLAM-LLM: Architecture and Setup

Architecture

Transcript /

task output

Transcript /

task output

LLMLLM

FROZEN / LoRAFROZEN / LoRA

ProjectorProjector

TRAINABLETRAINABLE

e.g. Linear / MLP, Q-Former

weighted sum

over layers

Speech EncoderSpeech Encoder

FROZENFROZEN

e.g. HuBERT X-Large, Whisper

Audio Input

config.yaml

encoder: hubert_xtralarge
projector: linear
llm: vicuna-7b
lora: true

encoder: hubert_xtralarge
projector: linear
llm: vicuna-7b
lora: true

Full pipeline — nothing missing.
Unlike ML-SUPERB, SLAM-LLM has a 

real Projector and a real LLM — every 

component is swappable via one YAML 

file. SLAM-ASR is literally one recipe 

built on this exact framework.

Full pipeline — nothing missing.
Unlike ML-SUPERB, SLAM-LLM has a 

real Projector and a real LLM — every 

component is swappable via one YAML 

file. SLAM-ASR is literally one recipe 

built on this exact framework.

Setup

FrameworkFramework
Modular, open-source, YAML/Hydra-

configured Encoder → Projector → 

LLM(+LoRA) toolkit

Modular, open-source, YAML/Hydra-

configured Encoder → Projector → 

LLM(+LoRA) toolkit

RecipesRecipes
ASR (SLAM-ASR), contextual ASR, 

S2TT, TTS, captioning, voice 

dialogue (SLAM-Omni), and more

ASR (SLAM-ASR), contextual ASR, 

S2TT, TTS, captioning, voice 

dialogue (SLAM-Omni), and more

Reference costReference cost
~4 hrs per 1,000h of speech, 1 

epoch, 4×A100 — frozen encoder + 

LLM, projector-only training

~4 hrs per 1,000h of speech, 1 

epoch, 4×A100 — frozen encoder + 

LLM, projector-only training

Scale supportScale support
Up to 100,000-hour industrial training 

with dynamic frame batching (~4×

speedup)

Up to 100,000-hour industrial training 

with dynamic frame batching (~4×

speedup)

License / adoptionLicense / adoption
MIT license, ~1,000 GitHub stars, 

actively maintained

MIT license, ~1,000 GitHub stars, 

actively maintained

Low-resource 

example

Low-resource 

example

SEA languages (Sailor-7B) — last 

2/32 encoder layers fine-tuned + 

LoRA on the LLM

SEA languages (Sailor-7B) — last 

2/32 encoder layers fine-tuned + 

LoRA on the LLM

Not an ablation study — a toolkit. SLAM-ASR, low-

resource SEA ASR, and many other recipes are all built on 

this one framework.

Not an ablation study — a toolkit. SLAM-ASR, low-

resource SEA ASR, and many other recipes are all built on 

this one framework.

Ma et al., “SLAM-LLM: A Modular, Open-Source Multimodal Large Language Model Framework and Best Practice for Speech, Language, Audio and Music Processing,” arXiv:2601.09385, 

2026.

1 2 3
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2B.6 Qwen3-ASR: Architecture and Setup

Architecture

Transcript +

language tag

Transcript +

language tag

Qwen3 LLMQwen3 LLM

AUDIO-

PRETRAINED

AUDIO-

PRETRAINED

ProjectorProjector

TRAINABLETRAINABLE

12.5 Hz

token rate

AuT EncoderAuT Encoder

SUPERVISED 

(AED)

SUPERVISED 

(AED)

300M or 180M params

Audio Input

4-stage training pipeline

1. AuT pretraining (~40M hrs, AED)1. AuT pretraining (~40M hrs, AED)

2. Omni pretraining (3T tokens, audio+vision+text)2. Omni pretraining (3T tokens, audio+vision+text)

3. ASR SFT (fixed format, ASR-only)3. ASR SFT (fixed format, ASR-only)

4. ASR RL (GSPO, ~50K utterances)4. ASR RL (GSPO, ~50K utterances)

Full pipeline, fully post-trained.
Unlike SLAM-ASR's frozen-except-projector 

recipe, everything here is trained end-to-

end at massive scale — and the LLM 

already understands audio (Omni stage) 

before ASR-specific training even begins.

Full pipeline, fully post-trained.
Unlike SLAM-ASR's frozen-except-projector 

recipe, everything here is trained end-to-

end at massive scale — and the LLM 

already understands audio (Omni stage) 

before ASR-specific training even begins.

Setup

Model sizesModel sizes
Qwen3-ASR-1.7B (300M AuT + 

Qwen3-1.7B); Qwen3-ASR-0.6B 

(180M AuT + Qwen3-0.6B)

Qwen3-ASR-1.7B (300M AuT + 

Qwen3-1.7B); Qwen3-ASR-0.6B 

(180M AuT + Qwen3-0.6B)

LanguagesLanguages
30 languages + 22 Chinese dialects 

(52 total); separate ForcedAligner 

covers 11 languages

30 languages + 22 Chinese dialects 

(52 total); separate ForcedAligner 

covers 11 languages

Training scaleTraining scale
~40M hrs (encoder) + 3T tokens 

(Omni) + SFT/RL — far beyond SLAM-

ASR/Yu et al.

~40M hrs (encoder) + 3T tokens 

(Omni) + SFT/RL — far beyond SLAM-

ASR/Yu et al.

Distinctive featuresDistinctive features
Unified streaming + offline (1–8s 

dynamic window); long-form to 20 min; 

singing/BGM songs

Unified streaming + offline (1–8s 

dynamic window); long-form to 20 min; 

singing/BGM songs

EfficiencyEfficiency
~92ms time-to-first-token; RTF 0.064; 

2,000s audio/s at concurrency 128 

(vLLM)

~92ms time-to-first-token; RTF 0.064; 

2,000s audio/s at concurrency 128 

(vLLM)

Key resultsKey results
Beats Whisper-large-v3 broadly; LID 

97.9% vs. 94.1%; competitive with 

GPT-4o-Transcribe

Beats Whisper-large-v3 broadly; LID 

97.9% vs. 94.1%; competitive with 

GPT-4o-Transcribe

Scale doesn't fully solve it: even 40M hrs + 3T tokens + RL 

still loses ground to Whisper on the full 30-language Fleurs set 

— long-tail languages remain the open problem.

Scale doesn't fully solve it: even 40M hrs + 3T tokens + RL 

still loses ground to Whisper on the full 30-language Fleurs set 

— long-tail languages remain the open problem.

Qwen Team, “Qwen3-ASR Technical Report,” arXiv:2601.21337, 2026. https://huggingface.co/collections/Qwen/qwen3-asr

1 2 3
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31 22B.6  Qwen3-ASR: Results



Speech LLM for ASR - Continuous Interface ~10 mins3

Data-efficient ASR with Speech LLM & Continuous Interface ~15 mins4

ROADMAP — Part 2 (Hexin)

71
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Categories Examples

Compression

CTC-based frame removal; 

Convolutional layer;

Frame stacking/concatenation/splicing;

Pooling

Attention-based 

resampling
Q-former

What a connector actually does:
1. Dimension mapping:

○ Encoder hidden size → LLM embedding size

2. Length adaptation:

○ Long audio feature sequence → Shorter length

3. Semantic alignment:

○ Land in the LLMs’ feature space via fine-tuning

Speech 
Encoder

Connector

LLM

<S>

<E>

Speech LLM
ASR paradigm

Speech LLM for ASR - Continuous Interface3
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CTC

Merge Remov
e

Linear Projector

d) CTC Compression

Pooling

Linear Projector

c) Pooling

Compression

Conv1d

Linear Projector

a) Conv1d

Frame stack

Linear Projector

b) Frame stacking/splicing

Speech 
Encoder

Connector

LLM

<S>

<E>

Speech LLM
ASR paradigm

a) Conv1d is mathematically equivalent to b) Frame stacking + Linear

Speech LLM for ASR - Continuous Interface3



Speech 
Encoder

Connector

LLM

<S>

<E>

Speech LLM
ASR paradigm 74

Q-former

Attention-based resampling
Le

ar
na

b
le

Q
ue

ri
es

Q-former methods:
● Vanilla Q-former: Fixed-length output sequence
● Seg-level Q-former: Dynamic sampling rate
● Window-level Q-former: Constant sampling rate

Speech LLM for ASR - Continuous Interface3



Speech 
Encoder

Connector

LLM

<S>

<E>

Speech LLM
ASR paradigm
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C
on

ne
ct

or

Compression

Atten.-based

Some examples (incomplete)

WavLLM, Seed-ASR, SALM, Qwen3-ASR Conv1d

Frame
stack/splice

SLAM-ASR, MERaLiON-AudioLLM, 

FireRedASR, SALMONN2,

CTC Speech-LLaMA

Q-former Granite-speech, SALMONN

Qwen2-Audio, Audio Flamingo 3Pooling

Speech LLM for ASR - Continuous Interface3



76V. T. Pham et al, “A comprehensive solution to connect speech encoder and large language model for ASR”, arXiv preprint arXiv: 2406.17272, 2024.

W. Yu, et al, “Connecting speech encoder and large language model for ASR”, in Proc. ICASSP, 2024, pp. 12637-12641.

Speech LLM for ASR - Continuous Interface3

Encoder Adapter Sampling Rate
(Whisper 50Hz) LLM

LibriSpeech (WER %)

test-clean test-others

HuBERT-Large
(ASR f.t. w/ CTC & LoRA)

Conv1d MLP

6.25 Hz Vicuna-7b-v1.5
(LoRA f.t.)

1.78 3.62

Downsampler MLP 1.59 3.89

Conv1d Transformer 1.85 3.77

Whisper-Large-v2
(Frozen)

Conv1d MLP 2.5 Hz

Vicuna-13b-v1.5
(Frozen)

3.00 6.70

Conv1d MLP 10 Hz 2.29 5.44

Conv1d Transformer 2.5 Hz 3.22 7.54

Q-former (60 Query) 2 Hz 2.33 5.43

Q-former (80 Query) 3.75 Hz 2.28 5.20

Q-former (300 Query) 10 Hz 2.19 5.25

Seg-Q-former (80 Query) 3.75 Hz 2.35 5.37

Table. Comparison of various connectors for LLM-based ASR on English

Takeaways:

1. Q-former shows slightly better performance than Conv1d MLP (same speech token sampling rate) in these setups

2. Conv1d MLP is cheap but effective

3. A higher sampling rate is preferable
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F. Verdini, et al, “How to Connect Speech Foundation Models and Large Language Models? What Matters and What Does Not”, in Proc. Interspeech, 2025 pp 1813-1817.

Takeaways:

1. There is no one-size-fits all solution for the adapter.

2. Conv1d MLP is cheap but effective

Table. Comparison of various connectors for LLM-based ASR on multilingual data

Encoder Adapter Sampling 
Rate LLM en es fr it de avg

Whisper-Large-
v3

(Frozen)

Transformer 50 Hz

Mistral-7B-Instruct-v0.3
(Frozen)

11.37 7.57 12.81 10.14 10.88 10.55
Conv1d Transformer 12.5 Hz 11.78 7.60 13.23 10.67 11.52 10.96

CIF Transformer 2 Hz 12.57 8.45 14.24 12.32 13.09 12.13
CTC Transformer 3.85 Hz 14.69 10.63 17.15 15.09 16.50 14.81

Window-level Q-former 3.12 Hz 11.82 8.21 13.60 15.77 12.55 12.39
Transformer 50 Hz

LLaMA-3.1-8B-Instruct
(Frozen)

9.90 6.33 11.27 8.52 9.09 9.02
Conv1d Transformer 12.5 Hz 9.90 6.46 11.49 8.75 9.00 9.12

CIF Transformer 2 Hz 12.82 8.53 14.31 12.80 13.53 12.40
CTC Transformer 3.85 Hz 14.02 10.98 17.55 16.29 17.21 15.21

Window-level Q-former 3.12 Hz 11.98 7.90 14.52 11.10 12.84 11.67

Speech LLM for ASR - Continuous Interface3
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Speech 
Encoder

Connector

LLM

<S>

<E>

Speech LLM
ASR paradigm

Concerns regarding Data-efficient ASR:
❏ Pre-trained Speech encoder & LLM:

● Pre-trained on high-resource languages

● Low data volume can hardly:

○ Achieve alignment for adapter

○ Fine-tune LLM and speech encoder (even with PEFT)

Data-efficient ASR with Speech LLM & Continuous Interface4



79V. T. Pham et al, “A comprehensive solution to connect speech encoder and large language model for ASR”, arXiv preprint arXiv: 2406.17272, 2024.

W.-N. Hsu, et al, “HuBERT: Self-supervised speech representation learning by masked prediction of hidden units,” IEEE/ACM Trans. Audio, Speech, Lang. Process., vol. 29, pp. 3451–3460, 2021.

English performance of various training data scales:

● Training on different scales of LibriSpeech training data → 10h, 100h, and 960h

● Configs:

Encoder Adapter LLM
Trainable 960h 100h 10h

Speech Enc LLM test-clean test-others test-clean test-others test-clean test-others

HuBERT Large Conv1d MLP
(6.25 Hz) Vicuna-7b-v1.5

Frozen
Frozen

2.29 5.67 4.23 8.69 14.51 20.61
LoRA 1.79 3.91 2.70 5.99 6.74 11.72
Full 1.70 3.58 2.86 5.14 5.75 10.40

Frozen
LoRA

2.02 4.31 3.45 7.19 13.30 18.75
LoRA 1.78 3.62 2.57 5.27 7.44 11.49
Full 1.74 3.16 2.28 4.92 4.97 9.11

Table. Comparison of tuning Speech LLM with various data scales of LibriSpeech training data

Takeaways:

1. LibriSpeech should be a very “in-domain” dataset for both Speech encoder and LLM.

2. Much worse than HuBERT Large fine-tuning [11] for ASR under 100h and 10h scenarios, clearly better after fine-tuning LLM

Speech encoder 1) frozen, 2) LoRA f.t., 3) full f.t.

LLM 1) frozen, 2) LoRA f.t.

Connector 1) full f.t.

Data-efficient ASR with Speech LLM & Continuous Interface4
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S. Fong, et al., “Speech LLMs in Low-Resource Scenarios: Data Volume Requirements and the Impact of Pretraining on High-Resource Languages,” in Proc. Interspeech 2025, 2003-2007.

Encoder Adapter LLM
200h 50h 10h Whisper-large-v3-turbo

CV it Fleurs it CV it Fleurs it CV it Fleurs it CV it Fleurs it

Whisper
Large-v3-turbo

Downsample 
MLP (10 Hz)

EuroLLM 1.7B 6.4 13.2 9.2 20.6 14.0 35.2
7.1 5.8

Salamandra 2B 7.7 65.7 12.2 56.6 33.6 111.4

Table. Comparison of tuning Speech LLM with various data scales of Common Voice Italian training data

Takeaways:

● Fine-tuning speech LLM on low-resource data proves insufficient.

Cross-lingual and multilingual performance under low-resource scenario:

● Training on different scales of Common Voice (CV) Italian (it) training data → 10h, 50h, and 200h

● Only adapter is trained

Data-efficient ASR with Speech LLM & Continuous Interface4
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Cross-lingual and multilingual performance under low-resource scenario:

● First, pre-training adapter on LibriSpeech 100h, Common Voice English (en) 100h, and Common Voice Spanish (es) 100h

● Then, only adapter is trained

Encoder Adapter LLM CV it
Scratch LibriSpeech 100 Common Voice en 100 Common Voice es 200

CV it Fleurs it CV it Fleurs it CV it Fleurs it CV it Fleurs it

Whisper
Large-v3-turbo

Downsample 
MLP

(10 Hz)
EuroLLM 1.7B

10 14.0 35.2 12.0 16.1 9.8 17.1 8.6 20.3

15 13.9 34.0 12.8 15.7 10.0 16.9 8.8 16.1

100 7.6 16.3 8.1 12.6 7.7 16.4 7.3 17.6

200 6.4 13.2 6.6 11.6 6.7 15.8 6.4 17.3

Table. Comparison of tuning Speech LLM with various data scales of Common Voice Italian training data

Takeaways:

● Pre-training adapter on high-resource followed by fine-tuning unlocks cross-lingual transfer.

● Fine-tuning Speech LLM models (like Qwen3-ASR) on low-resource target data can be equivalent to a cross-
lingual transfer (with large-scale pre-training)

S. Fong, et al., “Speech LLMs in Low-Resource Scenarios: Data Volume Requirements and the Impact of Pretraining on High-Resource Languages,” in Proc. Interspeech 2025, 2003-2007.

Data-efficient ASR with Speech LLM & Continuous Interface4
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Speech 
Encoder

Connector

LLM

<S>

<E>

Speech LLM
ASR paradigm

Reaching SOTA ASR with Speech LLMs demands extensive

compute and large-scale training data.

The same for Speech LLM with discrete interface.

Data-efficient ASR with Speech LLM & Continuous Interface4
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An extension to Speech LLM w/ discrete interface

Speech 
Encoder

Connector

LLM

<S>

<E>

Speech/Audio 
Tokenizer

Connector
<S>

<E>

LLM

Speech Represent.: Discrete tokens Continuous embeddings

Extend LLM Vocab.:

Data-efficient ASR with Speech LLM & Discrete Interface4
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SpeechGPT

Speech/Audio 
Tokenizer

Connector
<S>

<E>

LLM

HuBERT

Duplicated 
Token Removal

<S>

<E>

LLaMA-13B

Unit Vocoder

D. Zhang, et. al, “SpeechGPT: Empowering large language models with intrinsic cross-modal conversational abilities,” in Findings of  EMNLP, 2023, pp. 15757–15773.

K-mean 

clusters ● Stage 1 Modality adaptation pre-training:
~60K hours unlabelled audio

● Stage 2 Cross-modal fine-tuning:
~9M unit-text pairs

Data-efficient ASR with Speech LLM & Discrete Interface4
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Speech 
Encoder

Connector

LLM

<S>

<E>

Speech/Audio 
Tokenizer

Connector
<S>

<E>

LLM

Whether using continuous or discrete interfaces, Speech LLMs require large-
scale data for modality alignment and task adaptation

Speech LLMs suitable to ASR when sufficient resources available

Data-efficient ASR with Speech LLM & Discrete Interface4

Z. Yang, S. Shimizu, Y. Yu, and C. Chu, “When large language models meet speech: A survey on integration approaches,” in Findings of Assoc. Comput. Linguistics, 2025, pp. 20298–20315.
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Pre-training on high-resource
→ one data-efficient solution

Fine-tuning on low-resource

Model Setup
SEAME ASRU 2019 CS

devman devsge test

E-Branchformer Expert model 16.4 23.2 11.8

Conformer Expert model 16.6 23.3 12.8

XLS-R-300M + Conformer SSL + Expert model 15.3 21.6 11.8

Qwen3-ASR-0.6B
Zero-shot 32.0 47.6 9.3

Full f.t. 13.0 18.0 6.9

Qwen3-ASR-1.7B
Zero-shot 26.1 37.4 -

Full f.t. 10.8 16.2 -

Table. Comparison of ASR performance on English-Mandarin code-switching data

Well-tuned Speech LLMs provide a stronger base for high-performing downstream fine-tuning, even for
code-switching scenarios (spontaneous + accent + out-of-domain text patterns).

H. Liu, et. al, “Code-switching speech recognition under the lens: Model- and data-centric perspectives,” IEEE Trans. Audio, Speech, Lang. Process., vol. 34, pp. 1853–1865, 2026.

Data-efficient ASR with Speech LLM4



Content

87

I.  Basics of Speech Recognition and LLMs (50 min)

II.  Continuous-interface based approach (50 min)

III. Discrete-interface based approach (50 min)
1. LLM-based ASR error correction with single-best and N-best recognition

hypotheses
2. LLM-based phoneme-to-grapheme methods for phoneme-based speech

recognition
3. Latent Softmax for Data-Efficient Phoneme-Based Multilingual ASR Across

Tonal and Non-Tonal Languages
4. Pronunciation-lexicon free training via joint stochastic approximation

IV. Open questions and future directions (20 min)



ASR Error Correction

88

• A speech recognizer produces 1-best, N-best, or a lattice.

• An LLM rewrites, selects, or rescores the hypotheses.

• The acoustic model can remain frozen or be accessed only through an API.

ASR Candidates
N-best / 1-best

LLM corrector
prompt · ICL · LoRA · SFT

Corrected text
WER down

speech

Read the ASR output, write a better transcript — without touching the ASR itself.
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Ma, "N-best T5: Robust ASR Error Correction Using Multiple Input Hypotheses and Constrained Decoding Space," Interspeech 2023.
Yang, "Generative Speech Recognition Error Correction with Large Language Models and Task-Activating Prompting," ASRU 2023.

The LLM can be finetuned or frozen

(1) Train/Finetune an LLM (2) Describe the task in the prompt

<hypothesis1> +<SEP> +<hypothesis2> 



Two manners: rescoring or generation

90

[1]  I need a new pear of shoes

[2]  I need a new pare of shoes

[3]  I need a new peers of shoes

N candidates, ranked

LLM rescoring
score every candidate

pick the argmax

LLM generation
read the list, write

one token at a time

OUTPUT y*

I need a new pear of shoes
= candidate [1], verbatim - still wrong

OUTPUT y*

I need a new pair of shoes
“pair” is in no candidate

ceiling = the N-best oracle no ceiling — can beat every candidate
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I.  Basics of Speech Recognition and LLMs (50 min)

II.  Continuous-interface based approach (50 min)

III. Discrete-interface based approach (50 min)
1. LLM-based ASR error correction with single-best and N-best recognition

hypotheses
2. LLM-based phoneme-to-grapheme methods for phoneme-based speech

recognition
3. Latent Softmax for Data-Efficient Phoneme-Based Multilingual ASR Across

Tonal and Non-Tonal Languages
4. Pronunciation-lexicon free training via joint stochastic approximation

IV. Open questions and future directions (20 min)



Motivation & Background 
• It is found in Whistle [*] that when cross-lingual fine-tuning data is more limited, phoneme-

based supervised pre-training achieves the most competitive results and provides high 
data-efficiency. 

○ Presumably, this is because phoneme-based supervision enables more efficient data 
sharing than subword-based supervision. 

• We speculate that modeling phonemes as an interface between speech and text in the ASR 
pipeline, serving as a structural constraint, significantly reduces the problem complexity.

93
[*] S. Yusuyin, T. Ma, H. Huang, W. Zhao, and Z. Ou, “Whistle:Data-efficient multilingual and crosslingual speech recognition via 
weakly phonetic supervision,” IEEE Transactions on Audio, Speech and Language Processing, pp. 1–14, 2025. 

𝐲𝐡𝐱 S2P P2G

how are youh a ʊ ɑ ɹ j u

speech phonemes graphemes



Motivation & Background 
• However, challenges remain for decoding in phoneme-based ASR. 

• The widely used Weighted Finite State Transducer (WFST) based decoding has two 
major drawbacks: 

○ It involves a complex pipeline, which needs construction of pronunciation 
lexicons and compiling of WFSTs; 

○ It is not easy to effectively leverage the rich linguistic knowledge in large 
language models (LLMs).

94

• P2G models can be naturally trained over LLMs
• Simplifying decoding pipeline
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Related Work
• The two-step idea of phoneme-based ASR (recognizing speech to phonemes and then to 

graphemes) has been studied for ASR [13,14]

○ with a similar motivation as ours

○ However, prior studies do not explore using LLMs for P2G for phoneme-based ASR.

• How to integrate LLMs into ASR?

Different interfaces between speech and languages have been studied: 

○ ASR-generated text [16]: heavier than phonemes 

○ Continuous embeddings of speech [17, 18, 19]

[13] “TranUSR: Phoneme-to-word transcoder based unified speech representation learning for cross-lingual speech recognition,” 
INTERSPEECH, 2023.
[14] “Optimizing two-pass crosslingual transfer learning: Phoneme recognition and phoneme to grapheme translation,” ASRU, 2023.

[16] “Can generative large language models perform ASR error correction?” arXiv, 2023.
[17] “On decoder-only architecture for speechto-text and large language model integration,” ASRU 2023.
[18] “Qwen-audio: Advancing universal audio understanding via unified large-scale audio-language models,” arXiv 2023.
[19] “An embarrassingly simple approach for LLM with strong ASR capacity,” arXiv 2024.

LLM-based phoneme-to-grapheme for phoneme-based speech recognition. INTERSPEECH 2025.



Related Work

• Speech Encoder + Projector + LLM: 
○ Black box
○ Needs additional projection, which 

is not easy, not natural

96
[15] “Emergent abilities of large language models,” Transactions on Machine Learning Research, 2022.

 Our approach (LLM-P2G): 
○ Explainable
○ Natural integration

 Both phonemes and subwords are discrete tokens
 The IPA symbols all fall in the token set of LLM
 It is found that the P2G capability (called IPA transliterate) 

emerges in LLMs[15]

LLMs are well suited to P2G !



A two-step ASR architecture, which we refer to as SPG (speech-to-phoneme-to-grapheme):

97

p(y|x) = ෍

𝐡

p(h|x)p(y|h)

where x, y and h denote speech, grapheme and phoneme sequence.

[7] S. Yusuyin, T. Ma, H. Huang, W. Zhao, and Z. Ou, “Whistle: Data-efficient multilingual and crosslingual speech recognition via 
weakly phonetic supervision,” IEEE Transactions on Audio, Speech and Language Processing, pp. 1–14, 2025. 

• S2P (speech-to-phoneme)

○ Modeled by p(h|x), CTC-based in our experiments

○ Obtained by fine-tuning a phoneme-based multilingual S2P backbone (Whistle) [7]

over speech data with phoneme labels, which we refer to as Whistle-S2P.

• P2G (phoneme-to-grapheme)

○ Modeled by p(y|h)

○ Obtained by fine-tuning an LLM

Method overview 

(1)



A challenge in building the two-step ASR

• There seems to have information loss in cascading S2P and P2G. 

• In decoding, the hypothesized phoneme sequence output from S2P may contain errors, 

which may propagate to P2G. 
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We propose four training strategies

• Data Augmentation with Noisy Phonemes (DANP)

• Top-K Marginalized (TKM) training and decoding

• Sampling-K Marginalized (SKM) training

• Simplified Sampling-K Marginalized (S-SKM) training

Method overview 

“Phonemes vs. Projectors: An Investigation of Speech-Language Interfaces for LLM-based ASR ”,   arXiv:2604.09332, 2026



• Motivation

○ If the P2G model is fine-tuned/trained using only the single annotated phoneme 

sequence, then there is a severe mismatch in training and testing for ASR. 

○ The input phonemes fed to P2G in ASR testing is much nosier. 

○ Therefore, a straightforward strategy to compensate for such a mismatch is to add 

noise to the input phonemes fed to P2G in training. 
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Data Augmentation with Noisy Phonemes (DANP)

• Training

○ For CTC-based S2P, we perform beam search or sampling to generate K 

hypothesized phoneme sequences

○ To train P2G, the LLM is fine-tuned on K pairs of (phoneme, grapheme) sequences.

• Decoding

○ Using the best phoneme sequence from S2P, which is fed to P2G for decoding, called 

Best Path Decode



We maximize the marginal likelihood p(y|x) via a top-K approximation

p(y|x) = ෍

𝐡 ϵ top 𝐾(p 𝐡 𝐱 )

p(h|x)p(y|h) = ෍

𝑘=1

𝐾

p(𝐡(𝑘)|x) ෑ

𝑖=1

𝐿

𝑝(𝑦𝑖|𝐡
𝑘 , 𝑦1:𝑖−1)

[21] “Retrieval-augmented generation for knowledge-intensive NLP tasks,” NeurIPS, 2020. 100

Top-K Marginalized (TKM) training

• Motivation

○ The DANP strategy mainly address the mismatch in training and testing when P2G 

decoding is based on the 1-best phoneme sequence generated from S2P.

○ Ideally, in P2G decoding, it would be better to marginalize over multiple 

hypothesized h to decode. 

○ The RAG-Sequence technique in Retrieval-Augmented Generation (RAG)

 Treat the retrieved document as a latent variable that is marginalized to get the 

marginal likelihood via a top-K approximation
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• Data Augmentation with Noisy Phonemes (DANP)

• Noisy S2P phoneme hypotheses (beam or random samples) to fine-tune LLM

• Top-K Marginalized (TKM) training

• Maximize the marginal likelihood p(y|x) via a top-K approximation[21]

• Sampling-K Marginalized (SKM) training

• Randomly draw CTC paths 𝛑, then collapse 𝛑 → h

• Simplified Sampling-K Marginalized (S-SKM) training

• Simply using a Monte-Carlo estimator

Training Strategies

p(y|x)= ෍
𝐡

p(h|x)p(y|h) ≈ ෍

𝐡 ϵ top𝐾(p 𝐡 𝐱 )

p(h|x)p(y|h) = ෍

𝑘=1

𝐾

p(𝐡(𝑘)|x) ෑ

𝑖=1

𝐿

𝑝(𝑦𝑖|𝐡
𝑘 , 𝑦1:𝑖−1)

[21] “Retrieval-augmented generation for knowledge-intensive NLP tasks,” NeurIPS, 2020.

p(y|x) ≈
1

𝐾
෍

𝑘=1

𝐾

𝑝 𝐲 ∣ 𝐡 𝑘 , 𝐡 𝑘 ~p 𝐡 𝐱



• We first run S2P beam search to obtain a set of top-K phoneme sequences 𝐡 1 , ⋯ , 𝐡 𝐾

• For each phoneme sequence candidate 𝐡 𝑘 , the LLM-P2G generates S text predictions, 
producing a total of K×S grapheme sequence results.
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Top-K Marginalized (TKM) decoding

• After de-duplication, we obtain a set of grapheme sequences 𝐘. Each grapheme
sequence 𝐲 = 𝑦1, ⋯ , 𝑦𝐿 from 𝐘 is scored as follows: 

p(y|x) ≈ ෍

𝑘=1

𝐾

p(𝐡(𝑘)|x) ෑ

𝑖=1

𝐿

p(𝑦𝑖|𝐡 𝑘 , 𝑦1:𝑖−1)

• The top-S grapheme sequence in 𝐘 are obtained, which can be further re-scored, by 
combining Eq. (2) with in-domain language model scores.

(2)

“LLM-based phoneme-to-grapheme for phoneme-based speech recognition ”,  Interspeech 2025
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Controlled comparison

Phonemes vs. Projectors: An Investigation of Speech-Language Interfaces for LLM-based ASR, arxiv 2604.09332, 2026.

Using the same encoder and LLM backbones 

• Not orthogonal. 
• Phoneme-informed hybrid 

interface: Speech encoder can 
first be fine-tuned with 
phoneme supervision and then 
used in a projector pathway.
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Tokenization details

Phonemes vs. Projectors: An Investigation of Speech-Language Interfaces for LLM-based ASR, arxiv 2604.09332, 2026.

stuff it into you his belly counselled him
Text:

['s', 'tʰ', 'ə', 'f', 'i', 'tʰ', 'i', 'n', 'tʰ', 'o', 'ʊ', 'j', 'u', 'h', 'i', 's', 'b', 'e', 'l', 'i', 'kʰ', 
'a', 'ʊ', 'n', 's', 'ə', 'l', 'd', 'h', 'i', 'm']

Mono-phoneme:

['▁s', 'tʰ', 'ə', 'f', '▁itʰ', '▁in', 'tʰ', 'oʊ', '▁ju', '▁hi', 's', '▁b', 'e', 'li', '▁kʰ', 
'aʊ', 'n', 's', 'əl', 'd', '▁hi', 'm']

BPE-Phoneme-100 tokenizer:

['st', 'ʰ', 'ə', 'f', '_it', 'ʰ', '_int', 'ʰ', 'o', 'ʊ', '_ju', '_his', '_bel', 'i', '_k', 'ʰ', 'a', 
'ʊ', 'ns', 'ə', 'ld', '_him']

Qwen3 tokenizer (150K tokens):

Over Librispeech, we train a SentencePiece BPE tokenizer 
on phoneme sequences (keeping word boundaries).

We merge BPE-phoneme units back into word-level 
phoneme sequences (phoneme-words), and then pass 

the resulting sequence to the LLM tokenizer.

Using Phonetisaurus based G2P; 
no whitespace between adjacent mono-phonemes



Training protocol
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Phoneme-informed projector: initialize the encoder from Ph-Stage1,
then run Pr-Stage1 and Pr-Stage2.

Projector-based Phoneme-based

Pr-Stage1 Ph-Stage1

Pr-Stage2 Ph-Stage2

• Train: projector only

• Freeze: speech encoder and LLM

• Freeze: projector

• Adapt: LLM with LoRA

• Fine-tune speech encoder with CTC

• Targets: mono-phoneme or BPE-phoneme

• Sample K = 8 phoneme sequences per 
utterance from frozen S2P.

• Fine-tune LLM for P2G with S-SKM and 
LoRA.



• Speech encoders

○ Whistle-small (90M): pretrained with weakly phonetic supervision (over CV-Lang10)

○ WavLM base (94.7M)/large (316.62M): pretrained with self-supervision

○ Fine-tuned with phoneme labels: Yes / No

• LLM

○ Qwen3-1.7B + 0.5B LoRA

○ Qwen3-8B    + 1.4B LoRA

• Dataset

○ English (high-resource): LibriSpeech 960 hours

○ Tatar (low-resource): Commonvoice v11.0, 20 hours

• Metric

o WER (Word Error Rate)
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Experiment Setup
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Main result: LLM-P2G based vs Projector-based
• Vanilla projector baselines (E1–E2) are weak
• Phoneme-informed hybrid interfaces (E3–E5) are substantially stronger

 Phoneme fine-tuning makes better alignment between speech and language
• BPE-phoneme P2G gives the best result on Libri clean/other: 2.78 / 6.75 WER



108

Result: scaling the speech encoder and the LLM

• Scaling improves final WER
• Reductions in PER correlate with 

downstream WER gains.

[11] “Connecting speech encoder and large language model for ASR,” arXiv:2309.13963, 2023.
[12] “SALM: Speech-augmented language model with in-context learning for speech recognition and translation,” arXiv, 2023.
[13] “An embarrassingly simple approach for LLM with strong ASR capacity,” arXiv:2402.08846, 2024.
[14] “A comprehensive solution to connect speech encoder and large language model for ASR,” arXiv:2406.17272, 2024.

• Compares our best system (E8) with 
representative recent LLM-ASR 
baselines on LibriSpeech 960h

• Stronger than early frozen-connector 
systems such as Q-Former [11] and 
SALM [12]

• Competitive with SLAM-ASR [13]
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Training and inference complexity

The projector pipeline takes 5.14h for Pr-
Stage1 (44,992 iterations) plus 4.11h for 
Pr-Stage2 (15,620 iterations), i.e., 
5.14+4.11 = 9.25h

The phoneme system with S-SKM (K=8) 
has higher per-iteration cost (2.998s vs. 
0.411/0.947s), but uses only 7,000 
iterations and finishes in 5.83h

Training complexity for the representative E5 setting on 8×A800 GPUs

• With K=8, E5-Ph is slower (RTF around 0.13) 
but gives the best E5 WER. 

• With K=1, E5-Ph becomes comparable to 
projector inference speed (0.090/0.097 RTF 
on test-clean/test-other, compared with 
0.095/0.094 for E5-Pr1), retaining better 
WER than E5-Pr1 and approaching E5-Pr2, 
showing a practical speed–accuracy trade-off 
controlled by K.

Table VIII: Inference efficiency on one A800 GPU.
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Result: Low-Resource Evaluation on Tatar

• Using the same pretrained frozen Whistle-large encoder for both systems

○ The encoder is identical — the only difference between T1 and T2 is the 

interface.

• In this low-resource setting, the phoneme-based interface nearly halves WER

The Phoneme-based interface is more data-efficient under limited data.
Echo the conclusion as in Part I — now at the interface level in LLM-ASR



• LLM-P2G combines CTC speech-to-phoneme (S2P) recognition with LLM phoneme-to-
grapheme generation.

• Phoneme uncertainty motivates noisy-phoneme augmentation (DANP) and 
marginalization over multiple hypotheses (TKM, SKM and S-SKM).

• Phonetic supervision also improves projector-based ASR through a phoneme-informed 
encoder, linking continuous and discrete interfaces.

• Tatar 20-hour experiments nearly halve WER with a phoneme interface using the same 
frozen Whistle-large encoder. This finding is specific to that setting.
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Subsection summary

3.2  LLM-based phoneme-to-grapheme generation

Phoneme interfaces can improve data efficiency, with gains that depend on the language, 
data and training protocol.



Content
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I.  Basics of Speech Recognition and LLMs (50 min)

II.Continuous-interface based approach (50 min)

III. Discrete-interface based approach (50 min)
1. LLM-based ASR error correction with single-best and N-best recognition

hypotheses
2. LLM-based phoneme-to-grapheme methods for phoneme-based speech

recognition
3. Latent Softmax for Data-Efficient Phoneme-Based Multilingual ASR Across

Tonal and Non-Tonal Languages
4. Pronunciation-lexicon free training via joint stochastic approximation

IV. Open questions and future directions (20 min)



Motivation & Background 

RQ: How should tones be incorporated in multilingual phoneme-based models?
 Treating a tone-marked vowel and its non-tonal base-vowel as unrelated units: 

weakening phonetic sharing 

 Collapsing tone-marked vowel variants into the same base vowel:                            
losing distinctions required by tonal languages 
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/𝒂//𝒂/ /ഥ𝒂//ഥ𝒂/

English base vowel Mandarin tone-marked vowels

/ ƴ𝒂// ƴ𝒂/ /෕𝒂//෕𝒂/ / ư𝒂// ư𝒂/

1. Multilingual and cross-lingual ASR pool data across languages to improve training 
efficiency, especially in low-resource settings.

2. It is found in Whistle that phonetic supervision can be more data-efficient than 
subword supervision for speech-encoder pretraining. 

3. Phoneme-informed interface improves over vanilla projector in LLM-ASR.



Latent Softmax

• Challenge: supervision mismatch
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Tonal language requires a finer tone-
marked-vowel subclass space

Non-tonal vowel supervision provides 
only base-vowel major-class labelsVS

[5] “Models of tone for tonal and non-tonal languages,” ASRU, 2013.
[6] “Switching auxiliary chains for speech recognition,” IEEE Signal Processing Letters, 2007.
[7] “Switching auxiliary chains for speech recognition based on dynamic bayesian networks,” ICPR, 2006.

• Non-tonal speech still exhibits pitch variation
 This variation is linguistically non-contrastive and unmarked in phonetic transcription 
 But is helpful for speech discrimination [5]–[7]



Latent Softmax
This motivates a latent view: 

When only a base-vowel label (major class) is observed, the tone-marked subclass is latent and 
marginalized out.

115“Latent Softmax for Data-Efficient Phoneme-Based Multilingual ASR Across Tonal and Non-Tonal Languages”,  IEEE SLT 2026

Softmax is over subclasses!
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Empirical label distribution on the mixed English–Mandarin data

Fig. 2: Phoneme-count distribution in LibriSpeech English and AISHELL-1 Mandarin. 

• The horizontal axis lists English and Mandarin phoneme labels, ordered by descending major-class count, and 
the vertical axis reports their corpus-level counts in the two datasets. 

• When a phoneme appears in both English and Chinese, two bars are shown side-by-side. 

• Base vowels and their tone-marked vowel subclasses, such as /a/, /a/, /á/, /a/, and /à/, are placed 
contiguously to show how non-tonal and tonal evidence is distributed across the shared inventory.



Standard softmax for CTC-based S2P

• A standard softmax layer produces logits 𝑢𝑡 𝑙  for each 𝑙 ∈ ℒ 

• Frame posterior:

𝑝𝑡 𝑙 = 𝑝 𝜋𝑡 = 𝑙 ∣ 𝐱 =
exp 𝑢𝑡 𝑙 )

σ𝑙′∈ℒ exp 𝑢𝑡 𝑙′ )

• For target label sequence y, the CTC likelihood is

𝑃 𝐲 ∣ 𝐱 = ෍

𝜋∈𝒜 𝐲

ෑ

𝑡=1

𝑇

𝑝𝑡 𝜋𝑡

117“Latent Softmax for Data-Efficient Phoneme-Based Multilingual ASR Across Tonal and Non-Tonal Languages”,  IEEE SLT 2026

𝒜 𝐲  is the set of frame-level alignments (paths) that collapse to 𝐲

The label inventory —
— flat (Tone-marked 

vowels and base vowels 
are unrelated)



Latent Softmax for CTC-based S2P
• For 𝑙 ∈ ℒ, define the compatible-subclass set:

𝐵 𝑙 = 𝑧 ∈ 𝒵 ∶ 𝑧 is compatible with 𝑙

𝒵 denote the subclass inventory over which 
softmax is calculated.
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Example:

B(/a/) = {/ā/, /á/, /ǎ/, /à/}

B(/ā/) = {/ā/}

• Subclass = Tone-marked vowels +  singleton-labels that requir no subdivision including consonants and <blk>
• Each base vowel defines a major class.



Latent Softmax for CTC-based S2P
• For 𝑙 ∈ ℒ, define the compatible-subclass set:

𝐵 𝑙 = 𝑧 ∈ 𝒵 ∶ 𝑧 is compatible with 𝑙

𝒵 denote the subclass inventory over which 
softmax is calculated.
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Example:

B(/a/) = {/ā/, /á/, /ǎ/, /à/}

B(/ā/) = {/ā/}

Standard-softmax frame posterior:

𝑝𝑡 𝑙 =
exp 𝑢𝑡 𝑙 )

σ𝑙′∈ℒ exp 𝑢𝑡 𝑙′ )

Standard-softmax CTC likelihood:

𝑃 𝐲 ∣ 𝐱 = ෍

𝜋∈𝒜 𝐲

ෑ

𝑡=1

𝑇

𝑝𝑡 𝜋𝑡

• The network outputs subclass logits 𝑣𝑡 𝑧 and 
the subclass posterior is

𝑝𝑡 𝑧 = 𝑝 𝑧𝑡 = 𝑧 ∣ 𝐱 =
exp 𝑣𝑡 𝑧 )

σ𝑧′∈𝒵 exp 𝑣𝑡 𝑧′ )
.

• Frame posterior for supervised label 𝑙 :

𝑞𝑡 𝑙 = 𝑃 𝑧𝑡 ∈ 𝐵 𝑙 ∣ 𝐱 = ෍

𝑧∈𝐵 𝑙

𝑝𝑡 𝑧

It is shown that the Latent-Softmax CTC likelihood:

𝑃 𝐲 ∣ 𝐱 = ෍

𝜋∈𝒜 𝐲

ෑ

𝑡=1

𝑇

𝑞𝑡 𝜋𝑡 play the same computational role



• Model:

 S2P model: Conformer based acoustic encoder (115 M)

 LLM: Qwen3-1.7B (LoRA r=1024,𝛼=2048).  Projector:  2×4096-dim linear

• Dataset:

 AISHELL-1, 178 hours of  Mandarin data with 3×speed perturbation.

 LibriSpeech, 960 hours English data

 ASRU2019 Mandarin-English code-switching challenge data, 200 hours

 CS-Dialog, 104.02 hours Mandarin-English code-switching data

• Metric: 

 T-PER (Tonal Phone Error Rate), CER (Character Error Rate), WER (Word Error Rate)

 NT-PER (non-tonal PER): compute PER after removing tone marks

 MER (mixed error rate): for Mandarin–English code-switching evaluation
120

Experiment Setup

Pooled for bilingual 
experiment



Mandarin-English Bilingual experiment

• Latent Softmax significantly reduces encoder phoneme error rates over standard softmax.

• Downstream speech recognition is evaluated with two speech-language interfaces:

• Latent Softmax consistently improves both interfaces

• Gains are largest for LLM-P2G, whose input directly depends on decoded S2P 
phonemes.
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↓8.4% ↓17.5% ↓12.6%

“Latent Softmax for Data-Efficient Phoneme-Based Multilingual ASR Across Tonal and Non-Tonal Languages”,  IEEE SLT 2026



Mandarin-English Code-switching experiment
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↓2.6% ↓6.6% ↓9.5%

On CS-Dialogue, LLM-P2G is harder to adapt, because the data are limited and the decoded S2P phoneme sequences 
remain too noisy for training a robust text conversion model.

• Code-switching gains are interface-dependent

 Projector-based interface: Latent Softmax improves the MER on both evaluated datasets

 The LLM-P2G results do not establish a consistent advantage



Tonal representation analysis in non-tonal languages
• Table III shows some English examples decoded by the Latent Softmax S2P model.
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• The examples show that, even without explicit English tone labels, the model assigns tone-
like subclass marks to English vowels.

• We treat this observation as qualitative evidence that the latent tone-marked vowel 
subclasses capture prosodic variation useful for sharing with tonal-language data.

• It should not be interpreted as a claim that the predicted English tone marks are 
linguistically ground-truth tones. 

• From the model’s viewpoint, an English vowel token can nevertheless instantiate one latent 
tone-marked vowel subclass inside the corresponding major class.
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A preliminary check of the Table III utterances suggests qualitative agreement between predicted subclass 
tone marks and F0-contour directions. This is qualitative evidence only, not corpus-level validation.



Subclass versus major-class phoneme input in LLM-P2G
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• The S2P output could be subclass sequences or major-class sequences, 

• A further question: what’s the effect of sending different sequences to LLM-P2G?

• Subclass inputs yield lower P2G WER on all three evaluation sets.

• This suggests that the subclass representation contains useful fine-grained information 
for the P2G model, including in the non-tonal English setting. 



• We studied data-efficient combined training of tonal and non-tonal languages for 
phoneme-based multilingual ASR.

• The proposed Latent Softmax lets non-tonal vowel data update a tone-marked vowel 
subclass space, yielding a more data-efficient sharing mechanism than standard 
softmax. 

• Mandarin-English multilingual Results: improves S2P PER over a standard softmax
and transfers these gains to both LLM-P2G and projector-based ASR interfaces.

• Mandarin-English code-switching Results: improves projector-based MER, the LLM-
P2G results remain inconclusive.
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Subsection summary

3.3  Latent-Softmax for tonal and non-tonal languages



Content
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I.  Basics of Speech Recognition and LLMs (50 min)

II.Continuous-interface based approach (50 min)

III. Discrete-interface based approach (50 min)
1. LLM-based ASR error correction with single-best and N-best recognition

hypotheses
2. LLM-based phoneme-to-grapheme methods for phoneme-based speech

recognition
3. Latent Softmax for Data-Efficient Phoneme-Based Multilingual ASR Across

Tonal and Non-Tonal Languages
4. Pronunciation-lexicon free training via joint stochastic approximation

IV. Open questions and future directions (20 min)



Introduction

• Pre-trained models with phonetic supervision have demonstrated their 
advantages for crosslingual speech recognition in data efficiency and 
information sharing across languages.

• Challenge: phoneme labels are needed for each training utterance.

• Phoneme labels are usually obtained by using a manually-crafted 
pronunciation lexicon, which maps every word in the vocabulary into a 
phoneme sequence.

• It also can obtained by using Grapheme-to-phoneme (G2P) tools. But 
G2P tools are also created based on pronunciation lexicons. 
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SPG (Speech-to-Phoneme-to-Grapheme) model architecture

• Two-stage ASR model

○ Speech-to-phoneme (S2P) model

○ Phoneme-to-grapheme (P2G) model

• Latent-variable model, with phonemes being treated as discrete latent variables

○ Grapheme-to-phoneme (G2P) model is introduced as an auxiliary inference model

𝑦ℎ𝑥
S2P

𝑝𝜃 ℎ|𝑥

G2P

𝑞𝜙 ℎ|𝑦

P2G

𝑝𝜃 𝑦|ℎ

how are youh a ʊ ɑ ɹ j u

speech phonemes graphemes

Fig. 1. Overview of the SPG model 129
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EM (Expectation-Maximization) Algorithm

⚫ Expectation of the log joint likelihood log 𝑃𝜃 ℎ, 𝑦|𝑥  under the conditional distribution 𝑃𝜃(𝑜𝑙𝑑) ℎ|𝑥, 𝑦

⚫ The EM algorithm is an iterative process

E-Step
t = t +1  
Converged?M-StepChoose  (0)

Infer ℎ, using the 
current model

Supervised training with the 
estimated ℎ, and update the model

𝑄 𝜃|𝜃(𝑜𝑙𝑑) = E𝑃
𝜃(𝑜𝑙𝑑) ℎ|𝑥,𝑦 log 𝑃𝜃 ℎ, 𝑦|𝑥 = ෍

ℎ

𝑃𝜃(𝑜𝑙𝑑) ℎ|𝑥, 𝑦 log 𝑃𝜃 ℎ, 𝑦|𝑥

⚫ Solve 𝜃∗ = argmax
𝜃

𝑄 𝜃|𝜃(𝑜𝑙𝑑)

Holds log 𝑃𝜃(𝑜𝑙𝑑) 𝑦|𝑥 ≤ log 𝑃𝜃∗ 𝑦|𝑥

Maximum-likelihood parameter estimation for the latent-variable model  𝑥 → ℎ → 𝑦 : 



Connecting JSA to MCMC-SAEM
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EM (Dempster et al., 1977):

• E-step: calculate 𝑄 𝜃|𝜃(𝑡−1) = 𝐸𝑝
𝜃 𝑡−1 (ℎ|𝑥) 𝑙𝑜𝑔𝑝𝜃(𝑥, ℎ)

• M-step: update 𝜃 by max
𝜃

𝑄 𝜃|𝜃(𝑡−1)

perform gradient ascent over 𝜃

SAEM (Delyon et al., 1999):
• Monte Carlo sampling: fill the missing values for latent variables through sampling ℎ′~𝑝𝜃(ℎ|𝑥)
• SA updating: perform gradient ascent over 𝜃 using 𝛻𝜃𝑙𝑜𝑔𝑝𝜃(𝑥, ℎ′)

JSA = coupling an SA version of EM (SAEM) with an adaptive MCMC procedure (UAI 2020)
• 𝑞𝜙 ℎ|𝑥 acts like an adaptive proposal, adjusted from past realizations of the Markov chain

SAEM-MCMC  (Kuhn and Lavielle, 2004):
• Apply Markov move which admits 𝑝𝜃 𝑡−1 (ℎ|𝑥) as the invariant distribution

• The proposal of the transition kernel is fixed, which may limit the MCMC efficiency



Technical 
limitation

Technical innovation: JSA enables pronunciation-lexicon-free 
training for phoneme-based recognition

Novel 
algorithm

Illustrative example: let 𝑥 and 𝑦 be one-dimensional, 
the EM algorithm can iteratively find ℎ

EM (Dempster et al., 1977)

SAEM (Delyon et al., 1999)

SAEM-MCMC  
(Kuhn and Lavielle, 2004)

JSA (Ou & Song, 2020)

E-step introduces Monte Carlo sampling

E-step introduces Markov chain Monte Carlo

E-step introduces adaptive MCMC

• Classic methods heavily rely on supervised learning with manual annotations

• Build 𝑥 → ℎ → 𝑦 with h as a latent variable,

• Employ the Joint Stochastic Approximation (JSA) 
learning algorithm (UAI 2020)

• Train 𝑥 → ℎ → 𝑦 using only 𝑥 and 𝑦

• Overcome the efficiency bottleneck algorithmically
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Academic contribution of JSA:
it introduces an adaptive MCMC transition kernel 
to solve the efficiency challenge of expectation 

calculation in high-dimensional spaces

Ou & Song. Joint Stochastic Approximation and Its Application to Learning Discrete Latent Variable Models. UAI 2020.



Joint Stochastic Approximation

• Stochastic extension of EM algorithm.

• Markov Chain Monte Carlo (MCMC) sampling (E-step in EM)

• Parameter updating (M-step in EM)
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Overview of JSA-SPG

“Pronunciation-Lexicon Free Training for Phoneme-based Crosslingual ASR via Joint Stochastic Approximation,”  IEEE TASLP 2026. 134



Improving P2G via data augmentation

• During the JSA-SPG training, as the models gradually converge, the diversity of 
phoneme sequences sampled by MIS decreases. The P2G model is gradually 
trained with less noisy input, compared with the input fed to P2G in testing. 

• In order to improve the robustness of the P2G model, we augment the P2G 
model after the JSA-SPG training. 

• Particularly, we decode 128 best phoneme sequences by S2P beam search 
decoding over the training speech data and pair them with text labels, which 
serve as augmented data to further train the P2G model.
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Marginal Likelihood Scoring (MLS)

Three ways of decoding:

• Vanilla decoding without LM

• Vanilla decoding with LM

• MLS decoding

○ Generates an n-best list of 
candidates using WFST decoding

○ Rescored using marginal 
likelihood
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Estimate the marginal likelihood with 
importance weights to align inference with 

the training objective



Experiment Result
• Only 10 minutes of phoneme annotations (~100 utterances).

• JSA-SPG outperforms best cross-lingual fine-tuning approach using subword or full 
phoneme supervision.

137



Language Domain Adaptation (LDA)

• In cross-domain ASR, a common approach is to train external language models 
for language domain adaptation. 

Table 2. WER% of cross-domain language domain adaptation (LDA) experiments.

Facilitate the construction of an ASR system for 
a new domain when only text 𝑦 is available

138

• LDA training performance far exceeds that of traditional language domain adaptation 
method by 9% error rate reduction (22.58 vs 20.57; 12.39 vs 11.23).

• LDA training

○ Use the G2P model to generate phoneme labels on cross-domain text data;

○ Further adapting the P2G model.



Experiment with different amounts of supervised phoneme data

• Only 2 minutes or even zero-shot, JSA-SPG obtains impressive results.

• As phoneme-annotated data increases, both PER and WER show monotonic reductions

Table 3. SPG-JSA training result with different amounts of supervised phoneme data.
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Principled unsupervised learning (rethinking)

New problem (cross-modality): how can we principledly 
solve unsupervised learning for the probabilistic model 
𝑥 → ℎ → 𝑦 when only 𝑥, 𝑦 is available?
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GPT: realizes principled unsupervised learning of the 
probabilistic model 𝑥 → 𝑦 when only 𝑥  is available, 
for single-modality problem (𝑥, 𝑦 are from the same 
modality)

𝐲𝐡𝐱 S2P P2G

how are youh a ʊ ɑ ɹ j u

speech phonemes graphemes

Context 𝑥

Transformer neural network

System response 𝑦

• Given only 𝑥, 𝑦 , how should we train 𝑥 → ℎ → 𝑦 ?

• For a latent-variable model 𝑝𝜃 ℎ, 𝑦|𝑥 , estimate 𝜃 by maximizing the marginal likelihood 𝑝𝜃 𝑦|𝑥 .

The supervised objective is part of unsupervised optimization, 
achieving principled unsupervised learning.

𝑝𝜃 ℎ, 𝑦|𝑥

𝑝𝜃 𝑦|𝑥, ℎ𝑝𝜃 ℎ|𝑥
Supervised objective

𝑥 → ℎ → 𝑦

Supervised objective

𝑝𝜃 𝑦|𝑥 = ෍

ℎ

𝑝𝜃 ℎ|𝑥 𝑝𝜃 𝑦|𝑥, ℎ  



Subsection summary

• We aim to achieve phoneme-based speech recognition, without 
pronunciation lexicons.

• Introduce a new method called JSA-SPG, treating phonemes as discrete 
latent variables and using JSA for model training.

• Joint stochastic approximation (JSA) uses adaptive MCMC with a G2P 
proposal to jointly learn the S2P, P2G and G2P models.

• In crosslingual experiments with two languages (Polish and Indonesian ), 
JSA-SPG demonstrates remarkable performance compared to the best 
cross-lingual finetuning approach using subword or full phoneme 
supervision.

141Code: https://github.com/thu-spmi/CAT/tree/master/egs/JSA-SPG
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I.  Basics of Speech Recognition and LLMs (50 min)

II.Continuous-interface based approach (50 min)

III. Discrete-interface based approach (50 min)

IV. Open questions and future directions (20 min)
1. Open questions: data-efficient ASR with LLMs
2. Q&A and discussion
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Open questions: data-efficient ASR with LLMs

1. Cross-lingual and code-switching knowledge transfer

● Extremely low-resource languages → even those without a written tradition

● Written form not shared with high-resource ones → e.g., English pre-training to Lao

2. How good synthetic speech can do for data augmentation

● Synthetic data from different domains to enhance ASR robustness

● Synthetic data of low-resource languages or code-switching

3. Test-time adaptation to target domain/languages

● Low-resource domains or languages

● For fair or empathetic applications
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