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背景介绍——语言的重要性

• 大约5-10万年前，人类学会说话

• 大约5千年前，人类学会写字

• 图灵测试：基于语言

• 语言具有普适性，并捕捉大量智能行为

• 语言和文字的交流促进了人类文明的发展
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背景介绍——为何研究自然语言处理？

• 让机器与人类交流

• 让机器学习到知识

• 推动对语言和语言使用的科学理解

自然语言处理 (natural language processing, NLP)

2011, IBM Watson 2020, OpenAI GPT-3 2022, OpenAI ChatGPT2018, Google BERT
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背景介绍——NLP可以做些什么？

• 语音识别（speech recognition）

• 文本-语音合成（text-to-speech synthesis）

• 机器翻译（machine translation）

• 信息提取（information extraction）

• 信息检索（information retrieval）

• 问答（question answering）

• 机器写作

• 文本摘要

• …… 2023年4月
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背景介绍——NLP难点何在？

• 不同人在不同时间对语言的判断有区别
◼ “附近有餐馆”->步行距离？开车距离？

◼ “早点休息”->晚八点？凌晨两点？

• 自然语言存在歧义，也是模糊不清的
◼ “咬死了猎人的狗”-> 狗死了？猎人死了？

◼ “小李告诉小张他通过了考试”-> 小张通过了?小李通过了?

• 自然语言没有正式定义从符号到对象的映射

• 文法（grammar）：定义合法句的句法（syntax）

• 语义规则（semantic rule）：定义其含义

自然语言无法像形式语言一样清晰地表示：
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自然语言的表示

• 如何将自然语言用数字表达？

𝑦 = 𝑓(𝑥)
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◼ 将文本序列分割为独立的“单词”

◼ 例1："Whatever remains, however improbable, must be the truth.“

✓ ["Whatever", "remains,", "however", "improbable,", "must", "be", "the", 

"truth."]

✓ ["Whatever", "remains", "however", "improbable", "must", "be", "the", 

"truth"]

• 分到什么级别合适？由语义决定！

• 类似物理中的有效自由度

自然语言的表示——分词（Tokenization）
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自然语言的表示——中文分词

• 中文在词与词之间没有任何空格之类的显示标志指示词的边界。因此，

中文分词是很多自然语言处理系统中的基础模块和首要环节。

◼ 基于字符串匹配的分词方法

✓ 按照一定的策略将待匹配的字符串和一个已建立好的“充分大的”词典中的词进行

匹配，若找到某个词条，则说明匹配成功，识别了该词。

◼ 基于机器学习的分词方法

✓ CRF(条件随机场)、HMM(隐马尔可夫)、SVM、深度学习(BiLSTM-CRF)等。

✓ 例：CRF：对汉字进行标注训练，不仅考虑了词语出现的频率，还考虑上下文。

◼ 常用的中文分词工具包：

✓ jieba分词、SnowNLP、THULAC、NLPIR 等。
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自然语言的表示——中文分词

import jieba

u="我来到中国北京大学"

#全模式

test1 = jieba.cut(u, cut_all=True)

print("全模式: " + "| ".join(test1))

#精确模式

test2 = jieba.cut(u, cut_all=False)

print("精确模式: " + "| ".join(test2))

#搜索引擎模式

test3= jieba.cut_for_search(u)  

print("搜索引擎模式:" + "| ".join(test3))

例1："我来到中国北京大学"

例2：“北大是所好大学"
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◼ BPE算法

❑ 数据预处理：收集大量文本数据，通常来自多种来源

❑ 构建初始词汇表：将文本拆分为单个字符，形成初始的词汇表

❑ 统计字节对频率：计算所有相邻字符对的频率，找出最常见的字节对

❑ 合并最频繁的字节对：将这些字节对合并成一个新的单元，更新词汇表

❑ 重复：重复上述步骤，直到达到预定的词汇表大小或没有更多的字节对可以合并

自然语言的表示——Byte Pair Encoding

◼ BPE优点：

❑ 处理稀有词

❑ 减少词汇表大小

❑ 对错别字的处理

❑ 多语言支持

当前主流方法
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自然语言的表示——词表示

• 分布式表示 (distributed representation)

✓ 理论基础：词的语义由其上下文决定! 上下文相似的词，其语义也相似。

"He wrote a book."

he           [-0.34, -0.08, 0.02, -0.18, 0.22, ...]

wrote      [-0.27, 0.40, 0.00, -0.65, -0.15, ...]

a             [-0.12, -0.25, 0.29, -0.09, 0.40, ...]

book       [-0.23, -0.16, -0.05, -0.57, ...]

• 核心目标：将单词转化为机器可计算的数字向量
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自然语言的表示——从静态到动态的词表示

1. 静态词嵌入 (过去)
• 特点： 一个词，一个固定向量
• 致命缺点：无法理解一词多义
• “苹果”在吃苹果和苹果手机中，向量完全相同。

2. 动态上下文表示 (现在主流)
• 特点： 一个词，多种向量（由其所在句子上下文决定）
• 优势：完美解决一词多义
• “苹果”在吃苹果和苹果手机中，会生成两个不同的向量。
• 代表模型：BERT、GPT等所有现代大模型

如何实现？
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Encoder-decoder transformer

Encoder: receives entire input 
sequence and outputs encoded 

sequence of the same length

Decoder: predicts next token 
conditioned on encoder output and 

previously predicted tokens

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. Gomez, L. Kaiser, 
I. Polosukhin, Attention is all you need, NeurIPS 2017

https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf
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Encoder-only transformer: BERT

• At each position, the entire sequence serves as context – full 
attention is used

Image source

J. Devlin, M.-W. Chang, K. Lee, K. Toutanova, BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, 
EMNLP 2018

http://noecasas.com/files/slides/contextual_representations.pdf
https://arxiv.org/pdf/1810.04805.pdf
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Decoder-only transformer: GPT

• Task is next token prediction – only masked attention is used

Image sourceA. Radford et al. Improving language understanding by generative pre-training. 2018

http://noecasas.com/files/slides/contextual_representations.pdf
https://www.cs.ubc.ca/~amuham01/LING530/papers/radford2018improving.pdf
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Large language models

Source

https://arxiv.org/pdf/2304.13712.pdf
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Self-supervised language modeling with 
transformers

1. Download A LOT of text from the internet

2. Train a giant transformer using a suitable pretext task

3. Fine-tune the transformer on desired NLP task (optional)
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Bidirectional encoder representations from 
transformers (BERT)

J. Devlin, M.-W. Chang, K. Lee, K. Toutanova, BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, 
EMNLP 2018

https://arxiv.org/pdf/1810.04805.pdf
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BERT: Pretext tasks

• Masked language 
model (MLM)
• Randomly mask 15% of 

tokens in input 
sentences, goal is to 
reconstruct them using 
bidirectional context

Image source

http://jalammar.github.io/illustrated-bert/
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BERT: Pretext tasks

• Next sentence prediction (NSP)
• Useful for Question Answering and 

Natural Language Inference tasks
• In the training data, 50% of the 

time B is the actual sentence that 
follows A (labeled as IsNext), 
and 50% of the time it is a random 
sentence (labeled as NotNext).

Image source

Predict likelihood that sentence B 
belongs after sentence A

http://jalammar.github.io/illustrated-bert/
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BERT: More detailed view

Image source

WordPiece (from GNMT)

Trained on Wikipedia (2.5B words) + BookCorpus (800M words)

http://noecasas.com/files/slides/contextual_representations.pdf
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BERT: Evaluation

• General Language Understanding Evaluation (GLUE) benchmark 
(gluebenchmark.com)

https://gluebenchmark.com/
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BERT: Downstream tasks

Entailment, textual equivalence and similarity

Textual entailment

Source: J. Hockenmaier
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BERT: Downstream tasks

Sentiment classification, linguistic acceptability
Image source

https://cs330.stanford.edu/presentations/presentation-10.23-1.pdf
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BERT: Downstream tasks

Find span in paragraph that contains the answer Source: SQuAD v1.1 paper

https://arxiv.org/pdf/1606.05250.pdf
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BERT: Downstream tasks

Named entity recognition

Image source

https://www.aitimejournal.com/@akshay.chavan/complete-tutorial-on-named-entity-recognition-ner-using-python-and-keras
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Other early language models

Image source

http://noecasas.com/files/slides/contextual_representations.pdf
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OpenAI GPT (Generative Pre-training)

• Pre-training task: next token prediction (causal language modeling)

Image source

A. Radford et al. Improving language understanding by generative pre-training. 2018

http://noecasas.com/files/slides/contextual_representations.pdf
https://www.cs.ubc.ca/~amuham01/LING530/papers/radford2018improving.pdf
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Scaling up transformers
Model Layers Hidden dim. Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

Vaswani et al. Attention is all you need. NeurIPS 2017 (Google)

Source: J. Johnson

https://arxiv.org/abs/1706.03762
https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf
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Scaling up transformers
Model Layers Hidden dim. Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB 4x TPU (4 days)

BERT-Large 24 1024 16 340M 13 GB 16x TPU (4 days)

Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. EMNLP 2018 (Google)

Source: J. Johnson

https://arxiv.org/abs/1810.04805
https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf
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Scaling up transformers
Model Layers Hidden dim. Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB 4x TPU (4 days)

BERT-Large 24 1024 16 340M 13 GB 16x TPU (4 days)

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

Yang et al. XLNet: Generalized Autoregressive Pretraining for Language Understanding. 2019 (Google, CMU)
Liu et al. RoBERTa: A Robustly Optimized BERT Pretraining Approach. 2019 (FAIR, UW)

Source: J. Johnson

https://arxiv.org/abs/1906.08237
https://arxiv.org/abs/1907.11692
https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf
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Scaling up transformers
Model Layers Hidden dim. Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB 4x TPU (4 days)

BERT-Large 24 1024 16 340M 13 GB 16x TPU (4 days)

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 48 1600 ? 1.5B 40 GB

Radford et al. Language models are unsupervised multitask learners. 2019 (OpenAI)

Source: J. Johnson

https://life-extension.github.io/2020/05/27/GPT%E6%8A%80%E6%9C%AF%E5%88%9D%E6%8E%A2/language-models.pdf
https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf
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Scaling up transformers
Model Layers Hidden dim. Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB 4x TPU (4 days)

BERT-Large 24 1024 16 340M 13 GB 16x TPU (4 days)

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 48 1600 ? 1.5B 40 GB

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)

Shoeybi et al. Megatron-LM: Training Multi-Billion Parameter Languge Models using Model Parallelism. 2019 (NVIDIA)

~$430,000 on Amazon AWS

Source: J. Johnson

https://arxiv.org/pdf/1909.08053.pdf
https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf
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Scaling up transformers
Model Layers Hidden dim. Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB 4x TPU (4 days)

BERT-Large 24 1024 16 340M 13 GB 16x TPU (4 days)

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 48 1600 ? 1.5B 40 GB

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)

Turing-NLG 78 4256 28 17B ? 256x V100 GPU

Microsoft. Turing-NLG: A 17-billion parameter language model by Microsoft. 2020

Source: J. Johnson

https://www.microsoft.com/en-us/research/blog/turing-nlg-a-17-billion-parameter-language-model-by-microsoft/
https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf
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Scaling up transformers
Model Layers Hidden dim. Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB 4x TPU (4 days)

BERT-Large 24 1024 16 340M 13 GB 16x TPU (4 days)

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 48 1600 ? 1.5B 40 GB

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)

Turing-NLG 78 4256 28 17B ? 256x V100 GPU

GPT-3 96 12288 96 175B 694 GB ?

Brown et al. Language Models are Few-Shot Learners. NeurIPS 2020 (OpenAI)

~$4.6M, 355 GPU-years

(source)

Source: J. Johnson

https://arxiv.org/pdf/2005.14165.pdf
https://lambdalabs.com/blog/demystifying-gpt-3/#1
https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf
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Scaling up transformers
Model Layers Hidden dim. Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB 4x TPU (4 days)

BERT-Large 24 1024 16 340M 13 GB 16x TPU (4 days)

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 48 1600 ? 1.5B 40 GB

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)

Turing-NLG 78 4256 28 17B ? 256x V100 GPU

GPT-3 96 12,288 96 175B 694 GB ?

GOPHER 80 16,384 128 280B 10.55 TB 4096x TPUv3 (38 days)

Source: J. Johnson

J. Rae et al. Scaling Language Models: Methods, Analysis, & Insights from Training Gopher. arXiv 2021 (DeepMind)

$3,768,320 on Google Cloud (eval price)

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf
https://arxiv.org/pdf/2112.11446.pdf
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Scaling up transformers
Model Layers Hidden dim. Heads Params Data Training

Transformer-Base 12 512 8 65M 8x P100 (12 hours)

Transformer-Large 12 1024 16 213M 8x P100 (3.5 days)

BERT-Base 12 768 12 110M 13 GB 4x TPU (4 days)

BERT-Large 24 1024 16 340M 13 GB 16x TPU (4 days)

XLNet-Large 24 1024 16 ~340M 126 GB 512x TPU-v3 (2.5 days)

RoBERTa 24 1024 16 355M 160 GB 1024x V100 GPU (1 day)

GPT-2 48 1600 ? 1.5B 40 GB

Megatron-LM 72 3072 32 8.3B 174 GB 512x V100 GPU (9 days)

Turing-NLG 78 4256 28 17B ? 256x V100 GPU

GPT-3 96 12,288 96 175B 694 GB ?

GOPHER 80 16,384 128 280B 10.55 TB 4096x TPUv3 (38 days)

PaLM 118 18,432 48 540B ? 6144x TPUv4 

Source: J. Johnson

A. Chowdhery et al. PaLM: Scaling Language Modeling with Pathways. arXiv 2022 (Google)

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf
https://arxiv.org/pdf/2204.02311.pdf


Source
(2013)

https://arxiv.org/pdf/2304.13712.pdf
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Scaling behavior of large language models

J. Kaplan et al. Scaling Laws for Neural Language Models. arXiv 2020

https://arxiv.org/pdf/2001.08361.pdf
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Scaling behavior of large language models

J. Kaplan et al. Scaling Laws for Neural Language Models. arXiv 2020

https://arxiv.org/pdf/2001.08361.pdf
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Scaling behavior of large language models

J. Kaplan et al. Scaling Laws for Neural Language Models. arXiv 2020

https://arxiv.org/pdf/2001.08361.pdf
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GPT-2 and GPT-3

• Key idea: if the model and training datasets are big enough, 
model can adapt to new tasks without fine-tuning

GPT-2: A. Radford et al., Language models are unsupervised multitask learners, 2019

GPT-3: T. Brown et al., Language models are few-shot learners, NeurIPS 2020 (Best Paper Award)

Model Layers Hidden dim. Heads Params Dataset

GPT-2 48 1600 ? 1.5B WebText: 40GB

GPT-3 96 12288 96 175B CommonCrawl (cleaned up): 694GB

http://www.persagen.com/files/misc/radford2019language.pdf
https://arxiv.org/pdf/2005.14165.pdf
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GPT-3

• Key idea: if the model and training datasets are big enough, 
model can adapt to new tasks without fine-tuning

• Few-shot learning: In addition to the task description, the 
model sees a few examples of the task

T. Brown et al., Language models are few-shot learners, NeurIPS 2020

https://arxiv.org/pdf/2005.14165.pdf


46

GPT-3

T. Brown et al., Language models are few-shot learners, NeurIPS 2020

• Key idea: if the model and training datasets are big enough, 
model can adapt to new tasks without fine-tuning

• One-shot learning: In addition to the task description, the 
model sees a single example of the task

https://arxiv.org/pdf/2005.14165.pdf
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GPT-3

T. Brown et al., Language models are few-shot learners, NeurIPS 2020

• Key idea: if the model and training datasets are big enough, 
model can adapt to new tasks without fine-tuning

• Zero-shot learning: The model sees the task description and no 
training examples

https://arxiv.org/pdf/2005.14165.pdf
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Task: Generate news article
Gray: human prompts, 
boldface: GPT-3 
completions

(Three articles 
provided as training 
examples)
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Task: Use new word in sentence
Gray: human prompts, 
boldface: GPT-3 
completions
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Task: Correct grammar
Gray: human prompts, 
boldface: GPT-3 
completions
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GPT-3 creative fiction

https://www.gwern.net/GPT-3

For much, much more, see: https://github.com/elyase/awesome-gpt3

https://www.gwern.net/GPT-3
https://github.com/elyase/awesome-gpt3
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InstructGPT: Reinforcement learning with 
human feedback

L. Ouyang et al. Training language models to follow instructions with human feedback. NeurIPS 2022

https://arxiv.org/pdf/2203.02155.pdf
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ChatGPT

Source

https://twitter.com/tqbf/status/1598513757805858820
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GPT-4

https://openai.com/research/gpt-4 (March 2023)

https://openai.com/research/gpt-4
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GPT-4: Technical details

(Rumor: it has one trillion parameters)

https://www.lesswrong.com/posts/kywRXvv2mhkyfPD84/gpt-4-specs-1-trillion-parameters
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GPT-4: Performance
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GPT-4: Performance
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GPT-4: Performance

For objections, see 
https://aisnakeoil.substack.com/p
/gpt-4-and-professional-
benchmarks

https://aisnakeoil.substack.com/p/gpt-4-and-professional-benchmarks
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GPT-4: Visual input
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AGI or hype?

S. Bubeck et al. Sparks of artificial general intelligence: Early experiments with GPT-4. arXiv 2023

https://arxiv.org/pdf/2303.12712.pdf
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LLM critiques: Stochastic parrots or sentient 
entities?*

https://www.technologyreview.com/2020/12/04/1013294/googl
e-ai-ethics-research-paper-forced-out-timnit-gebru/

E. Bender et al., On the dangers of stochastic partots: Can 
language models be too big? FAccT 2021

https://www.cnn.com/2022/07/23/business/goog
le-ai-engineer-fired-sentient/index.html

*Asking either question will get you fired from Google

https://www.technologyreview.com/2020/12/04/1013294/google-ai-ethics-research-paper-forced-out-timnit-gebru/
https://dl.acm.org/doi/pdf/10.1145/3442188.3445922
https://www.cnn.com/2022/07/23/business/google-ai-engineer-fired-sentient/index.html
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More LLM concerns

• Bias and toxicity

• Hallucination

• Leakage of private information

• Exploitation of crowd workers, users

• Access and reproducibility

• Carbon footprint

• Potential for purposeful misuse (e.g., misinformation generation)

• Potential for destroying jobs (e.g., writers, editors, programmers, 
teachers, academics)

• All that AGI stuff…



谢
谢


