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Motivation

- Instruction-based multitasking

2 multi-turn dialog applicationsOf|A]
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Instruction:
Generate a coherent response based on provided actions.

Dialog Context

: Hey do you like music?

Yes, my favorite is Barbie Girl! :

@

Al T | 1 :
I ATOMIC TASKS | COMPOSITIONAL TASK
Y v '
Action:

Action: N

The response #I'.:;'?ens;ponse - The response should

should contain + should depict — contain keywords: catchy, | |

following the dialog act: sipiaviot

keywords: catchy,

SIS - The response should

depict the dialog act: ask
question

tune, playful.

(1-D Grounding) (1-D Grounding)

(2-D Grounding)

Output:
Are you a fan of the catchy tune or do you enjoy the playful
lyrics
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Motivation
- publicly-available LLMs2 &2 d4&52 EHZF
instructionso] ==%|™ Chat-GPT 22 SoTA 20| H|sH s | &

- Complex compositional EfA3
- model parameters and data ?| S8 CE HA7ISoHX| HEZ

In

- closed-access modelsQ! ChatGPT= simple composite tasks £

models®! DIAL-TO= 024/t

Instruction
(2 constraints)

Generate a response that follows the dialog act:
confirmation for the given dialog context. The
response should have the keyword "Everest"

Hey would you like to go on a road
trip together?

i ChatGPT: Sure, but just to confirm, you
: mean we're heading somewhere North, .
i like Everest?

InstructDlal: I'm not sure, but | would like ®
' to confirm :

g Okay, but where?
O Somewhere North

X2 42 HY¥=H(constraints)0] Y=

I
]
g

Ol Al open and closed-access models 22| X}0|E =0l

+dStLf, publicly available

Instruction
(3 constraints)

Generate a response in the form of a question for !
: the given dialog context. The response should start :
i with the initial phrase "Is Everest". Do not use the !
: following words within the response: camp, you.

ChatGPT: Is Everest the destination you ®
i have in mind for our road trip up North ?

InstructDial: Is Everest a mountain? Do ®
i you want to camp ? :
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Motivation

-

- J|E AF0ME BiAT & =2 ARE0f QLOLt instruction HIO|E] 4(compositional data) 2 A
HAE|X| 5

LS O
- =& HHAOM compositional tasksE demonstrationsZ 20 complex instructionE Mg 5~ Q2L atomic
tasks2| =0 2} compositions| =7} 7|5tg X 2 2 SII5t= =X H &M
> 0|E 2t5tA|Z|7] sl 22te| EfA3 TEIXEQ} control sequences £ ZY £ AOL
Zete2 HEZe=0 manual effort 7 AEst

Al
=

—_—

rOF

=tstt
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INFEASIBLE
ATOMIC COMPOSITIONAL
TASKS TASK
Instruction: Instruction: Instruction:
Generate the correct dialog acts for the response Generate a coherent response based on the Generate the correct dialog acts based on dialog context.
based on dialog context. determined dialog act. Generate a coherent response based on given dialog act.
e Dialog Context:
% Dialog Context: Dialog Context: 212 T; fh:m:" ?:rt;;:;;: LR
e S1: Hi, a reservation for 4 to Blue Label, please. = S1: Hi, areservation for 4 to Blue Label, please. . 9 2
[ $2: Is the booking for today? S2: Is the booking for today?
Question:
The possible dialog acts are: Inform | Question.
Question: Question: The best option is:
The possible dialog acts are: Inform | Questi + The possible dialog acts are: Inform | Question. The possible dialog acts are: Inform | Question.
The best option is: The best option is: Inform The best option is: Inform
P ey i i R i R R A
i | Output: H | Output: ; | Output:
H % i Inform H i Yes, the booking is for tonight. H i Inform. Yes, the booking is for tonight.
o e SIS TR S USSP | R by A P MO SN | :

- Focusing on dialog applications, T2 £=9| Cizt EjA
complex instructions 2 A5 EZ FEY £~ A= MEL T

5/39



Motivation

* Can Compositional Demonstrations Improve Performance?

Ol

- compositional demonstrations 7t S&5t CiS EHATOM 52 SHAIE = U=X &H

O|Z sh APH MeZ AAISHA 4712 dialog tasks EfA 3 M7
- response0f ZatE J|EE HEE St= L2t responseE 44
i) beginning phrase, ii) the ending phrase, iii) the length (short, medium, and long), iv) &0
mEE 3|9E

- Flan-T5-xI model & MZ Ct2 2719 22 37|9| &3 O|0|H £ fine-tuningdty 27HS 2 HE
) Baseline - 47H9| atomic tasks Of] CHSH ARt ak& .
i) Compositional - atomic and compositional tasks & Lt ot& 1|8 Compostonaiwose ¥

Performance
w w w
N o [~}

w

o
:
"
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Data Size
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CESAR

*

dialog interaction 2 Jl'd X

Dialog items (A)
- utterances, speaker states, intents, personas, stylistic attributes of utterances, dialog

summaries, utterance revisions, external knowledge snippets, amongst others I} 22 L{g}
AoErgnt pEE He oo

Dialog Components : Cfgte| =2|& 3te| 12| ({C, E, S, A, R})
- C — context (or dialog context); E — evidence(s); S — dialog state(s); A = action(s); R — the
dialog response.

| Dialog Components | Sample Dialog Items

Dialog context between
the two speakers.

utterances

Dialog items 2 mapping function g() o 2|3l dialog components 2t IHEE | c

dialog summary,

S | State of the dialog context. 2
& speaker intent, etc.

E Evidences that could be retrieved knowledge,
relevant for the response. persona, etc.

A Actions/constraints that utterance style,
the response has to follow. | dialog act, etc.
The next response b

R p y response utterance

the assistant.
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CESAR

- Input: CESAREfAZQ|UQHE TETE = M| IIX| :Q 719 QA Z O|R0H /US
- |:task instruction
- C dialog context (5 f o] O| ™ ot TLsh)
- N={gA),....gAn)} |, COI20| ZEZEQ| FIMHCE E0{7t= F&

- Output:
- Y E{S, E, A R} 2 instruction | B! context CO|Al M™HSI= task output
- ZEfAZ0|= £H0| ZQSIEZ Y= HI empty Ot Prompt:
Instruction: Provide the correct value for response fields
given the dialog context and action fields.
Input:
Dialog Context:
I C A Speaker 1: What kind of place shall we rent ?
- lp Speaker 2: It should be close to the university . Neither of us
are good at getting up in the mornings and closer it is , the
- ; - ' later we can get up .
IC’\{g(/\l),...,g()\m)]i ), (1) gz
R The response should start with this initial phrase: “Abso-
grounding lutely . That’s”
The response should contain the following keywords: “thing”
and “flat”
Response:
Output:
Absolutely. That’s the most important thing and flat should
be furnished. T
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CESAR

AFEXE AIHA| AR ER of 2 2 &0tTta I

[P Dialog Context |

(rq) Hey, do you like music?

song. The band plays rock.

(r3) Oh seems like you like rock.
What other genres do you like?

e (r2) Yes, | am big fan of the Barbie

fERNTIRIN N { Response |~ :

(rg) | like metal a lot too, particularly the

e band Metallica. | love how they play
: their songs with intensity!

Figure 4: An example dialog with dialog items: ut-
terances (ry, 79,73, 74), state (s31, S32), evidence (e47),

(s31) The dialog act of the final
utterance in is: question.

(s32) The summary of the

conversation is:

User is interested in knowing the
bot's music interests. The bot
likes rock music, such as Barbie
song by Aqua.

(e44) The persona of the next turn

should be: / listen to metal songs.
My favorite band is Metallica.

Action
(a44) The final turn should have
the keywords: like, play, lot.

(a42) The length of the
response should be short

actions (a4, a42) as described in Table 3a.
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CESAR

* Define an n-D CESAR task:

S Speaker | Utt. | State Evidence | Action
Definition 1 (n-D Task): For any CESAR task of the Uic ri | {si,812) | O (a1}
form IC'A — 1, we call the task n-D Task if there are Input | Assistant | 2 | {s21} {ea1} {an)}

n dialog items in A, i.e. [A| = n. User | 73 | {ss1, 83} | {} {az}
| Output l Assistant | ra | {sa1} | {e41,e42} [ {a41,a42} |

(a) For any dialog item x;;, ¢ refers to it’s turn number
in the dialog and j refers to it’s identification within the
same dialog component, i.e., S, E, A, or R. for that turn.

* Atomic vs. Compositional Task

- CESAR 0|, 2= EfA 3T E atomic 2} compositional task2 L& Fig. 4 provides an example for this setup.
- atomic t_a_sk. 0-Dor1-D J— Tnput Output
- compositional task: n=2 @I n-D task £ [0 v
IC-S {r1,72} 0-D, {} 801
_ - - IC-A {r1,r2} 0-D, {} asi
IC-E {r1,r9,73} | 0-D, {} €41
Definition 2 (Task Composition): For two i-D Tasks, ICS-A {ri,re} 1-D, {s2:1} as
ICE-A {r1,ra,m3} | 1-D, {es} a41
IC (AU {g(Xa)}) — ¥, and ICA-R {r1,72,73} | 1-D, {aq} T4
IC A U >\ — : ICEA-R or ICAE-R {Tl, T9, 7‘3} 2-D, {641, 0.41} T4
( {g(0)}) - ICSE-R or ICSE-R | {r1,7r2,73} | 2-D, {e31, €41} T4
where, Al = 1—1and? Z 1, we combine the two tasks (b) For the given inpu[ dlalog context {7-1, T2, 7'3} and
to form an (i + 1)-D Task: output dialog response {r4} in Table 3a, we provide some

example tasks defined under CESAR framework.

IC(AU{Xa, Xp}) — ¥

10/39
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InstructDial++

InstructDial (instruction tuning benchmark for dialogue)
S @8 0|E3t HM™QI InstructDial++ A4

training benchmarks Of|A& HIO|HE Z2H5t= A
25X 0| 3kS O|XICH= 20| &2 H /e
> 157H°| *7f CilO|E{ At 4271 2] AfZ-2 atomic (i.e. 0-D
& 1-D) tasks 2 E3l InstructDial #IX|0}3 2 St

o 450

Instructdial++ benchmark & 657129 C|O|E{Al B 867
EiA=Z L E

Relation classification

Instruction: You will be given some
conversation text and you need to find the
relation in the conversation between
specified people or speakers.

Input: [CONTEXT] Speaker 1: You know
Phoebe, when | was little... [ENDOFTURN]
Speaker 2: Oh, | love family
[ENDOFDIALOGUE] Possible relations are:
[OPTIONS] 0: students, 1: visited place, 3:
schools attended, 4: siblings, ....
[QUESTION] Choose the most possible
relation between Speaker 1 and Ursula

Output

Emotion grounded generation

Instruction: In this task, write a response
to the conversation so that the response
contains the emotion provided

Input: [EMOTION] joy [CONTEXT] Oh God,
what happened? [ENDOFTURN] Oh. God,
crazy Chandler. He spun me off the bed!
[ENDOFDIALOGUE]

[QUESTION] Given the context and
emotion, the response is

Output

Wow! Spinning that sounds like fun.
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Mapping InstructDial++ to CESAR

* Generative and Discriminative Tasks

- 2F InstructDial EfA3E CESAR ¥AIO=Z OS] 2o X, 2= XN XU =55 Q0| w2t CESAR
EfAZE St

Instruction:
Generate a coherent response based on provided actions.

Dialog Context

Rule Task1 Task2 Composed Task Common Dialog Components Target Field : Hey do you like music?
Yes, my favorite is Barbie Girl! : O
1 ICAR ICAR  ICAAR de, r r 2 B s s s |
2  ICE-R ICE-R ICEE-R de.r # S | ATOMIC TASKS | COMPOSITIONAL TASK |
’ o H
3 ICER ICA-R  ICEAR de, r r ; Y ¥ P
4 ICS-R ICE-R ICSE-R dC, r T Action: Action:
The response The response - The response should
5 ICS-R ICA-R ICSA-R de, r r ?hlfu"_’ contain | should depict | = f::?':l';‘;m?fds- catchy,
6 ICS-R ICS-R ICSS-R dC, r T :(eywor«?s;’f‘altchy, ‘ah:kd:‘[:g(?::; T
7 ICE-A ICS-A ICAES-A dc, a a S depic:_the dialog act: ask
8 ICS-S ICA-S ICAS-S dc S (1-D Grounding) (1-D Grounding) 9 ——
9 ICA-A ICS-A  ICASA-A de a [
10 ICA-A ICE-A  ICAEA-A de a e Vs s T
p=) Output:
= Are you a fan of the catchy tune or do you enjoy the playful
Table 7: List of compositional rules. 3 | lyies?



Mapping InstructDial++ to CESAR

* 0-D Tasks

- 2t CESAR EfA3LE H|23H £ 2HZ 17 CHRAER EjA
=SHAHY

- IC-S task: CH3} HEIAE Ljo| HEE B}
=25, dAlgt £= g5tz EfAS(0f: CHet Q)2 Teket

InstrucDial Tasks

Y InstrucDial++
Tasks IC-S IC-E IC-A IC-R Tasks

1-D ICS-S ICA-S ICA-E

ICS-R ICE-R | ICA-R

2-D

i ICAS-S ceee ICES-A  -+++  ICSAR

Figure 6: Comparsion of CESAR tasks in InstructDial++
vs. their counterparts in InstructDial.
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Mapping InstructDial++ to CESAR

*

1-D Tasks
1-D tasks 2 CH3} HEAE 0|Q|o] 20t 4 RAE J|gHO R $irte
ME HN|2|SHH 0-D EjA3 RO t*UtXIE MMES EARIZAE A=

f |'§ [HAIO 2 &}7| 20| E201 =Y

o€ S0, ICA-R2| B2 response generation task2 |3
action,(0f: controlled generation or slot-value 122 T A1)
2t 27tMo 2 XH0| X|HE

IC-R EHA T 2| =FoloF & SEH| HAHAELL O HEUS 25
J|HtO 2 817 | W20 s T FHE| 120 edit generation & X &t

InstrucDial Tasks

InstrucDial++

Tasks Ic-s IC-E IC-A ICR Tasks
ICA-A

0 iIcss |ICAS |ICAE ICS-R |ICE-R | ICAR

Task: I

2:D R - ..
i ICAS-S ICES-A ICSA-R

Figure 6: Comparsion of CESAR tasks in InstructDial++
vs. their counterparts in InstructDial.
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Mapping InstructDial++ to CESAR

*

0-D 3 1-D Of 8liFdt= 2= EfATE =52 2 Ot =2, CESAR
=& A% M3t 2-DEfARE

|22 2= pre-defined rules of L2} A3
(o)

H 1: CESAR compositional tasks 7} Zts = 20| CHEE Of| A

I1I€>'-
- e.g., ICAA-R compositions 2 MZ CtE ICA-R EfAIE Zelot
2g o)
XA 2: Key “common fields” = compositiont|A] 2} EfA 0| A
Ht=El= EE5 LIEM

- e.g., "dialog context” 8! “response”?} o

InstrucDial Tasks

Y InstrucDial++
Tasks IC-S IC-E IC-A ICR Tasks

1-D ICS-S ICA-S ICA-E ICS-R ICE-R | ICA-R

2-D

e ICAS-S oo ICESA  ++++  |ICSAR

Figure 6: Comparsion of CESAR tasks in InstructDial++
vs. their counterparts in InstructDial.
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Experiments

* Models

- ChatGPT model gpt-3.5-turbo-16k-0613

- TO-3B (Sanh et al.,2021) which is trained on a mixture of downstream tasks
- DIAL-TO: fine-tuned on InstructDial dataset and based on TO-3B

- DIAL-BARTO: fine-tuned on InstructDial dataset and based on BARTO

- DIAL-FLAN-xxlI: baseline model based on InstructDial dataset using FLAN-xxI

- CESAR-FLAN-xxl: main model
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Experiments

* Atomic Tasks

- Begins With Generation (BW): 2%l 12O 2 A|A6H= S & A
- Ends With Generation (EW): X|¥&l 21202 ElLt= & M

- Keyword Controlled Generation (KC): X|HEl 7| EAS Za6t= S A

- Length Controlled Generation (LC): £ 20| (short/medium/long) o & A4
- Persona Based Generation (PB): =0 %l speaker persona 0 ff2f S & AHA

- Knowledge-Based Generation (KB): 2|8 X|A 2|4t SE Ao

- Edit Generation (EG): 8EH2 =76t CHZt contextet Y2td QX|SIEE &

- EIo| EF3tE 26 2 & atomic taskd| CH3SH InstructDialZt Lot HEZ! AtE

17/39



Experimental Results

* Atomic Task Performance

- 2= E{AT0M 152 OtL X[ H|O] A2l H| WS U Bl EfAT O M H| =oAL efdE EY

" BW | EW | KC | LC PB KB
Model Traning Dt \— e [ Ace | Ace | Ace | Bl | Bl | Bleud | R
TO-3B Zero-shot 13.12 | 15.74 | 20.14 | 4338 | 144 | 77 | 334 | 1044
DIAL-BARTO InstructDial | 84.02 | 61.46 | 87.24 | 44.92 | 473 | 145 | 10.83 | 219
DIAL-TO InstructDial | 86.46 | 60.84 | 74.38 | 50.56 | 4.43 14 10 203
DIAL-FLAN-xxI InstructDial | 814 | 62.12 | 86.04 | 53.26 | 423 | 13.66 | 932 | 18.96
CESAR-FLAN-xxI | InstructDial++ | 84.60 | 65.66 | 88.08 | 82.98 | 4.81 | 145 | 976 | 20.06

Table 4: Evaluation results on atomic tasks. R-L stands for Rouge-L metric, best results for each column are bold.
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Experimental Results

* Compositional Task Performance

O] EE = = o]
= EfAIOA HO[AZR! FOEHE=E 95 EY
1 =0 — SHE iti = L Ol 2
atomic EfA 0N £22 H&0| HIEA| ST EfA T 2| compositional EHRA TS| 452 2 O|HX[X|= = B5
BW+ | BW+ | BW+ | EW+ | EW+ | KC+ PB + EG +
EW KC LC KC LC LC EW EW
Model Training Set Acc Acc Acc Acc Acc Acc .E‘cl‘é R-L i‘cl\é R-L
TO-3B Zero-shot 2.38 4.39 5.75 2.95 6.92 8.55 5.4 11.56 | 22.5 | 29.9
DIAL-BARTO InstructDial 69.01 77.2 38 46.3 11.8 16.65 | 82.8 50.2 | 852 | 832
DIAL-TO InstructDial 72.9 72.8 425 49.1 27.4 35.2 76.9 46.1 | 845 | 77.2
DIAL-FLAN-xx1 InstructDial 70.1 78.53 | 4425 | 58.04 | 30.15 | 444 | 82.53 | 49.05 | 89.3 | 85.33
CESAR-FLAN-xxl | InstructDial++ | 75.18 | 83.08 | 70.43 | 62.7 47.2 68.6 88.1 519 | 94.8 | 93.10

Table 5: Evaluation results on compositional tasks. R-L stands for Rouge-L metric, best results for each column are

bold.
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Motivation

- LLMs2 demonstrations 2 £¢t in-context learning (ICL)E A 22 EfA 0| adapt St= 55 EHS
- J|ZE AR ME FE 2QE AA(eq., training dataset or relevant text corpus) Off CHgt HZ20

JbsSiCta Iy
- 2Lt AX| AL 0f| A AMEXHE AA0| HIZGHK| YD E LIMS FH2|T + US
(e.g., API EE= ¢l RIE||O| A E Sl

XX oISk O] &l

- EESHhandcraft demonstration & @56|2] AS0| 2™ sk O|& 4~ Q)

- Demonstration 2 MZ2 EH&E% sh&610| HCH= LLMsO| 0|0] 2tX|1 QY= 5SS EfH zHelo=z
10| & Bt= ¥ O"°*° [l = S

- CoT, instruction-augmented ICL 10| A{..

2> LLMC| M| 24F 530| dta IOt (O, O|0] CrFot Efzll EfASIE ol = QU

=

tX| 0 USS LEFH
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Overview

- Zero-shot in-context learning= {[¢h Aot TETE T QAR A2 SELF-ICLS X[QF

- ICL s=&Z 2%t input and label spac 223+ = self-generated demonstrationsE Edlf LLMQ|
XX E J|=S 0|2 0LH
-] -1 o= = d

D
njo
o |

- Query (i.e., a test input)?} FHX|H SELF-ICL2 M| THH| 2 L4 &
1. 2490 T FHe2|et Y EHA= demonstrationOf 2 ZZHO| X[F=l pseudo-inputs2
Hd5tEtE TIA| X[ FA|
2. BHO| HZ A TEXTEE Sl pseudo-inputsO| CH3t pseudo-labelsE 0|Z

3. ‘4%t pseudo-input-label pairs € demonstrations= AFE3510{ inputd| CHSH ICLZ =X

Method Inputs Labels
AuTO-COT from training set no need
Z-1cL from external corpus  no need
SG-IcL no need given

SELF-ICL (ours) no need no need
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SELF-ICL framework

v
(| o )
Step 1 Q: (False) or ( False ) and ( True ) is
(Following is an example instance for the task:\ New instance 2:
Evaluate the result of a random Boolean Q: (True ) and ( False ) or ( False ) is
expression.
Please come up with 3 new, diverse, and New instance 3:
creative instances for the task. KQ: not ( False ) and ( True ) or ( False ) J
Example instance: By i t LM
Q: not ( True ) and ( True ) is 16 9 Step 3
kNew instance 1: (Task description: Evaluate the result )
v ~/ of a random Boolean expression. query
L LM . )
argf Q: (False ) or ( False ) and ( True ) is task description,
- N —> | A: False
Q: (False) or ( False ) and ( True ) is -
Q: (True ) and ( False ) or ( False) is pseudo-inputs
New instance 2: —> | A: False
Q: (True) and ( False ) or ( False ) is pseudo-labels
Q: not (False ) and ( True ) or ( False)
New instance 3: —>: | A:True
Q: not ( False ) and ( True ) or ( False)
N 7 = kQ: not ( True ) and ( True ) is y
v
Large LM
¥
A: False 23/39



SELF-ICL framework

*

Pseudo-Input Construction (Step 1)

‘query g ground-truth inputs @41 oA X| 5

—_—

task description T= E}Zl EfA 3 2t HEE MMSIEE J10| =

O

e

mujn

I TEZ HH 2E2 format=2 F25t10, M2 #2| (i.e., pseudo-input)

Gollowing is an example instance for the task?
Evaluate the result of a random Boolean
expression.

Please come up with 3 new, diverse, and
creative instances for the task.

Example instance:
Q: not ( True ) and ( True ) is

New instance 1:
\ >,

v
Large LM

v

(| —_
Q: (False) or ( False ) and ( True ) is

New instance 2:
Q: (True) and ( False ) or ( False ) is

New instance 3:
\Q: not ( False ) and ( True ) or ( False ) J

v

24/39
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SELF-ICL framework

* Pseudo-Label Construction (Step 2)

- pseudo-inputs & ¥ F|, SL3 LLMO| X2 A ZEZEZ E3
labels(the pseudo-labels for constructing pseudo-demonstrations)2

o534

o s}

- Direct prompting

- task description and the generated pseudo-input AFE3510 LLM
OTEDTE X|&

- CoTl prompting
- task description, the current test input
+ a trigger phrase, “Let’s think step by step.”

Step 2

Large LM

(Task description: Evaluate the result i
of a random Boolean expression.

Q: (False ) or (False ) and ( True ) is
A: False

Q: (True ) and ( False ) or ( False) is
A: False

Q: not ( False ) and ( True ) or ( False )

A: True

25/39




SELF-ICL framework

* Prediction (Step 3)

- pseudo inputs-outputs pair2 pseudo-demonstrations(i.e., pseudo-
shots) A8t LB QI few-shot ICL SE0| M2} test input0]] CHt
£|F answerg o5

- &, pseudo-shots (with instructions)O| test inputOf = 2f&[0f
prompting2| contextZ ALE

e L

Step 3

a8 _— i)
Task description: Evaluate the result
of a random Boolean expression.

Q: (False) or (False ) and ( True) is
A: False

Q: (True ) and ( False ) or ( False) is
A: False

Q: not ( False ) and ( True ) or ( False )
A: True

é): not ( True ) and ( True ) is

i/
v
Large LM
¥
A: False
26/39



Experiments Settings

* Language models

InstructGPT (text davinci- 003) At
SELF-ICLe| YElst 452 | ¢

= |8t =71 Me2 PaLM-2 B3 AHH9| text-bison-0012 GPT-3.5 H &9
gpt-3.5-turbo-instruct *f%

*

Dataset
BIG-Bench Hard (BBH) benchmark At
- BIG-Bench benchmark S0 2% 2& 452 2= OF] Q12 238 HO0{MX| Zoth= 082 EfAI ST
DOtE2 A (277 EfAZE M)
- 0] & 23742| multiple-choice EfA3E SELF-ICL B2} H|O|E = Ar
- e.g., data_understanding(&*&t 0|3l)), hyperbaton (H|&) -

Today is Christmas Eve of 1937. What is the date tomorrow in (B)
MM/DD/YYYY? Options: (A) 12/11/1937 (B) 12/25/1937 (C) 01/04/1938 (D)
12/04/1937 (E) 12/25/2006 (F) 07/25/1937

In the UK, people usually put the day before the month when formatting (A)
the date. Therefore, today is 02/01/1987 to them. What is the date a..
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Main Results

- REEjAT O HH H50)M direct and CoT prompting setting 2Lt SELF- ICLS| H50| O £
- SELF-ICL with direct prompting 2 ZS-CoT promptingZt H|==gt =&

- SELF- ICL with CoT prompting 2 zero-shotQ!| few-shotf 45 H|==5}C}

Direct Prompting CoT Prompting

R Tk ZS-Direct Self-ICL 6 ZS-CoT SelfICL & eliot
Boolean Expressions 84.00 87.20 3.20 85.60 85.60 0.00 89.60
Causal Judgement 55.61 61.50 5.88 58.29 58.82 0.53 62.03
Date Understanding 54.00 56.80 2.80 66.80 69.20 2.40 58.80
Disambiguation QA 64.00 68.00 4.00 64.80 67.60 2.80 68.80
Formal Fallacies 56.00 55.20 -0.80 55.20 56.80 1.60 58.80
Geometric Shapes 34.40 36.00 1.60 29.60 33.60 4.00 36.80
Hyperbaton 56.80 59.20 2.40 53.60 53.60 0.00 57.60
Logical Deduction (five objects) 41.20 40.40 -0.80 37.60 40.80 3.20 45.60
Logical Deduction (seven objects) 43.60 40.00 -3.60 39.60 36.00 -3.60 40.00
Logical Deduction (three objects) 56.00 65.60 9.60 58.80 64.80 6.00 64.40
Movie Recommendation 63.60 75.20 11.60 64.80 70.40 5.60 717.20
Navigate 49.20 68.00 18.80 53.60 57.60 4.00 52.80
Penguins in a Table 58.90 63.70 4.79 60.96 64.38 342 62.33
Reasoning about Colored Objects 59.60 61.20 1.60 68.00 67.60 -0.40 65.20
Ruin Names 54.40 66.40 12.00 48.80 56.40 7.60 84.00
Salient Translation Error Detection 51.20 57.20 6.00 50.80 54.00 3.20 65.20
Snarks 54.49 62.92 8.43 37.08 55.06 17.98 65.73
Sports Understanding 67.60 65.60 -2.00 71.20 69.20 -2.00 71.20
Temporal Sequences 57.60 35.60 -22.00 64.80 52.00 -12.80 39.20
Tracking Shuffled Objects (five objs) 18.00 19.60 1.60 25.20 29.60 4.40 16.40
Tracking Shuffled Objects (seven objs) 14.40 18.40 4.00 31.60 27.20 -4.40 15.20
Tracking Shuffled Objects (three objs) 26.40 28.00 1.60 36.00 46.00 10.00 30.40

w— Veb QLligh = = = = = = = 5320 572 e 00 e (D0 65D o LA S5O
1 All Tasks (avg) 50.81 53.931 3.12 53.22 55.54" 2.32 55.49 |
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Main Results

- 2374 EfA30] CHot SHCHY H[W Figure

- direct prompting 2| AL SELF-ICL vs the ZS-Direct baseline : 18-0-5 (win-tie-lose)
- CoT prompting?| L SELF-ICL vs the ZS-CoT baseline: 16-2-5

- SELF-ICL without CoT (SELF-ICL with direct prompting) vs ZS-CoT = 14-1-8

- A HYO|L HZEE answerE XY =& U= reasoning chainsE 4/dotX| 41 =AM LM
FE2 5HZ 0|F0{W7| ufZ

Direct Prompting CoT prompting Self-ICL (w/o CoT) v.s. Z5-CoT

20

DGDDDDDDDDDUDUHHH{ | __mDDDDDDDDDDDHH{ __BDDDDDDDDUUH{

-20

Accuracy Delta (%)

blue/orange indicates SELF-ICL wins/loses
29/39
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Generalizability

-

- HIOJor SELF-ICL 2|30t CHE 2Eof ditate o~ U=X| BIISEI| 218, InstructGPT 2|0f 22| A8 &=
= JFX| LLMQI GPT- 3.52} PaLM-20{| A A% 228

- = - |:_ =15 | © ©
- Ot2ff A ZotE Sl SELF-ICLO| CHE 20| Hhtetest 4= UZSS AlAF!
text-bison-001 gpt-3.5-turbo-instruct
BBH Task ZS-Direct Self-ICL & ZS-Direct Self-ICL &
Boolean Expressions 60.16 58.94 -1.22 84.80 88.40 3.60
Causal Judgement 47.37 48.54 1:17 42.25 12.30 -29.95
Date Understanding 42.40 41.20 -1.20 59.20 57.60 -1.60
Disambiguation QA 33.33 33.82 0.49 60.00 63.20 3.20
Formal Fallacies 57.20 56.00 -1.20 52.00 50.40 -1.60
Geometric Shapes 15.20 19.20 4.00 34.00 36.40 2.40
Hyperbaton 57.43 68.27 10.84 82.40 82.80 0.40
Logical Deduction (five objects) 18.34 23.58 5.24 42.00 38.40 -3.60
Logical Deduction (seven objects) 10.88 13.99 3.11 41.60 34.80 -6.80
Logical Deduction (three objects) 37.89 37.00 -0.88 56.00 59.20 3.20
Movie Recommendation 26.23 26.23 0.00 74.80 76.00 1.20
Navigate 58.71 57.21 -1.49 42.80 64.80 22.00
Penguins in a Table 42.76 42.76 0.00 51.37 55.48 4.11
Reasoning about Colored Objects 62.40 70.80 8.40 54.80 56.40 1.60
Ruin Names 30.81 26.16 -4.65 70.80 64.80 -6.00
Salient Translation Error Detection 22.13 22.54 0.41 41.60 51.20 9.60
Snarks 54.86 50.86 -4.00 63.48 60.67 -2.81
Sports Understanding 46.45 45.90 -0.55 62.00 50.00 -12.00
Temporal Sequences 28.51 30.58 2.07 20.80 32.80 12.00
Tracking Shuffled Objects (five objects) 14.52 17.74 3.23 18.00 16.40 -1.60
Tracking Shuffled Objects (seven objects) 20.00 19.60 -0.40 17.60 12.40 -5.20
Tracking Shuffled Objects (three objects) 29.32 32.93 3.61 3240 36.80 4.40
Web of Lies 57.20 50.40 -6.80 15.20 38.40 23.20
All Tasks (avg) 37.78 38.83 1.05 48.52 49.72f 1.20
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- generated pseudo-inputsOf| CHoF CHFoH B2 = (shot2| 4=, pseudo-labelsE HEOZ) S HLotSH= CHAS
MIZIO| A SELF-ICL At ZAL
- {(xy, y1), s (X, Vi)Y 2 EAE|= k-shot demonstrations & ef0| 0| &

- x;is the input text
- y;is the label

(2) input space: the underlying distribution behind x; , ..., xi

(3) label space: yy, ...,y OIM G+ 7tset gio|2 &
- input with instruction-like descriptions & 20| label space ¥HE == US

(4) pairing format: the format representing the x; — y; pair.
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Analysis

* The Entanglement of Input Space and Input-Label Mapping
- 4J1X| &M = label space 2 input Off X|HE|HLt task description0f] AHE[O] US
- e.qg., input : options presented for multiple-choice
- e.g., task description: “Evaluate the result of a random Boolean expression.”

=l o R= B&2 input space and input-label mapping &
- —’F—O1 ZlinputsE S ASH0] labelsE ‘-d5H= copying effect 7t Hl e =2 O ME
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Analysis

* Different Approaches for Generating Pseudo-Inputs

palell
=

Y

Of

mH
1

- copying effect* 2| &= &t2t5t2{ ™ pseudo-inputse| CHAHE S =0|&=
*Z= 0| Xl inputs2 =ALSHO] labelsE MASH= Bk

- SELF-ICL's pseudo-input A4 8! potential copying effect0i| CHt O|SHE SFAFA|F|7] {8 pseudo-inputsE
=g ol 39FX| LEE20] CHal ZAre
(1) Batch inference
: Step 10| M FO0{X|= inputse| =& {2 = &

(2) Prompting with diversity hints
“new”, “diverse”, and “creative” pseudo-input instances £ XN &5t E 2| HA|A inst.

(3) Prompt without diversity hints
L inst.0l M keywords “new”, "diverse”, and “creative” M|H3} 1 LIHX| MEE SUSHH QX
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Analysis

* Different Approaches for Generating Pseudo-Inputs

- 2 ato = MAE pseudo-inputs Tt test input 2+2] FA}

- batch inference?} real inputsz} 7t

& QAR pseudo-inputs A4

0.70

0.68F

Similarity

0.60

Ol FALE Al

o
o
=)

o
[=)]
S

aa

Ry

Real

atch

us]

Diverse

No
Diverse
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Analysis

* Effect of Different Number of Shots

- LYot pseudo-demonstration shots &0 A SELF-ICLS| &&= TAlE

- 3-shot setting 2 SELF-ICL2| 0|Q] HHO|A XHEHSH BIHO|DH, 1-shot setting 2 3-shot setting Of|A FHE
HEZNA ALE

- 0-shot setting ZS-Direct H|O|AEZ}Q1

> 1-shot & 3-shot HIH= A5 HO{X|X|ZH M2 AHRCH 0] =3 Z2 A5 HO0|H SELF-ICLY| Ftd U5

=== ===
[
I 54t
|
|
I"SB- I
8 I o)
| 52t \ 0
I<?:51 : ° o]
~ e o
|E \ I (o] b o ¢
IESO / I O b o o
|
49} \ | (o) b o d
: 48} / I o '.'.'
I N, l. al S
|

0- shot 1-shot 3- shot | No Diverse Random Batch
Pseudo-Label 35/39




Analysis

* Effect of Random Pseudo-Labels

- Pseudo-labelse| E&2 H3S5H7| s, Step 20{|A] M=l pseudo-labels & SHHOZ EO LK random
pseudo-labels 2 pseudo- demonstration & /451 test input's answerE 0%

A

|2k

—

i

1=

>

- Als A3t random pseudo-labelse= few shotELH= Hs S HO =z =2 85 E0E

m
r
2

- random labels & AE3S M L = M of= B OIAEAOQA LLMO| demonstration labels&

HELZ QA5 of [h2t o F&5 =AY«

ﬁ'ﬁ olr

w
N
T

All Task Avg (%)
wv
o

7
4 o

0-shot 1-shot 3-shot No Diverse Random Batch
Pseudo-Label 36/39
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Analysis

0.2}
* A Deeper Look of SELF-ICL's Pseudo-Inputs
. . 0.1 4
- generated pseudo-inputs Q| Lt IF copying effect o
2152 erelsto| §lef TELEO| phase %7t 2 _=nEnEnl
- prompting LLMs to be diverse with key words “new”, 5§ °° DDDD@—— *
“diverse”, and “creative”. E i
-0.1
- generated pseudo-inputsO| =& LGO|EO|AM HEHO =
HEYE real inputsilf H[WSIH 25| |AHX| YO =2 ~0.2
H=
. . . ﬂﬂcwcmmcmwmgmgmgmHﬂ
- query-input distance®} real-inputs 2t2| S AT X0 BEEE RS EREEEE S ENE-EEE
5365828 sgsgscTs8ecwc el
ccseglBegcfrE2e"292°
. - E§3E285£3°355 "5S¢ §3%
- AXPOE F+E FHE[Pt real-inputs sampled from training SEE “gogg F EE£Y Tgs
i i o) = Y T 5 = S 3 3 80
set2 Lt pseudo-inputstl & 7411 copying effecte| &= 3G ¢ 58c8 g 28 93
— C v =] o Q
2E 7t580| =Ch= AS LEHH S s £2 8 s 0 4
o c o
L B f .§
5 2
= o
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Insights

=2 H5 real-world A|LIZ|2E HZSIHA HE
> EXl= HAHC 2, Si|E 2 EFIEIGHA]..

- CESAR M&E 7| &0 ZXHot= ClO|EfA0]| =7} Ef St At&otH =52

I
-~
(@)
o
-]
>
.
o
[
—
o
oﬁ
St
kN
rr
*n

- LLMs A5 gFare 2|8l 2FE9| instruction 3| 0| HE Xt 3t s EXH
- CoT, Task decomposed S TEZE HIHZ2 |{B [USIL| X153t Z2O0Z2 E= A 27|,
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