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Why language models become so BIG?

4

GPT-4? 


Excerpt from a tweet of Maximilian Ahrens, https://twitter.com/_MaxAhrens_/status/1285228257252646914?s=20&t=5nCuQj0BKo5-jKATl8Nd3g



Why BIG? Because of Scaling Laws 
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주어진 Computing Budget 💰안에서 최적의 성능을 낼 수 있는 건, 
더 많은 양의 Datasets 📝와 더 큰 모델 Parameters 🤖 사이즈!

Kaplan, Jared, et al. "Scaling laws for neural language models." arXiv preprint arXiv:2001.08361 (2020).



History of GPT-3
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Model Training Method Dataset Ability

GPT-3 LM Training Corpus, WebText Generation
+ World Knowledge
+ In-context Learning

Codex 
(GPT-3.5)

+ Training on text & code
+ Tuning on Instruction

+ Codex Data
+ Instruction

+ Code Understanding
+ Code Generation
+ Complex Reasoning 
(Chain-of-Thought)

InstructGPT 
w/ RLHF

+ Instruction tuning 
   w/ RLHF

+ More Instructions (~30k)
+ Summarization 
   w/ human feedback

+ Follow Human Value
+ More detailed Generation
+ Zero-shot Generation



In 2022, breakthroughs in machine learning

7

ChatGPTModel Training Method
(unconfirmed)

Dataset
(unconfirmed)

Ability
(estimated)

ChatGPT + Tuning on Dialogue 
   w/ RLHF

+ More Instructions
+ Dialogue (+QA) Data
   w/ human feedback

+ Follow Human Value
+ More detailed Generation
+ Follow Dialogue Context
+ Rejection?
- In-context Learning



When ChatGPT falls short…
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Shaikh, Omar, et al. "On Second Thought, Let's Not Think Step by Step! Bias and 
Toxicity in Zero-Shot Reasoning." arXiv preprint arXiv:2212.08061 (2022).



Why Reinforcement Learning from Human Feedback?

How do you create / code a Loss Function for:

● What is funny?
● What is ethical?
● What is safe?

Application-to-Criteria:

● Question Answering: Factual Correctness, …
● Story Generation: Creativity, …
● Summarization: Accuracy, Coherence, Coverage, …
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“그게 유우머?!”
“도덕적이면서 사회 통념에 맞는 문장?!..”

=> “사람은 이런 가치들을 어떻게 판단하나?”



History: early OpenAI experiments with RLHF
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“아기 돼지 삼형제는 
비열한 늑대로부터  자신들을 

보호한다”

❓ Why Summarization

1. SHORT ⚡
2. INFO 🎯
3. COHERENT 😉

❗ Not Easy to formulate

Unlike a traditional classification task, Summarization is not straightforward.



History: early OpenAI experiments with RLHF
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“아기 돼지 삼형제는 
비열한 늑대로부터  자신들을 

보호한다”

📊BLEU, ROUGE Metrics :

“Best we have, but Not Good Enough” 😰

“세마리의 돼지는 배고픈 늑대를 피해 
집을 짓는다”

“세마리의 작은 돼지들은 집을 지음으로써  
배고픈 늑대로부터  자신들을 보호한다”

“세 마리의 돼지가 집을 지어 늑대로부터  
탈출하고, 셋째 돼지가 벽돌을 사용하여 

성공한다.”

Worse, most LM still trained with simple Next Token Prediction loss (e.g., Cross Entropy)

Objectives:
1. SHORT ⚡
2. INFO 🎯
3. COHERENT 😉



History: early OpenAI experiments with RLHF
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Stiennon, Nisan, et al. "Learning to summarize with human feedback." 
Advances in Neural Information Processing Systems 33 (2020): 3008-3021.



History: early OpenAI experiments with RLHF
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Stiennon, Nisan, et al. "Learning to summarize with human feedback." 
Advances in Neural Information Processing Systems 33 (2020): 
3008-3021. 

Human Feedback model is better than Reference Summaries



History: early OpenAI experiments with RLHF
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InstructGPT : Aligning LM to Follow Instructions
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Modern RLHF overview

Lambert, Nathan. “Illustrating Reinforcement Learning from Human Feedback”, Dec 9, 2022,  https://huggingface.co/blog/rlhf



Step #1 Language model pretraining
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Common training techniques in NLP:
- Unsupervised sequence prediction
- Data scraped from web
- No single answer on “best” model size 
  (10B - 280B parameters)

Dataset (Instruct Data):
- Reddit, other forums, news, books
- Pay humans to write responses to existing prompts (💰💰💰)
- Considered high quality initialization for RLHF (SFT)

Lambert, Nathan. “Illustrating Reinforcement Learning from Human Feedback”, Dec 9, 2022,  https://huggingface.co/blog/rlhf



Step #2 Reward model training 

18

How to capture human values/sentiments 
in samples and curated text?

Goal of Reward Model: 
INPUT: text 📰 
→ 
OUTPUT: Reward 🔢(🥇, 🥈, 🥉)

Lambert, Nathan. “Illustrating Reinforcement Learning from Human Feedback”, Dec 9, 2022,  https://huggingface.co/blog/rlhf



Step #2 Reward model training - dataset 
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Prompts (input) dataset:
- Prompts for specific use-case model will be used for 
- Much smaller than original pretraining! 
  (InstructGPT: ~33K)

Generating data to rank:
- Often use multiple models to create diverse ranking
- Set of prompts can be from user data (e.g. ChatGPT)

Lambert, Nathan. “Illustrating Reinforcement Learning from Human Feedback”, Dec 9, 2022,  https://huggingface.co/blog/rlhf



Step #2 Reward model training 
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Reward model:

- Also transformer-based LM

- Size varies by policy

  (e.g., InstructGPT: 6B)

- Outputs scalar from text input

Lambert, Nathan. “Illustrating Reinforcement Learning from Human Feedback”, Dec 9, 2022,  https://huggingface.co/blog/rlhf



3. Fine tuning with RL

21

Lambert, Nathan. “Illustrating Reinforcement Learning from Human Feedback”, Dec 9, 2022,  https://huggingface.co/blog/rlhf



3. Fine tuning with RL - KL penalty
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Constrains the RL fine-tuning to not 
result in a LM that outputs gibberish 
(to fool the reward model).

Note: DeepMind did this in RL Loss 
(not reward), see GopherCite

Kullback–Leibler (KL) divergence:
Distance between distributions

Lambert, Nathan. “Illustrating Reinforcement Learning from Human Feedback”, Dec 9, 2022,  https://huggingface.co/blog/rlhf



3. Fine tuning with RL - combining rewards

23

Reward to match original 
human-curation distribution
(Public NLP datasets)

Ouyang, Long, et al. "Training language models to follow instructions with human 
feedback." arXiv preprint arXiv:2203.02155 (2022).

Lambert, Nathan. “Illustrating Reinforcement Learning from Human Feedback”, Dec 9, 2022,  https://huggingface.co/blog/rlhf



3. Fine tuning with RL - feedback & training
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- Policy gradient updates policy LM directly.
- Often some parameters of policy LM are frozen.

Proximal Policy Optimization (PPO)
- On-policy algorithm
- Works with discrete or continuous
- Optimized for Parallelization

Lambert, Nathan. “Illustrating Reinforcement Learning from Human Feedback”, Dec 9, 2022,  https://huggingface.co/blog/rlhf



(Recent) ChatGPT
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Rumors:

- 10x on Human annotation budget

- Modification of RLHF training

Picture Excerpt from https://lifearchitect.ai/chatgpt/
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Can We Do Better?

● Factual Correctness
○ Wrong Info

■ Fabricate information + Hard to correct on-the-fly

○ No Retrieval from the Internet

■ Very Static, Only know what is in their weights

● 역대급 챗봇! 하지만 사람과 이야기하는 느낌은?
○ Too Lengthy

○ Repetitive Expressions

○ Lack of Human-like Expressions

27



How Far from Human? - 1. Factual Correctness

28

ChatGPT may fabricate facts

e.g., 
- 없는 법조문을 근거로 제공
- 없는 의학/약물을 생성

Guo, et al. "How Close is ChatGPT to Human Experts? Comparison Corpus, 
Evaluation, and Detection." arxiv:2301.07597 (2023) 

For Factual Correctness,
대화 주제 관련 정보를 분리해 별도로 
명시한다면  
(흡사 Retrieval?!)



- Helpfulness: Check helpfulness of 🤖 ChatGPT over Human

- Poor in Medical:  Direct, Straight-forward  <-> 🤖 Lengthy, Indirect 
- 획일화된 Instruction 가이드를 따라 생성하기에 , 다양한 상황 인지를 통한 적절한 발화양식을  
보여주기 어려움

How Far from Human?  - 2. Lengthy & Indirect

29

Guo, et al. "How Close is ChatGPT to Human Experts? Comparison Corpus, 
Evaluation, and Detection." arxiv:2301.07597 (2023) 

MedDialog

  * 상황, 화자 관계에 대한 Meta Information를 준다면?!



How Far from Human?  - 3. Diverse & Creative Expression

딸: “이따 저녁 먹어요”

어머니: “?”

딸: “빵이나 옥수수 같은 거 먹지말고”

어머니: “이미 먹고 있다”

딸: “ㅋㅋㅋㅋㅋㅋㅋㅋㅋ”

딸: “안돼 엄마 당수치 올라가”

어머니: “안먹고 어떻게 사니”
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🤖 Strictly focused on the given question Divergent and easily shift to other topics

Guo, et al. "How Close is ChatGPT to Human Experts? Comparison Corpus, 
Evaluation, and Detection." arxiv:2301.07597 (2023) 



Human can express in creative, imaginative ways

How Far from Human?  - 3. Diverse & Creative Expression

31

Guo, Biyang, et al. "How Close is ChatGPT to Human Experts? 
Comparison Corpus, Evaluation, and Detection." arXiv preprint 
arXiv:2301.07597 (2023).

Holtzman, Ari, et al. "The Curious Case of Neural 
Text Degeneration." International Conference on 
Learning Representations.



Table of Contents

1. Reinforcement Learning Human Feedback (RLHF) and ChatGPT 

2. Limitation & Differences

3. Our approach (Not related to Samsung…)

32



33
Fu et. al., "How does GPT Obtain its Ability? Tracing 
Emergent Abilities of Language Models to their 
Sources" 

Ability (Reasoning) =

Dataset (Codex)
     +
Approach (By instructions)

How does GPT Obtain its Ability?



Back to human-to-human dialogue

딸: “이따 저녁 먹어요”

어머니: “?”

딸: “빵이나 옥수수 같은 거 먹지말고”

어머니: “이미 먹고 있다”

딸: “ㅋㅋㅋㅋㅋㅋㅋㅋㅋ”

딸: “안돼 엄마 당수치 올라가”

어머니: “안먹고 어떻게 사니”

34

  (건강 챙겨야지 엄마 ㅋㅋ)

Guo, et al. "How Close is ChatGPT to Human Experts? Comparison 
Corpus, Evaluation, and Detection." arxiv:2301.07597 (2023) 

  (딸아, 이미 먹고 있잖니…
       그리고 난 계속 먹을거야…)

🤖  (안된다구?! 그럼 다른 걸로?)

화자 간의 관계, 현재 상태, 그리고 대화의 주제에 따라 대화의 흐름이 
달라진다.



Current Dialogue datasets

Task-oriented Dialogue Open-domain Dialogue

35
Han, Ting, et al. "MultiWOZ 2.3: A multi-domain task-oriented dialogue dataset 
enhanced with annotation corrections and co-reference annotation." Natural 
Language Processing and Chinese Computing: 10th CCF International Conference, 
NLPCC 2021

Xu, Jing, Arthur Szlam, and Jason Weston. "Beyond Goldfish Memory: 
Long-Term Open-Domain Conversation." Proceedings of the 60th Annual 
Meeting of the Association for Computational Linguistics (Volume 1: Long 
Papers). 2022.

Xu, Jing, et al. "Learning New Skills after Deployment: 
Improving open-domain internet-driven dialogue with human 
feedback." arXiv preprint arXiv:2208.03270 (2022).



Objectives of Our Project
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For efficient dialogue modeling, possibly explainable modeling, HOW?

  - How to track dialogue flow efficiently?

  - How to ensure semantic richness?

  - How to reflect logic of speaking?

-> Dialogue Acts

-> NL description

-> Chain-of-speech



1 Overview of Dialogue Act
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사진 출처: 조원익 2020. OmniKSA https://github.com/warnikchow/omniKSA



1 Overview of Dialogue Act

38

General-purpose function:

발화를 통해 화자가 의도하는 것

Bunt, Harry, et al. "Towards an ISO standard for dialogue act annotation." (LREC'10). 2010.

딸: “빵이나 옥수수 같은 거 먹지말고” 

-> Request

어머니: “이미 먹고 있다”

-> Decline Request (+ Inform)



1 Dialogue Act - (Semantic) Content

- Communicative Functions를 통해 전달하고자 하는 정보 (컨텐츠)

- 응답 생성의 기반이 되는 / 원하는 응답 Control을 위한 Dimension

딸: “빵이나 옥수수 같은 거 먹지말고” 

-> Request + “빵이나 옥수수 먹지 않기”

어머니: “이미 먹고있다”

-> Inform + “빵 혹은 옥수수를 먹고 있음”

39

요청 사항

전달하고자 하는 정보



2 Semantic richness by NL description - Qualifiers

- Qualifiers (Modality, Mode, Conditionality, Partiality) 

40

An Example of Mode & Conditionality:

  SPK1: “커피 드릴까요?” 

  SPK2: “네 ㅎㅎ, 공유가 내려주는 카누로요~”

  -> Accept Offer 

  + 웃으며 (happy), 

     조건부로 제의를 받아들인다.

  + 조건: “커피가 (공유가 내려주는) 카누이어야 함”



2 Semantic richness by NL description - Relation

- Relation of utterances (Justification, Explanation, Elaboration)

41

An Example of Relation:

  어머니: “두부찌개 해놨다” 

  딸: “두부찌개 싫은데….”

  어머니: “그냥 먹어라”  (Request)

  어머니: “밖에서 사먹는거 보다 몸에 좋다” 

  -> Inform

  + 이전 요청을 뒷받침하기  위해 (추정) 사실 제시 (Justification)

  + (추정) 사실: “두부찌개가  밖에서 사먹는 음식보다 몸에 좋음”, 이전_요청: “...”

Justification 



3 Overview of Chain-of-thought

42
Wei, Jason, et al. "Chain of thought prompting elicits reasoning in large language models." arXiv preprint arXiv:2201.11903 (2022).



3 Chain-of-Speech -  

- 발화가 내포하고 있는 의미/사실(정보) 흐름을 명시한다. (Implicit -> Explicit)

- 대화 진행 과정에서, 화자 간 전달되는 정보를 반영

   (Facts, Commonsense, Belief/Guess)

43

 Chain-of-speech

1. 빵이나 옥수수를 먹으면 당수치가 올라감. 
2. 건강하기 위해선 당수치 조절이 필요함.
3. 딸은 어머니의 건강을 염려함.

어머니: “이미 먹고 있다”

…

딸: “안돼 엄마 당수치 올라가”



- RLHF를 통한 Chain-of-speech (CoS) 생성 + CoS를 통한 응답 생성

3 Chain-of-speech 

44
Kojima, Takeshi, et al. "Large Language Models are Zero-Shot Reasoners." 
ICML 2022 Workshop on Knowledge Retrieval and Language Models.



Data schema

1. Dialogue Act (modified)

2. NL Description

3. Chain-of-speech

45

1. DA: Request
2. NL_Desc: “이전 요청을 한번 더 강조한다.”
3. Chain-of-speech: 
[이전 요청: “빵이나 옥수수 같은거 먹지말고"],
[“빵이나 옥수수를 먹으면 당수치가 올라감.”, 
 “건강하기 위해선 당수치 조절이 필요함.”,
 “딸은 어머니의 건강을 생각함.”]

딸: “빵이나 옥수수 같은거 
먹지말고"

…

딸: “안돼 엄마 당수치 올라가”



Objectives of our dataset

1. Expose Communicative Functions and Semantic Contents separately

Controllability

Detailed & Efficient Modeling

2. Construct Chain of Speech

Reasoning

Explainability
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Takeaways

“새로운 데이터와 벤치마크의 출현은 늘 모델 성능 향상을 견인해왔다.”

“GPT-3의 발전사에서 보듯, 새로운 데이터를 활용 했을때 새로운 능력을 얻었다.”

“X->Y 이상의 결과를 얻기 위해선 X, Z -> Y’ 처럼 기존에 없었던 Z를 구해야한다.”

“우리가 대화에서 의미있는 Z를 얻기 위해선 무엇을 보아야할까?”
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Any Question?
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jongwonlee0722@gmail.com


