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what are the differences between Instruct Learning and prompt learning?

In instructional design and education, prompt learning and instruct learning are two

different teaching strategies that serve distinct purposes.

Prompt learning is a teaching method that involves presenting a cue or prompt to
the learner, followed by a response from the learner. The prompt is usually a question
or a problem that the learner must solve, and the response is the learner's attempt to
answer or solve the prompt. Prompt learning is often used to test or assess the

learner's knowledge or understanding of a topic.

Instruct learning, on the other hand, is a teaching method that involves presenting
information or instruction to the learner, followed by the learner's attempt to apply
or use that information. The instruction may take the form of a lecture,

demonstration, or explanation, and the learner is expected to apply the knowledge

or skills they have learned to complete a task or solve a problem.

In summary, prompt learning focuses on testing or assessing the learner's knowledge
or understanding, while instruct learning focuses on teaching and application of
knowledge or skills. Both strategies can be effective, depending on the learning

goals and the context in which they are used.



No, i mean what are the differences between instruct tuning and prompt tuning?

| apologize for misunderstanding your question earlier. In the context of machine
learning, "instruct tuning” and "prompt tuning” are not widely used terms, and it's
possible that you may be referring to more specific concepts that use these terms.
However, based on my understanding of machine learning techniques and

terminology, | will try to provide an answer to your question.

| believe you may be referring to "supervised learning” and "reinforcement learning”,
which are two different approaches to machine learning that involve different types
of feedback.

Supervised learning, also known as "instructional learning”, is a type of machine
learning where a model is trained using labeled data. The labeled data consists of
input examples paired with their corresponding output or target values. The goal of
supervised learning is for the model to learn the relationship between the input and

output data, so that it can accurately predict the output for new, unseen inputs.

Reinforcement learning, also known as "prompt learning”, is a type of machine
learning where a model learns from feedback in the form of rewards or punishments.
The model is trained to make a sequence of decisions in an environment, and

receives rewards or punishment o pegenerate response  Of its decisions. The goal of

rcament learnino 1< for the miooer 1 IEATT] 12 Onmal Secgd ~Hians that



{27 Prompt

Prompt:2EEWMA—R, ST ERERI—M L
X,

cloze prompt: EREENUEETF,;
prefix promp: ERERNUEETR.

zero-shot learning: O0MAl=+
one-shot learning: 1/Mjll+

few-shot learning: Z/MjlF

Translate English to French: /* task description */

cheese =>  /* prompt */

Translate English to French: /* task description */

sea otter => loutre de mer /* example */

cheese =>  /* prompt */




IRREY Prompt tuning

R F S (Prompt Learning)fIFine Tuning&B2
XS F) || SR TROERYTT .

RARFINRERETFTGPT-3. FriBPrompt
Tuning, MEEPromptfHEAN—Etask-

specificlalLAtune@prompt token, HHFIX
MokenIIFENMESEEARAY, FTLARILARS
BEsRAESFERRT 4. XNEATRECE
> (tune) X prompt token, FrLLXM
tokenyIFHsmEBIEETFRIBER.

Fine-tuning

Promptiing '
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ErFI 2T DeepmindAJQuoc V.LeFRAE2021EER—RER /I {Finetuned Language Models Are
Zero-Shot Learners) XEHRRHABRE., RH—FEFinstruction-tuningfy75 A FLAN

(Finetuned LAnguage Net) , XJFTAHRINLP task, HRIBE{ESEEFBIRDE TR, FMEHHEE—
MEARFTEtask{EHE, EHitpraikRItaskfAFinstruction-tuning,

Finetune on many tasks (“instruction-tuning”)
rf

. i T N \\
Input (Commonsense Reasoning) | Input (Translation)
Here is a goal: Get a cool sleep on Translate this sentence to I}Trerence on unseen task type
summer days. ‘ _ Ehcnsb o In Natural Lan jifiraniie) |
How would you accomplish this goal? ;I'vt;z gﬁ:’i\; ?rﬁggsbtl;i?r:nt?l e Premise: At my age you will probably
OPTIONS: _ o N have learnt one lesson.
(-Keep stack of p!IIow cases !n fridge. | Hypothesis: It's not certain how many
\-Keep stack of pillow cases in oven. | | Target ' lessons you'll learn by your thirties.
Target El nuevo edificio de oficinas Does the premise entail the hypothesis?
| keep stack of pillow cases in fridge se construyo6 en tres meses. OPTIONS:
: == = -yes | (-it is not possible to tell | [ -no )
[ Sentiment analysis tasks
. FLAN R n
[ Coreference resolution tasks , y
It is not possible to tell
( - .. ) L J
%

CSDN @ _LiZf—



{E3F 3] Instruct tuning

Fine-tuning: SoEAMERIER EHITIZ, ARBEREN NAES LHETHRUE, W0BERT, T5;

Prompt-tuning: FoifeEE N ERBEIARIETR) |28
170, WGPT-3;

MRLLE R A=A

, REAEREESER— T prompti&

Instruction—tunlng: (RARTETZRE S1RE EI’JEEHU: FTAEZNEAES LHITHRUE (BEEE

PRBSHIZR) |

JEBHEERE N FES i

(A) Pretrain—finetune (BERT, T5)

* Typically requires many
task-specific examples

* One specialized model
for each task

.

(B) Prompting (GPT-3)

TJzero-shot,

Improve performance
via few-shot prompting
or prompt engineering

=

(C) Instruction tuning (FLAN)

Model learns to perform  Inference on
many tasks via natural unseen task

language instructions
% = J
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BERFEIFNRT™EZINENEBEERZHIESE
BAASEZHANR. AEBIZEPromptR2ERiE
SRR, BIINRIE L ERTF
4, BETETSE., Instruct@RARIESRE
HIEfEEE N, BEUEEFERENIES, L&
R A B IERBAY1 TN,

ERFINMAREEIZESHMAR, 1B
RESTEELM{ESS Eifizero-shot, MHERFIER
RN —MESH. ZHEENANIETRES.

illgESRE H EESA LA H EESA LT ]

REARNTRAESIEROES

RS THES LTS B AES LT
(c) 87 (instruct) %3 S03F @i \\

f—/
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%3 In-context Learning

FTFIES]In-context Learning X iR {EE
F3), EFRICL, BER T XIARBERSHNEN,

‘Review: Delicious food!  Sentiment: Positive |
J‘Eiii'%‘}]l]example (sentence 1, answer 1) k DeETgrr:lspt{:Stion Review: The food is awful. Sentiment: Negative
A ESIEBA R E VSR, Template New Rasiiv Toraibladihiost  Seatinain Abpis
Reem e Query -{ LRe‘v'iew: Good meal! Sentiment: )
zxA . A Survey for In-context Learning Sentiment: [Label] 1 Input
Te_xtT Label [ Large Language Model ]
EEEENE, SRERBRAREEN [  Parameter Freeze

BRESHRIGMEBNEEFIAR, ICLAE T‘?rfiblediSheS! O Po;!;iveOutput
BSHEH, FEENTST)ISGFRE SR |

17T, Bl IR EEZIRR F I R R P RYR
IV, FHELSEH IERRRIFT,




 ET3%3 In-context Learning

GPT37EGPT2E B zero-shotfyERt E, I2H T In-Context learningAItES:, Hone-shotfifew-shotfff 53, TR ARIRIIE

sBPromptitasE S, MEEIEEISHBRANET, few-shot, one-shotiFEHIERIEF EINEE.

Zero-shot One-shot Few-shot
l l g =g
- 175B Params

Natural Language
60 Prompt

50

40

30

Accuracy (%)

.~ 13B Params
20

10
1.3B Params

----------

Number of Examples in Context (K)

Figure 1.2: Larger models make increasingly efficient use of in-context information. We show in-context learning
performance on a simple task requiring the model to remove random symbols from a word, both with and without a
natural language task description (see Sec. 3.9.2). The steeper “in-context learning curves” for large models demonstrate
improved ability to learn a task from contextual information. We see qualitatively similar behavior across a wide range
of tasks.



FB#4E Chain-of-thought(COT)

NIKIFRZIRFFtuning, EAEEARKNREESERESE
RIRY, BREZIEHEEMAETFRE FREAFE TR

{£55, system-2 task) , BMfEERIRTERAAER thELILL
IBEELOEIRTSE, NEFRIREE, FEEREMEIRMTEE,

N BETRBKEE—TEFE, MEEY, B35k, NTEH,
B94RH), REREFSDRBNR?

4
ISR E R, RFHIRERY.

MEEE, B357k, MAE3G=x+y Tk,
MTHEE, B94RH, NE4=2x+4y M.
A ERRARR, 18%35-94=3y-x, Bly=12-x/3,
BERTABE—XSEIx+12-x/3=35, NIx=36,
T x=36, Mly=12-x/3=12-36/3=4,

ZRH: BE3BR, RFEAR.

L
it



F4EhE Chain-of-thoughts(COT)

AL SRIFFILZ{E: Chain-of-Thought Prompting Elicits Reasoning in Large Language Models
& (&) Astandard prompting, exemplaryA<input, output>;

& (BA) A.chain-of-thought promptfyfil-, exemplaryA<input, chain-of-thought, output>,
93 Achain-of-thought,

Standard Prompting Chain-of-Thought Prompting
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?

A: The answer is 11. A
The answeris 11.

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
J do they have? )

A: The answer is 27. x

answer is 9.
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B4 Chain-of-thoughts(COT)

dataset(Arithmetic Reasoning): GSM8K, SVAMP, ASDiv, AQuA, MAWPS
dataset(Commonsense Reasoning): CSQA, StrategyQA, Date, Sports, SayCan

baseline: standard prompting
LLM: EF51LLM (GPT-3, LaMDA, PaLM, UL2 20B, Codex)

RESUILT:

(1) chain-of-thoughtXy XMEERIEHEE), (BNIERESEBIMEARSZERHEENE, NMEEHERE
Fstandard prompting;

(2) [EIEE#EZY, chain-of-thoughti2F8ERtsiF;

(3) —LeFRERIZER Bstate-of-the-arthd,

(4) FETHRNGERERIERIIEAHITATGL, SRR/ FEHEERN, MNTERELE=ERNEAR, HIEE

RSB RE—L/NADIEIR,
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B4 Chain-of-thoughts(COT)

JEiRfsCISablation study:

IX—aBD XIHERSEH T 7 =FEE(, tukuchain-of-thought B IHHIRE.

(1) Equation only: promptRBEHELT, REBEAES.

XNFEROFNRE, BRAR (RE—ZaEME) BRT. R T BAES RV EN,
(2) Variable only: promptRBE—dotF7l (...) , SREEXRMNTEFMBENFHEMES.
*xiSbaseline (standard prompting) tHE. EFIRAET BAESRANIVELE,

(3) Reasoning after answer: IR IERTanswerZfa, WIGHIREE 2B R ERE
5| &P REEXIEEEIRZEE.

I Sbaseline (standard prompting) #HF, RAHEEEIISRNINFREEE, EXEET
HEIEHEIS AT,
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#HE Chain-of-thoughts(COT)

t Prompting

Chain-of-Though
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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 & year old

|

(=)

Z

Some people went
to the moon...

|

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a & year old

o 0o

Expian graiby.. Exslain war...

M = Aatural Pangie went ko
sateliits of_ has oL

\ J

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Writa a story
about frogs

7

&

}

Once upon a timae...

f

i
]

.

[1] Ouyang L, Wu J, Jiang X, et al. Training language models to follow instructions with human feedback[J]. arXiv preprint arXi\’/_:_2203.024*5'§, 2022.
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Step1

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-3.5
with supervised
learning.

-~
Ay

Explain reinforcement

learning to a 6 year old.

;

o

z

We give treats and

punishments to teach...

:

SFT
o
g

V4
BEE

Step 2

ChatGPTiiiEE - =5

Collect comparison data and

train a reward model,

A prompt and
several model
outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used
to train our
reward model.

Fa S

wd
Explain reinforcement
learning to a 6 year old,

Ad o

Inreinforcemaen Expduin mrwanghs,
ey ihe
R

Inmachine e e Treans and
Tsarming._ PUBSNTENTS Lo

@

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm

A new prompt is
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

The policy generates

an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.

A=

Write a story
about otters.

J

FPOD
&

!

Once upon a time...

" RLHF




SFT Data RM Data PPO Data
split  source size it  source size  split source size
train labeler 11,295 in labeler 6,623  train customer 31,144
train  customer 1,430 in customer 26584  wvalid customer 16,185
valid labeler 1,550 i labeler 3,488 sr] SE () .“I.] o
valid customer 103 id customer 14,399 A =/ 7%

InstructGPT/ChatGPTRIIII D pk3E, B—PHFEREREEEFER, TEBKIIDBINMEES].
HIFZEHIprompts, KB TOpenAlRITEZAPI LRI EREIE, UKERIIREEFER. ®E—SUEERMAPIZEESX
HERY, TEREVBREEE:

1. SFTEUESE

SFTEURESERRRIIGR 1 T Em SRR, BIERXEFFEYE, RRGPT-3aIZS X IGPT-3#1THA. EAGPT-32—1
EFRTFINEMEE, FISFTAIERDEHERR-SEXHMIER. SFTEHE—EBo KB EAOpenAlfyPlayGroundiyFA
F, m—&B7kBE0penAlEMAI40BRETL (labeler) . FEfEIIlabeler# T 7iF)ll. EXMEEEES, mELHTIERR
ERBEBECHESER, FEEXRSHIETHE NE=R:

« Plain: We simply ask the labelers to come up with an arbitrary task, while ensuring the tasks had sufficient diversity.

« Few-shot: We ask the labelers to come up with an instruction, and multiple query/response pairs for that instruction.
 User-based: We had a number of use-cases stated in waitlist applications to the OpenAl APIl. We asked labelers to

come up with prompts corresponding to these use cases.




(%)

Generation 45.6%
Open QA 12.4%
Brainstorming  11.2%
Chat 3.4%
Rewrite 6.6%
Summarization 4.2%
Classification 3.5%
Other 3.5%
Closed QA 2.6%
Extract 1.9%

kB APIRREIEERIAMSEE 5T

2. RMEUEE

RMBEERBXINGEE2HNRXRMER, KMNEEFEEAN
InstructGPT/ChatGPTRYIIFIRE— MR BiR. XNMEEBEF YIS,
(BR—EERRELEBE AR R IR EREERRINS. REXARY,
EAITLUEE A TR NG KRR N, B AL LGRS
KAmIaIE R A E(REY D MMEMER A X EMIXE ARAERHNAS.
InstructGPT/ChatGPTRIMIERFTIHEB A B — /U EE N A, L@
labelertRHE4 B EIRRI R EXX LA NS HITHER.

3. PPOHUREE

InstructGPTHIPPOEURE I & Bi#tiTinE, BIIRBGPT-309APINARF. BX
N ARAFRENAREMRNERES, EFOLREENEFEEMRES
(45.6%) , QA (124%) , RXZE (11.2%) , XHE (8.4%) &,




L2
GPT-377

BEER
+ IR
+ 3%

+ B ARBIES
+ ZRHRARINES

+HEER
+ B

GPT-35%7]

++ {LRER

++ {LBER

++ HZHETE | BHE (B
4

+ REEMEER (BT
1)

++ BlARES
- £ T

- HEEREN

++ PHELH

+ B AEHER
+EEESETNER
+ LR

+ BEEER

++ SR A S

+ BRESATHNER
++ 1B IR E S /6
B (aftda?)

++ LERER RN
- LFRRY

OpenAl#E!

GPT-39)84ME %

“RBREEN
EgFETHE
&, RRREL
REFRMN,

Instruct-GPT#]
TR

Codexdba %

MFE#Codex

"GPT3SHRHH
Lol

BEEN
Instruct-GPT

CHIRELT
pe B S0
HERRAED

BT RLHFIEE
Instruct-GPT

*+flo024 88
th, MALE
M7, HEED
Lplidi ks

ChatGPT

“lEEELET
X¥IMRNR
R ETEHE
ke

ERBLHG
i

ERBsAL
TS

HiEG Lty
{in

BRPIEN
fiwn

b B
YRR

Code-
Davinci-002

(BT e
MR = 2022
£12R)

Text-
Davinci-002

SRR R

Meta OPT

TOig3
Google FLANIES.
Salesforce CodeGen

Instruct-GPTIE  TOIEX
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b | Google FLANIE3Z

Instruct-GPTi  DeepMind Sparrow
X, RLHFE X

3. BARER

MEHEIE  A2RLALMS

B,

DeepMind Sparrowif:
4

Al2 RLALMs
& @NEZ0P

A4 KEGPT3.5&%, XEChatGPTHIEA., code-davinci-002Ftext-davinci-
002IXFASERRHE—hRAY GPT3.5 &, — AT, Z—1TRTXA. BRI
T=MEEENSYIN GPT-3 AEHIEE

MR AZRIES: LRI, GPT-3 EmHFEEGEFENNGTF. WEARBESEHNE
</ BNAERESENESR (MAEEXELHENTF) .

ZHEIEENERES: ST RREERNESSHERDT —ErINER, BRI
ENKUERIFES LhEEERBMIEE., XN T LEBEEXEE,
NAFRSEHNRES, REEEBHEATT.

ISR IIRIERE . XM EENREA, E/9RERREIgZR.

FFARBZESRE (chain-of-thought) FHTEZIEIR: #1A GPT3 AR B 4EHEHEEERYRE
R55EZ8H. code-davinci-002 ] text-davinci-002 2FE/MAH EIEIRAI B4
HEEERE O RUIREL,

SRR YUCGPT-3tRBE ST [ZR3K154ERkBE . HAXNIRFNin-context learning,
SAEETinstruction tuningfUtREL >3 IR1E T EBIESHIRE 2 EIZE T ESH
Be. S dRIBIIGHND SARENERS TRBERLEEN, EARBIIIGNEFR, &
BUERTBEINIRE T EXHEENRE]. BEEXMNDZ, code-davinci-002{(F2E
BEFfEBABENNEREGPT-3.5&EE, EFTFREBELZEREERIinstruction tuningfl
RLHF BT AR R BEDIREN S A KRG, BIXYTFRE. RLHF {HiEEEEE 4 ol B A LA
ANIENER, FEFEBEANEEZ/MIEM, F15ChatGPTLARIFAIARIG S A ALR,
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