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• Instruction-tuning dataset을 만들고자하는시도

1. Manual annotation: 높은품질, 그러나 labor-intensive & costly

2. Distillate from a larger LLM: teacher LLM의능력(factuality, problem solving skills)을 받기보단모방

• Dataset repository의 annotation을 instruction tuning data로 만드는 DYNOSAUR 제안

• HuggingFace Dataset Platform🤗의메타데이터활용

• 데이터셋에대한 description, name, data fields, annotation 등

Given a Gutenburg passage, generate its title

Predict the year when the book is published based on book title and authors

1. Introduction

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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Contributions

• Lower conversion cost

• $11.5 for 800k instruction-tuning data ($500 for 52k instances – ALPACA, Instruction GPT-4)

• Effectiveness of instruction-tuning data

• SUPER-NI에 대해 T5-3B, LLaMA-7B 모두 DYNOSAUR에학습된모델이학습데이터가더비싼 ALPACA, 

INSTRUCTION GPT-4, DOLLY보다좋은성능

• Supporting continuously improving models with new instruction data

• 계속업데이트되는많은양의데이터를 low cost (gpt-3.5-turbo) 덕분에적극활용이가능

• 𝐾개의태스크에학습된모델과새로운 𝐿개의태스크가있을때 generalization 능력과 forgetting을 줄이는

continual 학습방법제안

1. Introduction

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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Metadata Collection

• Dataset name: 이름에도메인혹은태스크정보가들어가있기도함

• Dataset description: 자세한정보, motivation, summary 등이들어가있기에 LLM이 instruction 만들때

도움이될것으로예상

• Data fields and annotations: data fields는 annotation의 key로 저장되어있음. LLM은어떤 field를

input/output으로사용할지결정해야함

2. Collection of DYNOSAUR Data

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation

{
“title”:…,
“text”:…,
“author”:…,
“subjects”:…,
“issued”:…
}
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DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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Instruction and input/output field generation

• LLM은 task instruction과 input, output field를생성해야함

• In context learning이용:

• 각데이터셋을 dictionary 형태로주고, 4개의예시를직접만든후그중 2개를보여줌

• Description(데이터,태스크제작의도를포함)을줄지말지에따라 2개의세팅

• Description-aware generation: 데이터셋의원래의도에맞춘태스크를생성할수있도록하기위함

• Description-unaware generation: input/output field를 활용해다양한 potential 태스크를생성할수있도록

하기위함

2. Collection of DYNOSAUR Data

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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Post-processing

• Filtering invalid tasks: 

• 1) 존재 X인 data field의 태스크인경우, 2)1개 이상의 output field 가진경우, 3) input/output 필드겹치는경우

• Description-aware & -unware 에서태스크겹치는경우중복생략

• Organizing instruction data

• Input에 1개의 field만 있는경우그 value가 그대로쓰이며 2개이상인경우 “The [field name] is [value of 

the field].”형태로쓰임

2. Collection of DYNOSAUR Data

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation

9 / 31



DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation

10 / 31



Statistics and Cases

• 2,911 English datasets from HuggingFace (Feb 23, 2023)

• GPT-3.5-turbo에 넣고 13,610 개의태스크를생성하도록함

• 각태스크마다 200개의 sample을 뽑아총 801,900 개의

샘플로구성된 DYNOSAUR 데이터셋

2. Collection of DYNOSAUR Data

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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2. Collection of DYNOSAUR Data

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation

12 / 31



3. Experiments 

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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3. Experiments

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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• Replay method (이전에학습된태스크중선택하여이후에도학습) 활용하여 continual learning

• Do we need to replay history tasks?

• Shall we replay tasks based on instructions or data?

• Which tasks to replay?

• 실험세팅

1. No Replay: replay 태스크없이학습

2. Instr. Diverse: current stage와 representation 기준으로가장다른 last stage의 태스크 replay

3. Instr. Similar: current stage와 가장비슷한 last stage의 태스크 replay

4. Instr. Support: last stage의 가장 representative 태스크 replay

5. Data Diverse: example data와 similarity 기준으로다양한 task replay

4. Continual Learning with Dynamically Growing Datasets

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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4. Continual Learning with Dynamically Growing Datasets

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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• 기존데이터플랫폼을활용하여 instruction 데이터증강하는방법론제안

• Continual learning 방법론제안한다했으나사실상제안은아니고실험만

• Research scope와 limitation이 명확

• 데이터와코드공개하여데이터확장에쓰기는유용할듯

• https://github.com/WadeYin9712/Dynosaur/tree/main

5. Conclusion

DYNOSAUR: A Dynamic Growth Paradigm for Instruction-Tuning Data Curation
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• General domain에서성공적인 LLM, specific domain에서의

성능향상을위한최근연구들

• Domain-specific instruction 생성의두가지방향:                         

1) human-curated 2) data generated by LLMs

• 하지만현재방법론들은그림과같이넓은범위의 potential 

instruction을 cover하기어려움 – human curation에 대한

과도한의존?

• Explore-Instruct 제안을통해 domain-specific instruction 

data의 coverage를 늘리고자함

1. Introduction

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration

19 / 31



• Domain space를 tree라고간주하고 traverse하며새로운 instruction 데이터를생성

• Look ahead: potential fine-grained sub-tasks를 탐구

• Backtracking exploration: 검색범위를늘리기위한대체 branch를찾아 domain 스펙트럼넓힘

• Explore-Instruct의 효과를 rewriting, brainstorming, math 도메인에실험

1. Introduction

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration

20 / 31



• Domain-specific instruction의 coverage는 breadth, depth에크게영향을받을것이라가정

• Breath: 도메인내태스크다양성

• Depth: 도메인내전문성

• Domain space를 tree 𝒯, node 𝑉는 task, edge 𝐸 태스크간 hierarchical relationship (task-subtask) 

으로모델링

2. Methods – Domain Space Representation

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration
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Lookahead Exploration

• Depth 방향으로 domain space를 탐색

• Task 𝑉!가있을때 LLM은이를 𝒯에존재하는𝑀개의 sub-task로 나눔

Backtracking Exploration

• Search boundary를 넓히고다양성을높이기위해 alternative branches를 찾음

• 𝑉"가있을때 parent 𝑉!를찾고, LLM이 𝑉!의 breadth-wise 𝑀 sub-task를 탐색하도록함

2. Methods – Active Exploration Strategy

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration
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2. Methods

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration
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Baselines: 

(1) Domain-specific human-curated: SuperNI, randomly selected 

10,000 samples

(2) Domain-aware self-instruct: LLM이만든 Explore-Instruct의 seed 

collection (depth 𝐾=0)

Statistics

• Unique V-N pairs의 수기준으로 Explore-Instruct 데이터셋이가장다양함

– 특히 rewriting, math 도메인에서더

3. Data-Centric Analysis

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration
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3. Data-Centric Analysis

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration

다양한 V-N pair

기존 instruction과의
Overlapping R-L dist.
제안하는방법이
가장적은중복보임
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• Benchmarks: 

• Rewriting: BELLE (translated)

• Brainstorming: BELLE (translated)

• Math: 500 questions from MATH

• Baselines (LLaMA 7B):

• Explore-LM: Explore-Instruct로 학습된모델

• DomainCurated-LM: Human-Curated 데이터로학습된모델

• Domain-Instruct-LM: Domain-Aware Self-Instruct 데이터로학습된모델

• 학습 Data: 10,000 samples from each subtasks

4. Experimental Settings

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration
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5. Results and Analysis

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration
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5. Results and Analysis – Human evaluatioin

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration
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• 도메인내에서다양한, 세부적인태스크를요구하는경우 instruction augmentation용으로사용가능할듯

• Rewriting, brainstorming, math만 뽑은이유가불명확

6. Conclusion

Explore-Instruct: Enhancing Domain-Specific Instruction Coverage through Active Exploration
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