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内容安排

一、引言

二、语音大模型的若干思考

三、总结
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语言大模型

大模型在目前AI研究中备受关注！

 Using DeepSpeed and Megatron to Train Megatron-Turing NLG 
530B, A Large-Scale Generative Language Model, 2022 Feb.

wav2vec2
(317M)

conformer
(119M)

XLSR-53
(317M)

UniSpeech
(317M)

HuBERT
(1 B)

WavLM
(317M)

Whisper
(1.55 B)

USM
(2 B)
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欧智坚, 2023 Nov.

Whisper large-v3 
trained on 5 million 
hours:
5 ∙ 106 ∙ 3600 ∙ 50
= 900 B tokens

USM trained on 
12 million hours: 
2160 B tokens

BigSSL
(8 B)



大模型技术引发新工业革命？
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• 瓦特的分离式冷凝机，燃料->动能，引发了工业革命。

• 大模型从数据中学习获得智能，什么制约了AI技术规模化应用？

纽科门蒸汽机（1712） 瓦特的分离式冷凝机（1781）

大模型
数据 智能

蒸汽机
燃料 动能
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… to think from first principles and real-

world physics rather than having to 

accept the prevailing “wisdom”. 

—— Larry Page, 2014

Motivation



未来之路 Path to the future

S3: Sound, Simple, Scalable
扎实, 简洁, 可伸缩

墨菲定律
Anything that can go 
wrong will go wrong.

奥卡姆剃须刀
若无必要，勿增实体.

可伸可缩
在不同尺度上都能工作，
神经网络解决XOR问题

6
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内容安排

一、引言

二、语音大模型的若干思考 from first principles

• Principled unsupervised learning, yes/no, how?

• End-to-end is all you need (for supervised learning)?

◦ AM and LM fusion, yes/no, how?

◦ Multi-lingual ASR needs phonetic knowledge or not, how?

三、总结
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ChatGPT的进步
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站在多年来人工智能研究的巨人肩膀上

正是这些技术的共同作用（六部曲），才促成了ChatGPT

“严谨谈谈ChatGPT的进步、不足及AGI挑战”
欧智坚，2023/3/16

(2017)

(2018)
(2019)

(2020)

(2022/3, 2022/11)



语言模型（LM，language model）
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语言模型：人类自然语言的概率模型
当前符号 前面历史符号

自回归语言模型：

每个位置利用前面历史符号
𝑥1, 𝑥2, ⋯ , 𝑥𝑖−1（即上文），

计算当前符号出现的(条件)概率
𝑃 𝑥𝑖|𝑥1, ⋯ , 𝑥𝑖−1



GPT语言模型及预训练+微调技术（2018）
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自然语言理解，包括范围广泛的不同任务

来自GPT原文[4] "Improving language understanding by Generative Pre-Training" (2018)

无监督预训练（unsupervised pre-training）结合有监督微调（supervised fine-tuning），
是一种半监督学习，其本质是协同进行有监督学习和无监督学习。

文本分类

文本蕴含关系判断

语义相似性评估

阅读理解/选择题

“Our work broadly falls under the category of semi-supervised learning for natural language.”
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从有标数据 𝒙, 𝒚 进行有监督学习，巨大成功!

语音识别

目标检测与跟踪 对话系统

意图识别，语义填槽，命名实体识别

14

输入: 上文𝒙

输出: 响应𝒚

𝑝 𝑦|𝑥
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(SSL)

Supervised learning from labeled data 𝒙, 𝒚 Collaborative supervised and unsupervised learning
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𝜃 𝜃

𝑙𝑜𝑠𝑠 𝑙𝑜𝑠𝑠

有监督目标应成为无监督目标的子目标

朴素的无监督学习 有原则的无监督学习



17https://simons.berkeley.edu/talks/ilya-sutskever-openai-2023-08-14

https://simons.berkeley.edu/talks/ilya-sutskever-openai-2023-08-14


GPT-2（2019）
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让机器去学习执行一个自然语言理解任务，本质是去估计条件分布
𝑃 𝑜𝑢𝑡𝑝𝑢𝑡 | 𝑖𝑛𝑝𝑢𝑡

以GPT-2为代表的一个创新做法是，𝑡𝑎𝑠𝑘、𝑖𝑛𝑝𝑢𝑡、𝑜𝑢𝑡𝑝𝑢𝑡都用自然语言来表述成
符号序列，这样模型𝑷 𝒐𝒖𝒕𝒑𝒖𝒕 |𝒕𝒂𝒔𝒌, 𝒊𝒏𝒑𝒖𝒕 就归结为一个语言模型——给定上文，
递归生成下一个符号。不同任务的训练数据都统一组织成

𝑡𝑎𝑠𝑘, 𝑖𝑛𝑝𝑢𝑡, 𝑜𝑢𝑡𝑝𝑢𝑡
比如，

GPT实现了
principled unsupervised learning

(translate to french, english text, french text)
(answer the question, document, question, answer)
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无监督学习：解决只有 𝑥 时的模型训练

朴素：K-means聚类算法 高级：基于概率模型

• 只有 𝑥，如何构建出 𝑝𝜃 𝑦|𝑥 ？

• 升维打击：建模 𝑝𝜃 𝑥, 𝑦 ，然后通过最大化
边缘似然 log 𝑝𝜃 𝑥 去估计 𝑝𝜃 𝑦|𝑥

• 最大似然参数估计：在模型容量足够大时，
无监督学习能找到Oracle模型 𝑝∗ 𝑥, 𝑦 ，
也自然找到了 𝑝∗ 𝑦|𝑥 .

利用当前模型，
预测伪标签

基于伪标签，
进行模型更新

有监督目标是无监督优化时的子目标，
由此实现了principled unsupervised learning.

𝑝𝜃 𝑥, 𝑦

𝑝𝜃 𝑦|𝑥𝑝𝜃 𝑥



Generative SSL - Two Different Approaches
• Pre-training (serial collaboration)

 Only defines p(x) without y.

 Perform unsupervised representation learning (called pre-training) on unlabeled data, 
followed by supervised training (called fine-tuning) on labeled data.

 This manner of pre-training followed by fine-tuning has received increasing 
application in Natural Language Processing.

• Joint-training (parallel collaboration)
 A joint model of p(x,y) is defined.

 When we have label y, we maximize p(y|x) (the supervised objective), and when the 
label is unobserved, we marginalize it out and maximize p(x) (the unsupervised 
objective). 

 Semi-supervised learning over a mix of labeled and unlabeled data is formulated as 
maximizing the (weighted) sum of log p(y|x) and log p(x).

20

p(x) p(y|x)

p(x)

p(y|x)
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SSL

Generative

Joint-training

Pre-training

Discriminative

Directed models Undirected models

Latent Variable 
Model (LVM), 
e.g. LABES

Joint Random Field
(JRF),
Joint Energy-based
model (JEM)

Auto-Regressive 
Language Model, 
e.g. GPT
Masked Language 
Model, e.g. BERT

Random-field 
Language Model, e.g. 
TRF, Electric 

There are many open questions in designing semi-supervised methods 
for particular tasks !

[LABES] Y. Zhang, Z. Ou, et al. A Probabilistic End-To-End Task-Oriented Dialog Model with Latent Belief States towards Semi-Supervised Learning. EMNLP, 2020.
[JRF] Y. Song, Z. Ou, et al. Upgrading CRFs to JRFs and its benefits to sequence modeling and labeling. ICASSP, 2020.
[JEM] S. Zhao, J.H. Jacobsen, et al. Joint energy-based models for semi-supervised classification. ICML Workshop on Uncertainty and Robustness in Deep Learning, 2020.
[TRF] B. Wang, Z. Ou. Improved training of neural trans-dimensional random field language models with dynamic noise-contrastive estimation. SLT, 2018.
[Electric] K. Clark, M.T. Luong, et al. Pre-Training Transformers as Energy-Based Cloze Models. EMNLP, 2020.



Joint-training of an EBM for semi-supervised image classification
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• Joint modeling of observation 𝑥 ∈ ℝ𝑑 and class label 𝑦 ∈ 1,⋯ , 𝐾 :

𝑝𝜃 𝑥, 𝑦 =
1

𝑍 𝜃
𝑒𝑥𝑝 𝑢𝜃 𝑥, 𝑦

• Consider a NN Ψθ 𝑥 :ℝ𝑑 → ℝ𝐾 and define:
𝑢𝜃 𝑥, 𝑦 = Ψθ 𝑥 [𝑦]

• Classifier: 𝑝𝜃 𝑦|𝑥 =
𝑝𝜃 𝑥,𝑦

𝑝𝜃 𝑥
=

𝑒𝑥𝑝 𝑢𝜃 𝑥,𝑦

σ𝑦 𝑒𝑥𝑝 𝑢𝜃 𝑥,𝑦
, like a 𝐾-class logistic regression

Marginal density: 𝑝𝜃 𝑥 =
1

𝑍 𝜃
𝑒𝑥𝑝 𝑢𝜃 𝑥 , where 𝑢𝜃 𝑥 ≜ 𝑙𝑜𝑔σ𝑦 𝑒𝑥𝑝 𝑢𝜃 𝑥, 𝑦

max
𝜃



𝑥𝑖~𝑢𝑛𝑙𝑎𝑏𝑒𝑙𝑒𝑑

𝑙𝑜𝑔 𝑝𝜃 𝑥𝑖 + 

𝑥𝑗,𝑦𝑗 ~𝑙𝑎𝑏𝑒𝑙𝑒𝑑

𝑙𝑜𝑔𝑝𝜃 𝑦𝑗|𝑥𝑗

Potential 
function

𝑥

ℎ

𝑢𝜃 𝑥, 𝑦

Yunfu Song, Zhijian Ou. Learning Neural Random Fields with Inclusive Auxiliary Generators. arXiv:1806.00271, 2018.
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Supervised 

Learning

CRF
𝑝𝜃(𝑦

𝑙|𝑥𝑙)

Labeled 

Data

TRF
𝑝𝜃(𝑙, 𝑥

𝑙)

Unlabeled 

Data

Unsupervised 

Learning

𝑝𝜃(𝑙, 𝑥
𝑙 , 𝑦𝑙)

JRF

Node Potentials

𝑥1

ℎ1
Bi-LSTM

𝑜1

ℎ2 ℎ3

𝑜2 𝑜3

𝑦1 𝑦2 𝑦3

Edge Potentials

𝑥2 𝑥3

Upgrading CRFs 
to Joint random fields (JRFs) 

for sequential data

Joint-training of an EBM for semi-supervised natural language labeling

Yunfu Song, Zhijian Ou, et al. Upgrading 
CRFs to JRFs and its benefits to sequence 
modeling and labeling. ICASSP, 2020.
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Joint-training EBMs outperform 
pre-training+fine-tuning EBMs 
by a large margin in this task.

Can reduce 50% of labels without losing performance.

Yunfu Song, Huahuan Zheng, Zhijian Ou. An empirical comparison of joint-training and pre-training for domain-agnostic semi-supervised 
learning via energy-based models. MLSP, 2021.
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• Joint-training EBMs outperform pre-training 
EBMs in 23 out of the 27 settings marginally 
but nearly consistently. 

• A possible explanation: the optimization of 
joint-training is directly related to the targeted 
task, while pre-training does not.

Yunfu Song, Huahuan Zheng, Zhijian Ou. An empirical comparison of joint-training and pre-training for domain-agnostic semi-supervised 
learning via energy-based models. MLSP, 2021.
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内容安排

一、引言

二、语音大模型的若干思考 from first principles

• Principled unsupervised learning, yes/no, how?

• End-to-end is all you need (for supervised learning)?

◦ AM and LM fusion, yes/no, how?

◦ Multi-lingual ASR needs phonetic knowledge or not, how?

三、总结



New-generation ASR
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1970 1980 1990 2000 2010 2020 2030 2040 2050

HMM

GMM

N-gram,
Smoothing

Tree based state tying

MAP,
MLLR

fMLLR, Speaker 
adaptive training

WFST

Discriminative
Training, MMI, MPE

DNN-HMM

NN-LM

CTC

Attention seq2seq

RNN Transducer

Transformer

CRF

Data-efficient

AutoML

Trustworthy AI

• Greater representational capability of DNNs 算法
• Larger amounts of labeled speech data for supervised training 数据
• Powerful hardware such GPUs 算力

欧智坚，“第三代语音识别技术初探”，全国声学大会, 2021/3/29, 上海



研究背景
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𝑃 𝑌|𝑋 =
𝑃(𝑋|𝑌) ฑ𝑃(𝑌)

𝑃(𝑋)

声学模型 语言模型

欢迎参观清华电子系

• 当前技术依赖

N种声学场景 * M种语言领域

大量标注下有监督训练

• 适度模块化实现高效学习，

保留声学模型、语言模型的必要分解

𝑋 = 𝑥1𝑥2⋯
语音信号

𝑌 = 𝑦1𝑦2⋯
词序列

题海



𝜋𝑡−1

𝑥𝑡−1

𝜋𝑡

𝑥𝑡 𝑥𝑡+1

𝜋𝑡+1 𝑦𝑖−1 𝑦𝑖

𝒙

𝑦𝑖+1

AttentionDNN-HMM

𝜋𝑡−1 𝜋𝑡

𝒙

𝜋𝑡+1

CTC
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缺陷: 𝜋𝑡 条件独立性 缺陷: 𝑦𝑖 有向图序列模型
曝光偏置缺陷

缺陷:多阶段

Attention Seq2Seq
基于注意力
(Bengio, 2015)

RNN-T
转换器
(Graves, 2012)

𝜋𝑡−1 𝜋𝑡

𝒙

𝜋𝑡+1

RNN-T
缺陷: 𝜋𝑡 有向图序列模型

曝光偏置缺陷

技术挑战
语音识别模型 𝑃 𝑋 𝑌 发展历史：具有不同的图结构，不断进步

GMM-HMM
高斯混合模型
-隐马尔可夫模型
(IBM, AT&T, 1980s)

DNN-HMM
深层神经网络
-隐马尔可夫模型
(Hinton, 2009)

CTC
神经时序分类
(Graves, 2006)

CTC-CRF
条件随机场
(Xiang&Ou, 2019)



𝜋𝑡−1

𝑥𝑡−1

𝜋𝑡

𝑥𝑡 𝑥𝑡+1

𝜋𝑡+1 𝑦𝑖−1 𝑦𝑖

𝒙

𝑦𝑖+1

AttentionDNN-HMM

𝜋𝑡−1 𝜋𝑡

𝒙

𝜋𝑡+1

CTC

31

缺陷: 𝜋𝑡 条件独立性 缺陷: 𝑦𝑖 有向图序列模型缺陷:多阶段

𝜋𝑡−1 𝜋𝑡

𝒙

𝜋𝑡+1

RNN-T
缺陷: 𝜋𝑡 有向图序列模型

基于条件随机场的声学模型

𝜋𝑡−1 𝜋𝑡

𝒙

𝜋𝑡+1

提出 CTC-CRF，占有独特位置，

克服了历史上各类模型的缺陷，助力数据高效，



CTC vs CTC-CRF
CTC CTC-CRF

𝑝 𝒚 𝒙 = σ𝝅:ℬ 𝝅 =𝒚𝑝(𝝅|𝒙), using CTC topology ℬ

State Independence

𝑝 𝝅 𝒙;𝜽 =ෑ

𝑡=1

𝑇

𝑝 𝜋𝑡 𝒙

𝜋𝑡−1 𝜋𝑡

𝒙

𝜋𝑡+1 𝜋𝑡−1 𝜋𝑡

𝒙

𝜋𝑡+1

Node potential, by NN

by n-gram denominator LM of labels, like in LF-MMI

𝑝 𝝅 𝒙; 𝜽 =
𝑒𝜙(𝝅,𝒙;𝜽)

σ𝝅′ 𝑒
𝜙(𝝅′,𝒙;𝜽)

𝜙 𝝅, 𝒙; 𝜽 =
𝑡=1

𝑇 log 𝑝 𝜋𝑡 𝒙
+ log𝑝𝐿𝑀 (ℬ(𝝅)) Edge potential,

𝜕log 𝑝 𝒚 𝒙; 𝜽

𝜕𝜽
= 𝔼𝑝(𝝅|𝒚,𝒙;𝜽)

𝜕log 𝑝 𝝅|𝒙; 𝜽

𝜕𝜽

𝜕log 𝑝 𝒚 𝒙; 𝜽

𝜕𝜽
= 𝔼𝑝(𝝅|𝒙,𝒚;𝜽)

𝜕𝜙 𝝅, 𝒙; 𝜽

𝜕𝜽
− 𝔼𝑝(𝝅′|𝒙;𝜽)

𝜕𝜙 𝝅′, 𝒙; 𝜽

𝜕𝜽

32



Section Conclusion

• The CTC-CRF framework inherits the data-efficiency of the hybrid approach and 
the simplicity of the end-to-end approach. 

• CTC-CRF significantly outperforms regular CTC on a wide range of benchmarks, 
and is on par with other state-of-the-art end-to-end models.

 English WSJ-80h, Switchboard-300h, Librispeech-1000h; Mandarin Aishell-170h; …

• Flexibility
 Streaming ASR <- INTRESPEECH 2020

 Neural Architecture Search <- SLT 2021

 Children Speech Recognition <- SLT 2021

 Wordpieces, Conformer architectures

 Multilingual and Crosslingual <- ASRU2021

 CUSIDE: streaming ASR  <- INTERSPEECH 2022

 LODR: LM integration <- INTERSPEECH 2022

 Integrating energy-based language model <- INTERSPEECH 2023
33

https://github.com/thu-spmi/cat

https://github.com/thu-spmi/cat
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Librispeech Test-clean 
WER%

5.1% RNNT streaming

3.8% GNAT streaming

2.5% RNNT non-streaming
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“Data efficiency” in speech recognition:

towards utilizing the text-only data

“hello”

e2e system

paired data

text-only data

audio-only data

Amount of available data.

• End-to-end (e2e) speech recognition is “data hungry”, 

whose performance relies on the amount of paired 

speech-text data.

• Text-only & audio-only data are more easily available, 

compared to paired ones (a.k.a. the labeled data).

[1] Li, Jinyu. "Recent Advances in End-to-End Automatic Speech Recognition." arXiv preprint arXiv:2111.01690 (2021).

How to utilize the text?

Language Model (LM) integration!
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LM integration in Transducer:

some intuition and heuristic experience

X: speech data, Y: corresponding label sequence.

E2E model (e.g., RNNT, AED): 

Hybrid model (e.g., DNN-HMM): 

[1] A. Graves, “Sequence transduction with recurrent neural networks,” arXiv preprint arXiv:1211.3711, 2012.

[2] Z. Meng, and et al., “Internal language model estimation for domain-adaptive end-to-end speech recognition,” SLT 2021.
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Related work:

shallow fusion, density ratio and ILME

1. shallow fusion (SF):

2.1 density ratio (DR):

2.2 ILME (Internal Language Model Estimation):
zero out

linear approximation

ILM is approximated via a separate NN LM trained with the same 

linguistic information as RNN-T (transcript of the audio data).

[1] E.McDermott, and et al., “A density ratio approach to language model fusion in end-to-end automatic speech recognition,” ASRU 2019. 

[2] Z. Meng, and et al., “Internal language model estimation for domain-adaptive end-to-end speech recognition,” SLT 2021.
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A brief summary of observation about the Predictor.

1. The Predictor is commonly very shallow neural network. (e.g. 1x LSTM);

2. The Predictor only makes use of limited context (Table 1);

3. The ILM estimated from Predictor performs poorly when evaluated as normal LM.

Table 1. Effect of limited context history [1].

(a) Prior cost of estimated ILM from HAT [1];

The “prior cost” measures the − log𝑃 𝑌 .

[1] E. Variani, and et al, “Hybrid autoregressive transducer (HAT),” in ICASSP 2020.

[2] Z. Meng, and et al., “Internal language model estimation for domain-adaptive end-to-end speech recognition,” in SLT 2021.

(b) Perplexity of estimated ILM from ILME [2]. 

A “normal” LM trained on the transcript has a perplexity of 30.1

Smaller prior cost and perplexity 

denote better LM performance. 
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Low Order Density Ratio (LODR)

conflict
Density ratio:

Estimate the ILM via a 

separately train well-learned LM.

Our observation:

The ILM should be a 

low order weak LM.

Low Order Density ratio:

Estimate the ILM via 2-gram model.

In practice, we obtain the ILM as follows:

1. Prepare the training corpus: we use the transcript only;

2. Train a 2-gram LM on the corpus using KenLM with 

some prunes if required*.

* The size of context could be different according to the granularity of the modeling units.

Low order 

LM

[1] https://github.com/kpu/kenlm

https://github.com/kpu/kenlm
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Experiments: in-domain evaluation with large amount of 

text corpus

Table 3. Performance of LM integration methods, measured by WER % on 

LibriSpeech and CER % on WenetSpeech. The perplexity (PPL) of the ILM is 

computed on the transcript of each dataset. “Rel %” measures the relative reduction 

of WER (CER) compared to “No LM” setup. 

Size of extra corpus:

English: 800 million words 

(9.4M words in transcript)

Chinese: 200 million chars

(17M chars in transcript)

All methods subtracting 

ILM perform better than 

the shallow fusion 

consistently.
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Experiments: cross-domain evaluation and discussion

Table 4. Performance of LM integration methods evaluated on cross-domain scenarios. 

Size of extra corpus:

English (Tedlium-2):

2.2M words (9.4M words in transcript)

Chinese (AISHELL-1): 

1.7M chars (17M chars in transcript)



Decoding method 𝜆1 𝜆2 test-clean WERR test-other WERR

Modified beam search - - 2.73 - 7.15 -

+ SF 0.3 - 2.42 11.4% 6.46 9.7%

+ ILME 0.3 -0.05 2.36 13.6% 6.23 12.9%

+ LODR (bi-gram) 0.3 -0.16 2.28 16.5% 5.94 16.9%

Librispeech (960 hours). Streaming encoder + stateless Transducer.

Decoding method 𝜆1 𝜆2 test-clean WERR test-other WERR

Modified beam search - - 2.00 - 4.63 -

+ SF 0.3 - 1.96 2.0% 4.18 9.7%

+ ILME 0.3 -0.05 1.82 9.0% 4.10 11.4%

+ LODR (bi-gram) 0.4 -0.14 1.83 8.5% 4.03 13.0%

Librispeech + Gigaspeech (10k hours). Non-streaming encoder + pruned & stateless Transducer.

*Results are reported on icefall, a repo maintained by the K2 team.

[1] https://github.com/k2-fsa/k2

[2] https://github.com/k2-fsa/icefall

在K2实验中，LODR表现优秀！
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内容安排

一、引言

二、语音大模型的若干思考 from first principles

• Principled unsupervised learning, yes/no, how?

• End-to-end is all you need (for supervised learning)?

◦ AM and LM fusion, yes/no, how?

◦ Multi-lingual ASR needs phonetic knowledge or not, how?

三、总结



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.



Universal Phone Set
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无论哪种人类语言，都是人类的一套发音器官发出来的音

since 1888



Joining of Acoustics and Phonology (JoinAP)
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• The JoinAP method
 DNN based acoustic feature extraction (bottom-up) 

and phonology driven phone embedding (top-down) 
are joined to calculate the logits.

• JoinAP-Linear
 Linear transformation of phonological-vector 𝑝𝑖 to define 

the embedding vector for phone 𝑖:
𝑒𝑖 = 𝐴𝑝𝑖 ∈ ℝ𝐻

 Apply nonlinear transformation, multilayered neural networks: 
𝑒𝑖 = 𝐴2𝜎(𝐴1𝑝𝑖) ∈ ℝ𝐻

• JoinAP-Nonlinear

Acoustic spectra

DNN based feature extractor

Phone

Phonological transformation

Phone embedding 𝑒𝑖

DNN output ℎ𝑡

Logits: 𝒛𝒕,𝒊 = 𝒆𝒊
𝑻𝒉𝒕

结合声学（Acoustic）和音韵学（Phonology），促进多语言信息共享与迁移

Chengrui Zhu, Keyu An, Huahuan Zheng, Zhijian Ou. “Multilingual and Crosslingual Speech Recognition using Phonological-Vector 
based Phone Embeddings”, ASRU 2021.



Phonological features
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 Describe phones by phonological features

 Vowels
• vowel height

• vowel backness

 Consonants

• Place of articulation

• Manner of articulation

• Often phones are seen as being the “atoms” 
of speech. 

• But it is now widely accepted in phonology 
that phones are decomposable into smaller, 
more fundamental units, sharable across all 
languages, called phonological (distinctive) 
features.



Phonological features: micro-decomposition of phones
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物质 Matter 语音 Speech

元素 Atoms 音素 Phones

元素周期表
Periodic table of elements

国际音标表
IPA table

原子核、电子
Nucleus, electrons

音韵特征
Phonological features

• Like atoms could be split into nucleus and electrons, phones can be 
expressed by phonological features.



Phonological features: promote information sharing
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• Even language-specific phones are connected by using phonological features.
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内容安排

一、引言

二、语音大模型的若干思考

三、总结

https://docs.qq.com/form/page/DQnFzdm50Z2RNZnFX#/edit

https://docs.qq.com/form/page/DQnFzdm50Z2RNZnFX#/edit


Summary
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语音大模型的若干思考 from first principles

• Principled semi-supervised learning

• End-to-end is NOT all you need (for supervised learning)

◦ AM and LM fusion

◦ Multi-lingual ASR needs phonetic knowledge

First Principle 指引



感谢关注！欢迎交流合作！
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http://oa.ee.tsinghua.edu.cn/ouzhijian
ozj@tsinghua.edu.cn

感谢宋运福、向鸿雨、安柯宇、郑华焕、刘红、朱程睿、赛尔、马特…

THU-SPMI, TasiTech is hiring!

http://oa.ee.tsinghua.edu.cn/ouzhijian
mailto:ozj@tsinghua.edu.cn

