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Rapid progress in pre-trained language models
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LM’s in-context learning ability

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

Cheese => prompt

* Pictures are taken from Brown et al., 2020
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One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer example
cheese => prompt
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Few-shot

In addition to the task description, the model sees a few One-shot
examples of the task. No gradient updates are performed. . . . Zero-shot
P g P P In addition to the task description, the model sees a single
example of the task. No gradient updates are performed. The model predicts the answer given only a natural language
Translate English to French: task description description of the task. No gradient updates are performed.
sea otter => loutre de mer examples Translate English to French: task description
Translate English to French: task description
peppermint => menthe poivrée sea otter => loutre de mer example
cheese => prompt
plush girafe => girafe peluche cheese => prompt
cheese => prompt e

We are moving towards
an unification era where one model can do many tasks!

* Pictures are taken from Brown et al., 2020



How can we build better model
that can generalize across various tasks?



NLP Before 2018: building task-specific models

Instance-level generalization
within one task
Sentiment Analysis

* My experience has been fantastic! ”

“ Positive ”
Question Answering
“Where is World Cup 2022 playing? ” “Qatar.”
Machine Translation
T T &L FASsE
“ Al is changing the daily lives. ” ﬁgj\‘;f/'_ i‘f}—f‘z
Z= /8 .




Classical multi-task learning (MTL)

Sentiment Analysis

* My experience has been fantastic! ” “ Positive ”
Question Answering

“Where is World Cup 2022 playing? ” &} “Qatar.”
Machine Translation

* Al is changing the daily lives. ” ;_'.E)\:é%%lig:{’:’- =




Classical MTL cannot generalize to unseen tasks

Instance-level generalization

within training tasks

Trained

Sentiment Analysis

Question Answering

000

>
Machine Translation h ’
7

Model cannot generalize to the
“Unseen” task because it
doesn’t know what the task is.

v

X

Sentiment Analysis

Trained

Question Answering

Machine Translation

000

Unseen

Negotiation Strategy Detection

“That’'s awesome! I really love being
out here with my son. Do you think

you could spare some food? ”
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Cross-task generalization via instructions

Trained

Sentiment Analysis
Question Answering

Machine Translation

000

Task Definition: “... Given an utterance and
recent dialogue context containing past 3

utterances (wherever available), output ‘Yes’ if
the utterance contains the small-talk strategy
otherwise output ‘No’. Small-talk is a ...”

Unseen

Negotiation Strategy Detection

“That's awesome! I really love being
out here with my son. Do you think

you could spare some food? ”
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Finetuning the model to follow instructions better (instruction tuning)

Summarization

-
The picture appeared on the wall of a

Poundland store on Whymark Avenue [...] How
would you rephrase that in a few words?

\_
4 )
Sentiment Analysis Graffiti artist Banksy
™ is believed to be
Review: We came here on a Saturday night behind [...]
and luckily it wasn't as packed as I \. y,
thought it would be [...] On a scale of 1
g to 5, I would give this a ) y ]
Question Answering
4 . ) T @
I know that the answer to “What team did ' - -
the Panthers defeat?” is in “The Panthers Ari : ] TaSk Ievel generallzathn
- " rizona Cardinals .
finished the regular season [...]”. Can across dlfferent taSkS
S you tell me what it is? y

Multi-task training

Zero-shot generalization

Natural Language Inference

Suppose “The banker contacted the professors
and the athlete”. Can we infer that "The Yes
banker contacted the professors"?

* Figure taken from Sanh et al., 2022 12



Instruction data (instruction-input-output triples)
IS needed for such finetuning!
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Existing instruction dataset in the field

[1] Natural Instruction v1.0 [2] PromptSource [3] FLAN
(61 tasks) (176 tasks) (62 tasks)

Paraphrase |
| P | Sentiment

Summarization

[1] Mishra et al. “Cross-Task Generalization via Natural Language Crowdsourcing Instructions”. ACL 2022.
[2] Sanh et al. “Multitask Prompted Training Enables Zero-Shot Task Generalization”. ICLR 2022.
[3] Wei et al. “Finetuned Language Models are Zero-Shot Learners.” ICLR 2022.



Overview of Super-Natruallnstructions
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Data collection process

1616 Tasks are sourced from:;:
> existing public NLP datasets
> avallable intermediate annotations in crowdsourcing experiments
> synthetic tasks that can be communicated to an average human
* Contributed by 88 volunteer NLP practitioners.
» Collaborated via GitHub.

* Peer-reviewed by the lead authors to ensure quality (4-6 iterations)

17



Instruction schema

Instructions

—

Positive Example

Negative Example

# of positive examples

# of negative examples

Instances

Task Instance

Definition is declarative, and should be sufficient to
define the task to average human readers

Example definition for SQUAD QA task

# of Instances

This task is about writing a correct answer for the
reading comprehension task. Based on the information
provided in a given passage, you should identify the
shortest continuous text span from the passage that
serves as an answer to the given question. Avoid
answers that are incorrect or provides incomplete
justification for the question.

18




Benchmarking generalization via instructions

eval

Test: 12 categories, 119 tasks

Textual Entailment
Cause Effect Classification
Coreference
Dialogue Act Recognition
Answerability Classification
Word Analogy
Overlap Extraction
Keyword Tagging
Question Rewriting
Title Generation
Data to Text

Grammar Error Correction

19



Tk-Instruct: an instruction-following model trained on our data

Train: 64 catetgories,757 tasks

Sentiment Analysis
Question Answering
Question Generation
Dialogue Generation

Summarization

Grammar Error Detection

Sentence Composition

O
O
O

< now | can understand
instructions better and follow
them to solve new tasks!

T

Tk-Instruct

Test: 12 categories, 119 tasks

Textual Entailment
Cause Effect CIf.
Coreference
Dialogue Act Recognition
Answerability CIf.
Word Analogy
Overlap Extraction
Keyword Tagging
Question Rewriting
Title Generation
Data to Text

Grammar Error Correction

20



Model performance on the 119 testing tasks

74.3
cL:% 45
& 30.2
z
@ &‘b
N O 3.5V L
D> S O R L0
Ng
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Analysis: does more training data help?

* More tasks lead to better performance.

* This trend slows down as when more tasks are used for training.

* Task (instruction) diversity matters - not the size of each individual dataset!

ROUGE-L

60

55

50

45

40
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30

43.7

60
Number of Training Tasks

54.3

600

ROUGE-L
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50

45

40

35

30

47 537 s34 537

/50'/\

48.5

60
Number of Instances per Training Task

600
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Analysis: model size scaling

* Bigger pre-trained models consistently lead to better final performance!

* |ncreasing the diversity of training tasks is complementary to scaling the model sizes.

ROUGE-L

65

60

35

50

45

40)

35

30

40

62.0

* 48.4 (3B model, trained only on 128 tasks)

40.1

400 4000
Number of Model Parameters (Millions)
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Analysis: which instruction elements are the most helpful?

Task ID

Definition

Positive Example x1
Positive Example x2
oefault [ Definion + Pos 2

Definition + Pos x2 + Nog x2

Definition + Pos x2 + Neg x2 + Expl.

Definition + Pos x4

60

24



Takeaways

* (Cross-task generalization via instructions is plausible.

* Super-Naturallnstructions provides a rich playground for such study.

* Forinstruction tuning:
* Task/Instruction diversity is important!
* Larger models bring in consistent improvement - not converged yet.

* Large number of training instances could lead to overfitting to the training task.

25



Limitations

* Data:
* QOur instruction data is still imited in its style - usually long and wordy.
 We mostly focus on existing NLP datasets, which are skewed to classification tasks.
* We only annotated one instruction per task.

e Model:;

* Not robust to the input format (e.g., removing output: in the end of the prompt can break
the model’s generation).

 Only TS5 model series (encoder-decoder architecture) are tested.

20



Follow-up work

FLAN-PalLM (Chung et al., 2022): combining instruction data and larger models.
EditEval (Dwivedi-Yu et al., 2022): instruction-based text improvement.

HyperTuning (Phang et al., 2022): instruction-based HyperNetwork.

Coming soon:

* |nstruction-enabled unified text embedding model, SOoTA on 70 embedding tasks.
 Larger scale and more diverse instruction data generated by LM itself.
Long-term:

* |nstruction following in a multi-modal setup, ideally in real-world scenarios.

27



Demo?

e https://instructions.apps.allenai.org/demo

A GPT3 instruction-tuned on SuperNaturallnstructions

28


https://instructions.apps.allenai.org/demo
https://beta.openai.com/playground?model=davinci:ft-allennlp:superni50k-default-clean-template-2022-11-28-10-10-56

Thanks!

) @yizhongwyz
>4 yizhongw @cs.washington.edu

https://instructions.apps.allenai.org/



https://instructions.apps.allenai.org/

ROUGE-L

ROUGE-L

Performance on different task categories

----- Supervised Training s Copying Demo. Output mm Copying Instance Input s TO(11B) BN InstructGPT (175B) B Tk-Instruct (Ours, 11B)

00 Textual Entailment Cause Effect Classification Coreference Resolution Dialogue Act Recognition Answerability Classification Word Analogy
86 100
L A ———— 73
55
50
207 43 41
25 15 14
1 ) 7
0
100 Overlap Extraction Keyword Tagging Question Rewriting Title Generation Data to Text Grammar Error Correction
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