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What is instruction tuning?

e Related keywords: post-training, instruction fine-tuning, supervised fine-tuning (SFT)

* Instruction tuning = supervised fine-tuning on instruction data

Instruction data (prompt, completion): (x, y)

|
1 0 P ( ‘ X) Input (Commonsense Reasoning) | Input (Translation)
g y l y <1’ Here is a goal: Get a cool sleep on Translate this sentence to
i—=1 summer days. Spanish:
- How would you accomplish this goal? The new office building
OPTIONS: was built in less than three
-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

e F AN (Wel et al., 2021)




What is instruction tuning?

(<|assistant|>

The reaction control system (RCS) on the Space
Shuttle was designed to be fault-tolerant,
meaning it was able to continue functioning
even if one or more of its components failed.
\The RCS consisted of two sets of ... </s>

-
<|user|>
\Did the RCS have any on-orbit failures?

There were several instances where the
reaction control system (RCS) on the Space
Shuttle experienced failures or malfunctions
during on-orbit missions. These ... </s>

\
(kluser|>
Explain the fault-tolerance of the reaction
\;ontrol system on the Space Shuttle. )

(fklassistant|> \\

J

1 ift;eY
L=- Z log py(t; | 1) X {0 othjerwise
J

e Tulu (Wang et al., 2023)

|y

— Z log P(y; | y;»x)
=1

(Optional) calculate loss on output tokens only, or the
entire input + output (same as from pre-training)

For short instruction data, we concatenate them as 16,384-token sequences. For long instruction
data, we add padding tokens on the right so that models can process each long instance individually
without truncation. While standard instruction tuning only calculates loss on the output tokens, we

find it particularly beneficial to also calculate the language modeling loss on the long input prompts,
which gives consistent improvements on downstream tasks (Section 4.3).

e | lama 2 Long (Xiong et al., 2023)



What is instruction tuning?

» First wave (2021-2022): instruction tuning on massive (NLP) tasks can generalize to unseen tasks
e Cross-task generalization

* | imited to standard tasks - easier to evaluate!
» Second wave (2022-??): “open-ended” instruction tuning, popularized by InstructGPT/ChatGPT

e Anything can be a task - infinite possibilities!

e Evaluation Is hard: human evaluation, LLM as judge..



What is instruction tuning?

Step 1 Step 2 Step 3

Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using
reinforcement learning.

A promptis A prompt and A new prompt »
sampled from our T several model - is sampled from .
Explain the moon Explain the moon Write a story
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
sampled. o o +
A Iabeler Explain gravity. Explain war. The policy ppo
enerates o
demonstrates the (C (D) g LRI -
Moon is natural People went to an Output .\‘W.
desired output satellite of tha moan. . . e i
A J

behavior. Some people went

to the moon...

A labeler ranks
the outputs from @ Once upon a time...

best to worst. .

This data is used

>0 >0)- Y
to fine-tune GPT-3 0-0-0-0 The reward model o
with supervised : + calculates a /.)?5{\
learning. . _ reward for Nl
This data is used v the output. L
to train our 058 |
s Y
reward model. Y The reward is .
—
0-0-0:-0 used tq update k
the policy
using PPO.

InstructGPT (Ouyang et al., 2022)

Since ChatGPT, instruction tuning is also viewed as the first stage of post-training...



Instruction tuning generalizes to unseen tasks



Comparisons of different paradigms

Pretraining / multi-task training — fine-tuning on task A, evaluating on task A

e Examples: BERT / T5

["translate English to German: That is good."

[ "cola sentence: The

"Das ist gut."]
course is jumping well.”

“not acceptable"]

"3.8"]

"six people hospitalized after
a storm in attala county.”

4 ™
"stsb sentencel: The rhino grazed

on the grass. sentence2: A rhino
is grazing in a field.”

O . o R
summarize: state authorities

dispatched emergency crews tuesday to
survey the damage after an onslaught
of severe weather in mississippi..”

- J

Pre-training — prompting with instructions and/or demonstrations on task A
e Example: GPT-3




Comparisons of different paradigms

e Fine-tuning on many tasks with instructions — evaluate on unseen task A with instruction

e Examples: FLAN, Natural Instructions

(A) Pretrain—finetune (BERT, T5)

( D)
[Pmmned '_’ T akA | — | ontaskA (C) Instruction tuning (FLAN)
("

Instruction-tune on
- Inference
many 18sks:  — on task A

Inference on
unseen task

Model learns to perform

many tasks via natural
language instructions

* Typically requires many
task-specific examples Pretrained
* One specialized model LM
L for each task )
(B) Prompting (GPT-3) L
( Improve performance
via few-shot prompting
Pretrainedw or prompt engineering Inference
LM ) > ontask A
N

(Wel et al., 2021)

Task Instance-Level Task-Level
Generalization Generalization
Tfaining train train (I ts X 'ttrain, thtrain)

data X ’ Y t € 7;een

r—1vY (x7 I t) —Y

Evaluation where: where:
(x7 y) e (XteSt? YteSt) (x’ y) e (Xie8t7 }/vtteSt)
t e ’7—111118881’1

(Mishra et al., 2021)

“Fine-tunes 140M BART models”




The FLAN paper

e O datasets in 12 clusters:

Unseen tasks: any tasks in the same cluster could only appear in training or testing together

rNatural language inforonceﬂ w g Sentiment E fParaghraseW w KMW i Translation A
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLI(R1-R3))(  RTE  )|{( CoPA J||( IMDB ) ( MRPC ) ||(ARC (easyichal) ] | | (CommonGen ) | | ( ParaCrawi EN/DE )
( CB  )(_ SNLI )| {(HellaSwag )||(_ Sent140 J|| aQaP )[[{(  NQ )[|( DART )||(ParaCrawl ENES )
( MNLI ) WNLI )| PIQA 1| ssT-2  Jf|( pPaws )[[( TQA )[|( E2ENLG )| |(ParaCraw ENFFR)
Q QNLI ) y L(StoryCIoze]J L( Yelp )J L( STS-B )J u y g WEBNLG jj 8::::: z:jlgg
" Reading comp. | (Read.comp.w/|| Coreference |  Misc. |[ Summarization h (WMT-16 EN/FI )
(5 datasets) commonsense (3 datasets) (7 datasets) (11 datasets)
(BoolQ )( OBQA)|| (2datasets) || 5o~ || "Coaa )(TREC )| | AESLC ) (Multi-News ) (_SamSum ) %WM”G EN’RO%
: (LQUAC )( CoLA )| | ( AG News )( Newsroom ) ( WikiLinguaEN) | [ [ WMT-16 EN/RU
(DR(.)P )(sQuAD)| | ( CosmosQA ) [ |( Winogrande ) (WG ) Math )| | (CNN-DV ) (opmoe mmose ) XSum ) | | (vt Envre)
k(Mult.Rc) ) é ReCoRD )) é WSC273 )) ((FoxPunctuatin (4:6) ) | | (_Gigaword ) (Opin-Abs: Movie ) )L y

Finetuned Language Models Are Zero-Shot Learners

10



The FLAN paper

Different instructions (templates) written for the same task:

Premise Template 1 Template 3
/Russian cosmonaut Valery Polyakov\ <premise> ) N

set the record for the longest Read the following and
continuous amount of tin’?e spent In Based on the paragraph determine if the hypothesis can
space, a staggering 438 dayg above, can we conclude that be inferred from the premise:
between 1994 and 1995. y <hyp.othesus>? Premise: <premise>
: Coptlons> ) | Hypothesis: <hypothesis>
Hypothesis - ate 2 <options>
Russians hold the record for the empiate
longest stay in space. (<premise> ) \_ )
D Can we infer the following?
Target  Options: . g Template 4, ...
Entailment =D = YOS Shypoiness> C )
Not entailment | = O J Coptions> y

(Some discussions of how to handle classification tasks)

Finetuned Language Models Are Zero-Shot Learners



The FLAN paper

Different instructions (templates) written for the same task:

Premise Template 1 Template 3
/Russian cosmonaut Valery Polyakov\ <premise> ) N
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between 1994 and 1995. y <hyp.othesus>? Premise: <premise>
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Finetuned Language Models Are Zero-Shot Learners



The FLAN paper

e Fine-tuning on LaMDA-PT (137B parameters)

Performance
on unseen
task types

.~ GPT-3 175B zero shot | GPT-3 175B few-shot [ FLAN 137B zero-shot

Natural language inference = Reading Comprehension Closed-Book QA

Finetuned Language Models Are Zero-Shot Learners

13



Average zero-shot accuracy

on 13 held-out tasks (%)

The FLAN paper

Performance on held-out tasks

70 . .
Instruction tuning
60
Untuned model
50
40
30
0.4B 2B 8B 68B 137B

Model Size (# parameters)

FT: no instruction

Eval: instruction 37.3

FT:. dataset name

46.6
Eval: instruction

FT: dataset name

Eval: dataset name _47'O

20 30 40 50 60
Zero-shot performance
(4 task cluster avg.)

FT: instruction

Eval: instruction
(FLAN)

Finetuned Language Models Are Zero-Shot Learners 14



What factors to consider?

- Scaling the number of tasks
e Format of instructions: zero-shot, few-shot, chain-of-thought

e Model architectures (PaLM, T5, U-PalLM; skipped today)




caling the number of tasks

Summarization

The picture appeared on the wall of a
Poundland store on Whymark Avenue [...] How
would you rephrase that in a few words?

Graffiti artist Banksy
is believed to be
behind [...]

Sentiment Analysis

Paraghaase

(c) PROMPTSOURCE (TO subset)

Review: We came here on a Saturday night
and luckily it wasn't as packed as I
thought it would be [...] On a scale of 1
to 5, I would give this a

Question Answering

I know that the answer to “What team did

the Panthers defeat?” is in “The Panthers

finished the regular season [...]". Can
you tell me what it is?

10

Arizona Cardinals

Multi-task training

Zero-shot generalization
Natural Language Inference

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

Yes

(a) SUP-NATINST (this work) (d) FLAN (e) INSTRUCTGPT

10 (Sanh et al., 2021) Super-Naturallnstrutions (Sanh et al., 2021)
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\ 193 Tasks /

TO-SF A

Commonsense reasoning
Question generation
Closed-book QA
Adversarial QA
Extractive QA
Title/context generation
Topic classification
Struct-to-text

55 Datasets, 14 Categories,

Scaling the number of tasks

Finetuning tasks

4 Muffin

Natural language inference
Code instruction gen.
Program synthesis

Dialog context generation

Closed-book QA
Conversational QA
Code repair

Categories, 80 Tasks

~

\ 69 Datasets, 27
[

CoT (Reasoning)

Arithmetic reasoning

Commonsense Reasoning  Sentence composition
Implicit reasoning
\ 9 Datasets, 1 Category, 9 Tasks )

Explanation generation

/
S

< A Dataset is an original data source (e.g. SQUAD).
< A Task Category is unique task setup (e.g. the SQUAD dataset is configurable for multiple task categories such as
extractive question answering, query generation, and context generation).
< A Task is a unique <dataset, task category> pair, with any number of templates which preserve the task category (e.g.
query generation on the SQUAD dataset.)

-\

Held-out tasks
4 N\ ( )
MMLU BBH
Abstract algebra Sociology Boolean expressions Navigate
College medicine Philosophy Tracking shuffled objects  Word sorting
Professional law . Dyck languages
57 tasks 27 tasks
J L v

Scaling Instruction-Finetuned Language Models

/ Natural
Instructions v2

Cause effect classification
Commonsense reasoning
Named entity recognition
Toxic language detection
Question answering
Question generation
Program execution

Text categorization

372 Datasets, 108 Categories,
\ 1554 Tasks

~

/

4 . N\ [
TyDIQA MGSM
Information Grade school
seeking QA math problems
8 languages 10 languages
. J

\

e 4/3 datasets

¢ 140 task categories

e 1830 tasks

17



Instruction tuning with exemplars and CoT

Without chain-of-thought With chain-of-thought
4 N R
. Answer the following Answer the following yes/no question A haiku is a japanese
Instruction yes/no question. by reasoning step-by-step. three-line poem.
without . we) yes — That is short enough
exemplars Can you write a whole Can you write a whole Haiku in a to fit in 280
Haiku in a single tweet? single tweet? characters. The
answer is yes.
\_ VAN v
N\ [ )
Qe:s/;::wzretst:;:‘ollowm Q: Answer the following yes/no question by
)éould aqdandelic.an suffer reasoning step-by-step.
: f i Could a dandelion suffer from hepatitis? W—
Instruction fom hepatitis? A: Hepatitis only affects organisms with livers. A haiku is a japanese
with exemplars | A-n° Dandelions don’t have a liver. The answer is no. three-line poem.
Q: Answer the following = Yes =) Thatis short enough
yés/no question Q: Answer the following yes/no question by to fitin 280
Can you write a whole Haiku reasoning step-by-step. ., characters. The
in a single tweet? 2an you write a whole Haiku in a single tweet? answer is yes.
A: ’
\_ AN y,

Scaling Instruction-Finetuned Language Models



Interesting results

. HeLp-Outr MMLU PERFORMANCE

46 |

34

0 10 20 30 40 50 60 70 80 90 100
Percent (%) Few Shot Templates at Training

-iIne-tuning on non-CoT and CoT improves both evaluations
-iIne-tuning on both zero-shot and few-shot improves both evaluations
Held-out CoT benchmarks Held-out non-CoT benchmarks
—~ 60 ~ 60
&0 &
© «
g 40 g 40
- e
g ks
N N
= 20 3 20
: :
o Qo
z. z
0 ‘ 0
8B 628 5408 8B 628 5408
Model size (# parameters) Model size (# parameters)

—do— Co'I' + non-CoT —e— Non-CoT —4—CoT —e— No finetuning

—@— Zero-Shot Eval

—@— Few-Shot Eval

Scaling Instruction-Finetuned Language Models
The Flan Collection: Designing Data and Methods for Effective Instruction Tuning

19



“Open-ended” instruction tuning

20



Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

:

V4

Some people went
to the moon...

|
\J

SFT
| |

LN

%
Z
EEE

InstructGPT

¢ 13k data examples

Use-case (%)
Generation 45.6%
Open QA 12.4%
Brainstorming 11.2%
Chat 8.4%
Rewrite 6.6%
Summarization 4.2%
Classification 3.5%
Other 3.5%
Closed QA 2.6%
Extract 1.9%

InstructGPT (Ouyang et al., 2022)

21



InstructGPT

Write a creative ad for the following product to run on Facebook aimed at parents:

Product: {product description}

Write a short story where a brown bear to the beach, makes friends with a seal,
and then return home.

What language is the code above written in?

You are a very serious professor, and you check papers to see if they contain
missing citations. Given the text, say whether it is missing an important citation
(YES/NO) and which sentence(s) require citing.

Use Case Example
brainstorming List five ideas for how to regain enthusiasm for my career
brainstorming What are some key points I should know when studying Ancient Greece?
brainstorming What are 4 questions a user might have after reading the instruction manual for a
trash compactor?
generation
{user manual }
generation
rewrite This is the summary of a Broadway play:
{summary } :
! classification {java code}
This is the outline of the commercial for that play:
rewrite Translate this sentence to Spanish:
classification
<English sentence>
rewrite Create turn-by-turn navigation given this text:

{text of paper}

Go west on {roadl} unto you hit {road2}. then take it east to {road3}.

Desination will be a red barn on the right

InstructGPT (Ouyang et al., 2022) 50



An explosion of instruction datasets

e How can get prompts”

e How can get completions?

e Option #1: human-written from scratch

Open Assistant

Conversational Al for everyone.

We believe we can create a revolution.

In the same way that Stable Diffusion helped the world make art and
images in new ways, we want to improve the world by providing
amazing conversational Al .

15k examples 50K examples

23



An explosion of instruction datasets

e How can get prompts”

e How can get completions?

e Option #2: the prompts are human-written, and the
completions are generated by LLMs (viewed as distillation)

YW Introducing ShareGPT

ShareGPT

Share your wildest ChatGPT conversations with one click.

J Install extension Q  View an example

114k examples

24



An explosion of instruction datasets

e Option #3: the instructions can be model-generated too!

@ Meta
LLaMA 7B

Text-davinci-003 \\

’ 52K
175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples
seed tasks

Example seed task Example Generated task

Instruction: Brainstorm creative
ideas for designing a conference
room.

Instruction: Brainstorm a list of
possible New Year's resolutions.

Output:

- Lose weight

- Exercise more
- Eat healthier

Output:

... incorporating flexible
components, such as moveable
walls and furniture ...

\
/

Supervised
Finetuning

v

Alpaca 7B

Alpaca uses Self-Instruct (\Wang et al., 2022)

Human R—

Sector I: Questions about the World

o i
RO Su.b - Questlons.about
o Topics o~ Conceptions
Model &% ;—
o Detailed
Wikidata W— Questions
w Representative _ Meta _3Zxe
Search a_ Entities Questions .’L Associ.ated
Engine Questions
@ Sector ll: Creation and Writing
Human R— :
: Material :
Material . Detailed
— — Generation )
Types Instructions

o
Model :}:—

ca &

Instructions

" Sector lll: Assistance on Materials

Questions or

o
. x®_
— Materials —— :33‘0 Instructions

Sector | —

— @ User Model <

Query/Instruct

3~7 rounds of
generation

Response

R Post-processing

UltraChat (Ding et al., 2023)

»@ Al Model —

25



The more, the better?
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LIMA: Less is more for alignment

LIMA: Less Is More for Alignment

Source #Examples Avg Input Len. Avg Output Len.
Training
Stack Exchange (STEM) 200 117 523
Stack Exchange (Other) 200 119 530
wikiHow 200 12 1,811
Pushshift r/WritingPrompts 150 34 274
Natural Instructions 50 236 92
Paper Authors (Group A) 200 40 334
Deyv
Paper Authors (Group A) 50 36 N/A
Test
Pushshift r/AskReddit 70 30 N/A
N/A

Paper Authors (Group B)

230

31

e Knowledge is learned during
pre-training; instruction tuning
teaches models which
subdistribution of formats to use

e Quality and diversity matter -
1000 manually-selected
examples work great!

We will have a debate on this
paper next week!

27



MMLU GSM BBH TydiQA Codex-Eval AlpacaEval

(factuality) (reasoning) (reasoning) (multilinguality) (coding) (open-ended) Average
EM EM EM F1 P@10 Win % vs
(0-shot) (8-shot, CoT) (3-shot, CoT) (1-shot, GP) (0-shot) Davinci-003

Vanilla LLaMa 13B 42.3 14.5 39.3 43.2 28.6 - -

+SuperNI 49.7 4.0 4.5 50.2 12.9 4.2 20.9
+CoT 44.2 40.0 41.9 47.8 23.7 6.0 33.9
+Flan V2 50.6 20.0 40.8 47.2 16.8 3.2 29.8
+Dolly 45.6 18.0 28.4 46.5 31.0 13.7 30.5
+Open Assistant 1 43.3 15.0 39.6 33.4 31.9 58.1 36.9
+Self-instruct 30.4 11.0 30.7 41.3 12.5 5.0 21.8
+Unnatural Instructions 46.4 8.0 33.7 40.9 23.9 8.4 26.9
+Alpaca 45.0 9.5 36.6 31.1 29.9 21.9 29.0
+Code-Alpaca 42.5 13.5 35.6 38.9 34.2 15.8 30.1
+GPT4-Alpaca 46.9 16.5 38.8 23.5 36.6 63.1 37.6
+Baize 43.7 10.0 38.7 33.6 28.7 21.9 29.4
+ShareGPT 49.3 27.0 40.4 30.5 34.1 70.5 42.0
+Human data mix. 50.2 38.5 39.6 47.0 25.0 35.0 39.2
+Human+GPT data mix. 49.3 40.5 43.3 45.6 35.9 56.5 45.2

How Far Can Camels Go”? Exploring the State of Instruction Tuning on Open Resources

28



Tulu v2

FLAN [Chung et al., 2022]: We use 50,000 examples sampled from FLAN v2.

CoT: To emphasize chain-of-thought (CoT) reasoning, we sample another 50,000 examples from
the CoT subset of the FLAN v2 mixture.

Open Assistant 1 [Kopf et al., 2023]: We isolate the highest-scoring paths in each conversation
tree and use these samples, resulting in 7,708 examples. Scores are taken from the quality labels
provided by the original annotators of Open Assistant 1.

ShareGPT?: We use all 114,046 examples from our processed ShareGPT dataset, as we found
including the ShareGPT dataset resulted in strong performance in prior work.

GPT4-Alpaca [Peng et al., 2023]: We sample 20,000 samples from GPT-4 Alpaca to further
include distilled GPT-4 data.

Code-Alpaca [Chaudhary, 2023]: We use all 20,022 examples from Code Alpaca, following our
prior V1 mixture, in order to improve model coding abilities.

*LIMA [Zhou et al., 2023]: We use 1,030 examples from LIMA as a source of carefully curated
data.

*WizardLM Evol-Instruct V2 [Xu et al., 2023]: We sample 30,000 examples from WizardLM,
which contains distilled data of increasing diversity and complexity.

*Open-Orca [Lian et al., 2023]: We sample 30,000 examples generated by GPT-4 from OpenOrca,
a reproduction of Orca [Mukherjee et al., 2023], which augments FLAN data with additional
model-generated explanations.

*Science literature: We include 7,544 examples from a mixture of scientific document under-
standing tasks— including question answering, fact-checking, summarization, and information
extraction. A breakdown of tasks is given in Appendix C.

*Hardcoded: We include a collection of 140 samples using prompts such as ‘Tell me about
yourself” manually written by the authors, such that the model generates correct outputs given
inquiries about its name or developers.

Size

Data

Average

ShareGPT

47.0

7B V1 mix. 47.8
V2 mix. 54.2
V1 mix. 56.0
BB vomix. 608
V1 mix. 71.5

70B

V2 mix.

Camels in a Changing Climate: Enhancing LM Adaptation with Tulu 2

72.4



LESS: estimating training influence for data selection

» Choose training data to maximally reduce the validation loss: model-aware and optimizer-aware
Loss on z changes at each step: £(z; 0 — £(z;0) =~ (V£(z;0Y), 0! — 0"

SGD step training on x with LR #: £(z; 0™ — A(z;0) = n(VE(x; 0, VE(z0))

To maximize loss decrease,
choose x to maximize (VE(x;0"),V(z;0Y)

When training for /N epochs, choose training data x
to maximize aggregated influence:

LR in epoch 1 Model after epoch 1

v / /
Infggp(x.2) = ), 1 V£(x:60), VE(z:6))
=1

LESS: Selecting Influential Data for Targeted Instruction Tuning
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LESS: estimating training influence for data selection

» LESS made it work for Adam optimizer and instruction data (varying lengths)

* The algorithm is practically efficient

Infadam (2, 2) Z% cos(Vi(z;0;),T(x:;6;))

Step 1: Warmup LoRA Training Step 2: Compute Gradient Features Step 3: Select Data Select from
: Few-shot
Datasets LoRA Model for Adam LoRA Gradient Validation \'/:allciatuon Datastore
Selection Gradients Datastore Examples Compute reatures
TLQR,A Compute Random Cradient (ig;npute
raining Gradients Projection Features Adam
Dwarmup C D MS f E R|D|XP f‘ E R|D|Xd Dva] ?E(Dval;e) E Rde Dtrain

LESS: Selecting Influential Data for Targeted Instruction Tuning
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LESS: estimating training influence for data selection

LESS-T: using Llama2-7B for data selection

. _ 0
Train Llama2-13B on Full Data or 5% Selected Data Train Mistral-7B on Full Data or 5% Selected Data

54.0 60.0
3 ®
£ 53.0 _ 8 580
£ : e
@) m —
€ 520 : s 9060
al - )
O . O 540
(@) - ()
S 51.0 : o
2 : o 520
< : Z
/ 50.0 : - 50.0
100% 100% Random 5% LESS-T 5% LESS
Average of BBH,
TydiQA, MMLU Data Amount Data Amount

LESS/LESS-T often outperform using the full datasets.
Data selected using smaller models can transfer!

LESS: Selecting Influential Data for Targeted Instruction Tuning
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