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AI systems today: remarkably good

‘About as good as the average human’ on 
150 tasks across linguistics, math, biology, physics, programming, and other topics

[PaLM, Chowdhery et al 2020]



Large language models (LLM)– how are they made?

Step 1 - Training: learn to autocomplete text on the internet

Maybe we don’t just want to mimic users on the internet..



Large language models (LLM)– how are they made?

Step 2 - Feedback: explicitly reinforce desired behaviors identified by annotators

[Ouyang 2022]



Examples of instruction-following models

Instruction-following
• Makes models easier to use (zero-shot)
• Sets models to respond in a particular style 



Instruction-following -- history

Transformers and notable models: a history

[https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376]

Key developments:
• GPT3 (base model)
• InstructGPT (Ouyang)
• Flan-T4 (open instruct)
• LLaMA (open base model)
• Alpaca/Vicuna/OA



Major turning point – LLaMA release

Open, high-performance language model from 7 to 65B parameters on-par with GPT3



Instruction-following: open models today



Explosion of instruction following models

[https://ai.v-gar.de/ml/transformer/timeline/,  shown as-is with some inaccuracies]

Major classes of instruction data:
• Human-only
• GPT-generated
• ShareGPT



Human-generated instruction data

Model Methods known Data/License

InstructGPT Paritally Not available

FLAN-T5 Yes Open

Dolly Yes Open

OpenAssistant/Guacano Yes Open

LLaMa 2-chat No Not available

Pros/cons human-generated data
+ Can be permissively licensed
+ Can be high quality (with $$$)
-  Hard to engineer, high-cost



InstructGPT

Based on the openAI paper (3/22)

Introduces both instruction tuning (SFT) and RLHF (PPO).



Reminder

[Ouyang 2022]



Main finding

Even a tiny model (PPO-ptx, 1.3B) with SFT+RLHF outperforms the full 175B GPT3 



InstructGPT models

Slow (but continual) advancements in instruction following by openAI

[https://matt-rickard.com/gpt-lineage]



What kind of data?
Examples form the OpenAI API:



Adding RLHF, ChatGPT, and GPT4

Adding RLHF helps Continues to be used in GPT4



Flan-T5
Instruction fine-tuning with a large number of (public NLP) tasks.

Uses the encoder-decoder style T5 architecture.



Performance

Good benchmark numbers



Data distribution



OpenAssistant/Guacano

Organization under LAION – crowd driven data collection



OpenAssistant performance

Combined with efficient fine-tuning (QLoRA) = Guacano



LLaMa2-chat



LLaMA2-chat data

(Not public) – 27,540 high-quality chat style examples + FLAN



GPT-Generated instruction data

Model Methods known Data/License

Self-instruct Yes Open

Alpaca Yes Non-commercial

WizardLM Yes Non-commercial

UltraLM Yes Non-commercial

Orca Yes Not available

Phi-1 Yes Not available

Pros/cons GPT-generated data
- Cant be used to train GPT competitors 
+ Very low cost
+ Easy to design complex data collection methods



Self-instruct

Core q: can LMs generate their own instruction-following data?



Alpaca

Self-instruct style learning, but from Davinci to LLaMA

Demonstrated the viability of very low-cost instruction tuning w/ LLaMA



Alpaca

Many variations since release

• GPT4ALL (Alpaca, but with GPT4 
instead of davinci-003)

• Alpaca-Lora (low resource 
finetuning)

• Codealpaca (Code)

• WizardLM (complex refinement 
process, next slide)

• UltraLM (multitask version)

• Orca (reasoning)

[https://github.com/RUCAIBox/LLMSurvey]



WizardLM

Variation with continual prompt refinement and elimination



UltraLM

Variation with massively more task sets and new human seed instructions (1.4 mil)



Orca

Change the type of supervision learned



Phi-1 (Textbooks are all you need)



“Textbook” data

Synthetically generate textbooks



ShareGPT-based data (Vicuna/OpenChat)

Vicuna

Pros/cons ShareGPT
+ Real human conversations
- Fixed dataset
- Tricky license 



A very useful survey



Evaluation of different data

Careful eval of instruction tuning on many benchmarks



Other aspects of instruction following models

Limits of fine-tuning

RLHF 

Safety and security



Debate on the limits of fine-tuning

Very small amount of fine-tuning + large models does very well



Limits of fine-tuning

Some have argued this is inherent to model generated data

Observation

- Performance plateaus quickly

- Benchmark performance saturates

Issues

- No demonstration human data fares better

- Unclear if trivia-style QA is the right eval for fine-tuning



‘Beyond style’ for fine tuning

Recent works (Orca, Phi-1) demonstrate the power of small models + careful data



RLHF: The next frontier

RLHF – often considered to be a key part of performance



AlpacaFarm

Low cost ways of developing new RL strategies



Low cost replication of gains from PPO



Safety and security

Stronger instruction-following abilities enable misuse

Obfuscation

(XOR obfuscation of malware)

Payload splitting

(Staged payloads / code injection)

Virtualization

(Hyperjacking)



Unsolved problems in security

Main idea: find the single-token swaps that maximize the probability of saying “sure here is ..” using gradients



Conclusion

Instruction following data shapes the behavior of LLMs – how should we collect it?

Emerging high-quality, human data

Innovations from LLM driven instruction-datasets

Continuing improvements in open model performance

Future frontiers: RLHF, Safety/Security
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