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Instruction tuning — finetuning LLMs on tasks phrased as natural language instructions — substantially improves zero-shot performance
on unseen tasks.
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Idea: Instruction Tuning
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Method : Overview
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Finetune on many tasks (“instruction-tuning”)

Input (Commonsense Reasoning) | Input (Translation)
Here is a goal: Get a cool sleep on Translate this sentence to
summer days. Spanish:

How would you accomplish this goal? The new office building
was built in less than three

OPTIONS:

-Keep stack of pillow cases in fridge. months.

-Keep stack of pillow cases in oven. Target

Target El nuevo edificio de oficinas
keep stack of pillow cases in fridge se construyo en tres meses.

Sentiment analysis tasks
Coreference resolution tasks

\

S
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Inference on unseen task type

| Input (Natural Language Inference)

Premise: At my age you will probably
have learnt one lesson.

Hypothesis: It's not certain how many
lessons you'll learn by your thirties.

Does the premise entail the hypothesis?

OPTIONS: -
-yes | [-itis not possible to tell | [ -no

FLAN Response
It is not possible to tell
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Translation Summarization Struct-to-Text Sentiment
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Method @) Instruction

Instruction Template C} 23}

Template 1 Based on the paragraph, can we conclude that <hypothesis>?

Template 2 Can we infer the following?

<premise> / <hypothesis>

Read the following and determine if the hypothesis can be
inferred...

"Turned task around": premiseE M &5IE== R & S (diversity
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Results: Zero-Shot FLAN vs GPT-3

vs 175B GPT-3

instruction tuning= o™

O &2 QU O 2 298 012 4 UL

datasets 0f| A datasets 0f| A
zero-shot GPT-3 = 1} few-shot GPT-3&= =1t

F R Task 4= H| 1 (Zero-Shot)

LaMDA-PT (base) GPT-3 Zero-Shot GPT-3 Few-Shot FLAN Zero-Shot %

NLI (avg)

Reading Comp (avg) 61.6 63.7 72.6 77.4
Closed-Book QA (avg) 48.2 49.8 55.7 56.6
Translation (EN—FR) 11.2 25.2 32.6 33.9
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Analysis
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Average zero-shot accuracy
on 13 held-out tasks (%)

Performance on held-out tasks
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Scaling Instruction-Finetuned
Language Models

Flan / FLAN-T5 After FLAN (2022)

Chung, Hou, Longpre, Zoph, Tay, Fedus, Wei et al. - Google - NeurlPS 2022
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Held-out tasks
4 4 . )
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Without chain-of-thought With chain-of-thought
4 N 17
) Answer the fgllowing Answer the following yes/no question A haiku_ is a japanese
Instruction yes/no question. by reasoning step-by-step. three-line poem.
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Results: Flan Finetuning2| 4 1}
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@ coT OO0l & : Zero-Shot CoT — PaLM vs Flan-PaLM

Input

PaLM
540B

Flan-PaLM
540B

Disambiguation QA Snarks (Sarcasm)

QS SN HHAIS| HHALE
AYSIHLE, 2S6ICH D THCEHGE2).
Sentence: ~, Options: (A), (B), (C) Ambiguous

The reporter and the chef will discuss their
favorite dishes....— X 2 20| &5t X %S

Does not indicate whose dishes

— v The answer: (C) Ambiguous

Which is sarcastic?

Wow thats crazy, I've never had a takeout
meal that used (A)hardwood/(B) plastic
containers before!

What is sarcasm? The use of irony...
S X P S (AR LS
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Takeaway

FLAN (2022- 22) — Flan-T5 / Flan-PaLM (2022- 108!) — InstructGPT — ChatGPT / Claude
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Chune et al. (2022). Scaling Instruction-Finetuned Language Models. NeurlPS 2022. -

oithub.com/google-research/t5x/blob/main/docs/models.md#flan-t5-checkpoints
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