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Introduction to FLAN

• GPT-3 performed few-shot learning remarkably well

• Zero-shot performance is much worse than few-shot performance on tasks such as

o Reading comprehension, Question answering and Natural language inference

Without few-shot exemplars, performance drops on prompts differing from pretraining data

• Finetuning a Language model on a collection of NLP tasks describe using instructions

• FLAN performs tasks that it hasn’t been seen before via instructions

Instruction 
Tuning

FLAN

Finetuned Language Net

137B parameter LaMDA-PT 
using 60 NLP dadtasets

Decoder only model



Introduction to FLAN

• Clustered NLP datasets by task type

• Hold out each cluster for evaluation while instruction tuning FLAN on all other clusters

FLAN > 0-shot LaMDA-PT

FLAN > 0-shot 175B GPT-3 on 2-/25 datasets

FLAN > Few-shot GPT-3

FLAN > 0-shot GLaM on 13/19 datasets

FLAN > 1-shot GLaM on 11/19 datasets



Instruction Tuning 

• Combines strengths of pretrain–finetune and prompting paradigms  

• Utilizes supervision via finetuning to enhance model performance  

• Improves language model responses during inference-time interactions  



Tasks and Templates

• 62 Datasets, Each dataset is categorized into one of 12 task clusters (Blue = NLU, Teal= NLG)

• Datasets in a given cluster belong to the same task type



Tasks and Templates

• Each dataset has 10 unique templates using NLI to describe the task 

o Most templates describe the original task to increase diversity

o ≤ 𝟑 templates modify the task (“turned the task around”)

      (e.g., for sentiment classification  author includes templates asking to generate a movie review)

• Each dataset's examples are formatted using a randomly selected instruction template



Evaluation Splitting and Classification Options

Evaluation Splits:

• Consider datasets D unseen at evaluation time if no datasets from any task clusters that D belongs to 

were seen during instruction tuning

• Example: Evaluate on NLI tasks while finetuning on translation and sentiment analysis

Classification with Options:

• Classification tasks used rank classification approach

o Only two outputs ("yes/no") to make the model aware of valid choices

• FLAN improves by explicitly listing options

• Makes the model aware of which choices are desired when responding to classification tasks

• Example: For NLI, it appends "yes/no/it is not possible to tell."



Training Details

• Model: LaMDA-PT, a 137B parameter decoder-only (dense left-to-right) transformer

• LaMDA-PT only has language model pretraining (c.f. LaMDA finetuned for dialog)

• Pretraining: 

o 2.49T BPE tokens from web documents, dialog data, and Wikipedia

o 32k Vocabulary using the SentencePiece library

o 10% pretraining data was non-English

• To balance the different size of datasets: limit the # of training examples per Dataset to 30k

• Follows examples-proportional mixing scheme with a mixing rate maximum of 3k

• Finetuning: 30k gradient steps, batch size of 8,192 tokens, Adafactor optimizer with learning rate 3e-5

• Time: ~60 hours on TPUv3 with 128 cores



Instructions comparison



Performance of FLAN

FLAN outperforms GPT-3 on 20 out of 25 datasets

Tasks: NLI, reading comprehension, closed-book 

QA, translation

Key datasets: ANLI, RTE, BoolQ, AI2-ARC, 

OpenbookQA, StoryCloze

• Effective on tasks naturally verbalized as 

instructions (e.g., NLI, QA, translation, struct-

to-text) 

• Less effective on tasks directly formulated as language modeling, where instructions would be largely 

redundant (e.g., commonsense reasoning and coreference resolution tasks that are formatted as finishing 

an incomplete sentence or paragraph)



Performance of FLAN

• Improved performance than zero-shot 175 GBT-3 on 20 of 25 datasets

• Outperforms few-shot GPT-3 on ANLI, RTE, BoolQ, AI2-ARC, OpenbookQA and StoryCloze

• Ablation studies reveal the key to the success of instruction tuning 

o Number of finetuning datasets

o model scale

o natural language instructions



Performance of FLAN

Number of Instruction Tuning Clusters:

• NLI, closed-book QA, and commonsense reasoning as evaluation clusters

Which instruction tuning cluster contributes 

the most to each evaluation cluster ???

• Performance does not appear to saturate 

• Further improvement is possible with even 

more clusters added to instruction tuning



Scaling Laws:

• NLI, closed-book QA, and commonsense reasoning as evaluation clusters

• Evaluate the effect of instruction tuning on models of size 422M, 2B, 8B, 68B, and 137B parameters

Performance of FLAN

Small-scale models:

• Learning 40 tasks used during instruction tuning-

  Fills the entire model capacity

• Causing these models to perform worse on new tasks

Larger scale models:

• Instruction tuning fills up some model capacity but also 

teaches how to follow instructions

• Allowing them to generalize to new tasks with the 

remaining capacity



Role of Instructions:

• Performance gains come entirely from multi-task fine-tuning and the model could perform just as well without 

instructions

Performance of FLAN

Two finetuning setups without instructions

No Template: Model given only inputs and outputs without instructions

 Input: “The dog runs.” Output: “Le chien court.”

Dataset Name: Model given task and dataset name as input

 Each input is prepended with the name of the task and dataset 

(e.g., for translation to French, the input would be 

    “[Translation: WMT’14 to French] The dog runs.”)

FLAN’s finetuning procedure: Used natural instructions 

 (e.g., “Please translate this sentence to French: ‘The dog runs.”)



Instruction with Few-Shot Exemplars:

• Few-shot exemplars improve help the model better understands the output format

• Especially effective for tasks with large/complex output spaces 

      (e.g., translation, struct-to-text and closed-book QA)

• For all task clusters, standard deviation among templates is lower for few-shot FLAN, indicating 

reduced sensitivity to prompt engineering

Performance of FLAN



Instruction Tuning Facilitates Prompt Tuning:

• Outperforms LaMDA-PT  when performing inference using soft prompts

 (Prepended continuous variables optimized via prompt tuning)

• Train with continuous prompts for each of the SuperGLUE tasks

• In low-resource settings, FLAN even achieves more than 10% improvement

Performance of FLAN



FLAN Output Examples



FLAN Output Examples



• Instruction tuning significantly boosts zero-shot performance on unseen tasks

• FLAN 137B outperforms GPT-3 on most tasks, proving the value of task-specific finetuning.

• Model scale is critical: benefits emerge only with large models (e.g., 137B parameters).

Limitations:

• FLAN uses relatively short instructions (typically one sentence), unlike detailed instructions given to 

human workers

• Individual examples might have appeared in the models’ pretraining data, which includes web 

documents, though in post-hoc analysis  showed that data overlap substantially impacted the results

• Scale of FLAN 137B makes it costly to serve

Conclusions
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