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Background

- Multiple-choice question answering (MCQA)= 0% 20 it MX[oM §HE2 12 = EfA3
« Commonsense knowledge 3 scientific knowledge2} 22 S8t X|A 1 2|2 52 Q7 &
- MCQA T{{C}Y 27}X
- encoder-decoder model
- Q2 2 & MX| concat SHA] input
- OUutputl=2 & MX| 1 LI_REE [e]o,]...[0.]— Encoder —= Decoder —»[0,]

- encoder-only model
- QY 22E9o| MX| pair {A] Input
- 2} pair & =HE oM JHE E2H AE
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Figure 2: Paradigms for MCQA.




Motivation

- J|&9| encoder-decoder model O|A decoderE classifier2 S420t= S APXSHS HEHDO| S XA

L
DHEo| knowledge?t Z28| HEL|X| U2 + US

« classification and regression tasksO|AM |2 layer?t MCHE ZEE|X| ¢f= B

o oro
O™T LoO
- Key findingse= X2 A X| 2Fe| Etd S Oiefdt= 210|H, 2=
Question:
A company makes notebooks for college courses,
> DHo| MM =2 gl nHEo| JHX|1 Q= knowledgeE &83}7| sothel_r main material is ?
QI8H Q12+0| MCQA EfA I E 8| Hs}t= HiAlS mHE (A) Chips (B) Water (C) Grass (D) Trees
o L= o = - L o L Clue: Paper
. O_I?_f: HSE %2 * dEHE Fol=l 20| == i

Figure 1: An example MCQA task and a generated clue.
Bold underline indicates the correct answer.



GenMC Model

* Architecture of GenMC
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GenMC Model

* Clue Generator

- question QE input2 £ B0t clue CE outputs

- clue text C7} OFl clue®| representation H¢ & 20| AR Clue Generator
- 91F 0| AM question representation ¥ C|Z O A clue Transformer
representation ¥ dl HE

Encoder F—_‘ Decoder
i

'y

C C C i
p‘.,- ’ Hj = Decoder(c_,- =1, H<j K HQ) : Input question Q LGEN

= forward pass

Cc . . o
- pj !j-th step®| decoding vocabularydj Lot 2t =X ~ backpropagation from £READ
~ = = == backpropagation from L%

- H9C: QE O E olslisty FEHS ¥s|=H 20| € £ U= €2
.i

|5
informationS X




GenMC Model

* Enhanced Reader

HQC Predicted answer
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GenMC Model

* Training Objective
- MCQAO|M correct answer 2| 271X £ (text , index)E &&

- clue generatorZ supervisest?| 2|5 textE2 AMESI1,
enhanced readerZ supervise ot7| 2|5l index&Z(i.e., classification label) AFZ

- text-to-text paradigm 2Lt O XFAAE| 20 O FHO{Ht 45 D& 7tsd 0
<Generator Loss> <Reader Loss>
O¢ O¢ Q
p. H = Decoder(a;-1, HY t.H
3 - j <j ); ERE AD _ il exp(st)
chN___Zlng D i1 exp(si)
m

1=1




Experiment Setup

* Dataset
- S5I7IXI MCQA H|O|EAl o 2 A

- commonsense questions H|O|E{All
- commonsense knowledge and reasoning 528 22
- CSQA, OBQA = commonsense facts 7|9t2 2 humanO| =
- A EE25M(CSQA) B2 42H(0BQA)S| dX[= 17

- scientific questions H|O|E{All
- scientific factsOl| CHet =2 TR
- ARC-Easy, ARC-Challenge
o 4 MX|2 AdE XFetu 72| 1t

-1 - O (@]
+ ARC-Challenge?} 2|=d 52{0| O 78| Ho|E £ 280z 74
- QASC
. ASthn U Fetm 40| 1tet £H|2 2t 2300] 8oKe| Mx|2 24



Experiment Setup

* Baselines

- TeXtZTeXtvani”a

input question= 2 & candidate options2} concatst,

2F 4 Aol S id M ZF A[RA7(Z| B E

AZE A B A= QFEO| feed E|0] 2X|2F 2E Z4301| CHet joint representation ¥ &
Sl joint representation 2|2 = C|Z 2} option ID outputs

0| MIEIo|M C|2 = classifierE AL

- Text2Textenc

QIC|ZE ZANAM AFH BEL ALE

T
2t SM0ICt QI A EHE ARBHA 282} joint representation H|4t

2t representation2 scorer (i.e., an MLP)0|| '20{A| question-option pairl| M+E 282 A

=
=2 e T2 E3d8 005



Main result

* Results

fujo

GenMCPt 7|& B EHL} pre-trained encoder-decoder modelsg& O RO 2 AFEY = /USE EHE

CHE S Text2Texte, 0| Text2Text ., 2L s £
> AHEHS S S8l U2 C|AH Q| general language knowledgeO| classifier2 2t AFRE|0] HH|T|= AL U2
> GenMC = C|3H X0 2 &8 Jts

- AINES S E8f €2 embedded knowledgeO] MCQA Ef A0 0HR S QEH2 A|A}
CSQA OBQA ARC-Easy ARC-Challenge QASC
dev test dev test dev test dev test dev test

BARTEse
Text2Textyaing  51.62 (£0.04) 53.26 (£0.57) 54.93 (£0.83) 52.73 (£1.00) 51.55(%+1.38) 50.51 (+1.82) 30.05 (£1.25) 24.95(+1.10) 46.72 (+1.21) 26.78 (+1.21)
Text2Texteqe 50.63 (+0.66) 5222 (£1.64) 55.87 (£1.10) 51.00(+1.83) 49.03 (+1.86) 49.94 (+1.49) 3232 (+4.87) 26.24 (£2.01) 48.08 (+1.35) 17.06 (+0.39)
GenMC 54.82 (+0.61) 56.40 (=0.61) 58.53 (£031) 57.53(+291) 59.38 (=1.60) 56.80(+028) 38.64 (+0.90) ..-3332 (k66 57.70 (£0.43)  35.96 (£1.70)
TSBASE I
Text2Textyaina  57.59 (£0.81)  60.93 (£0.73) 59.53 (£0.81) 57.53 (£0.70) 52.20(£0.31) 51.75 (£0.89) 29.38[&2.63)' 23.69 (£2.47) ¢54.55 (x£1.01) 37.94 (£1.47)
Text2Textey, 58.96 (£1.21) 59.49 (£1.41) 60.67 (£2.86) 57.07 (£3.03) 56.55(£1.17) 5292 (+0.29) 29.49 (£5.13), 26.09 (£0.23) 56.84 (+0.84) 39.60 (+2.38)
GenMC 60.65 (+047) 63.45(£029) 62.07 (+1.01) 61.67 (+058) 62.38 (+0.67) 58.82 (+0.37) 43.62(1052)' 39.00 (+030) [58.93 (+176) 41.72 (+1.18)
BARTL.’\R(}E: ===
Text2Text,qina  65.58 (£2.72) 66.91 (£2.14) 62.66 (£1.18) 61.46(+£1.74) 63.49 (£1.89) 62.81 (£2.15) 29.94 (+2.32) 28.55(£497) 64.57 (x£221) 47.80(x222)
Text2Texte,: 65.00 (£0.66) 67.35(£090) 63.80 (£1.44) 62.47(+1.53) 68.20(£2.04) 6533 (x1.74) 3537 (2607 31.13(£586) 65.07 (£094) 47.19 (£0.71)
GenMC 69.57 (+0.89) 72.26 (+0.70) 68.93 (+1.17) 68.07 (+1.70) 7243 (+0.54) 68.68 (+0.34) 48.93 (+098) 4552 (+1.54) 68.39 (+0.68) 5590 (+0.92)
TSLarce
Text2Textyaine  67.53 (£0.43)  70.63 (£0.74) 66.80 (£0.87) 63.53 (£1.10) 65.61 (£0.18) 62.55 (+0.54) 43.05 (+£1.69) 42.83 (£2.00) 64.13 (£147) 57.74 (+0.82)
Text2Textepe 68.41 (£0.73) 70.30(x£0.82) 6593 (£1.03) 63.67 (£0.46) 69.61 (£0.20) 66.65 (£0.34) 30.73 (£3.15) 28.76 (+£4.85) 65.27 (£1.55) 55.65 (+0.45)
GenMC 7110 (£041) 72.67 (£1.02) 71.60 (£092) 66.87 (+1.33) 7249 (£0.77) 69.01 (£1.97) 49.83 (£2.06) 4741 (=2.00) 67.61 (+1.14) 58.06 (+0.92)




Main result

* Error Analysis

- Clue type2 37fX|(Irrelevant, Relevant but unhelpful, Helpful) £ LIHM 25 24

- Clue9| 23.60%= & Q1= clueZ 25|2] 2X| Z0|0f sk
> Future worksOf|A] 220 A] clue I & 4H4d5t= Bt 915120t

Example
Clue Type Percentage T Clue
Which would you likely find inside a beach ball? g
Hreevant 23.60% " (A)cheese (B)steam (C)water (D) air pquid
What may have been formed by a volcano?
Relevant but unhelpful 52.40% (A)Mt. McKinley (B) Lake Pontchartrain (C) The great lakes a lake
(D) Niagara Falls
Where would there be an auditorium with only a single person speaking? school

Helpful 24.00%

(A) lights (B) crowd (C) university campus (D) theater (E) park

Table 6: Distribution of clue types in negative cases with examples. Bold underline indicates the correct answer, and

italic indicates the predicted label.
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Motivation

* 1B params O/t 22/

- instruction-tuning datasets Qtoi|lA{ REZ} M9 1% 0|22 XiX|8H7| W20 LLM2| RE A58 O|ZBHLHX|
2t O

- instruction-tuning datasets?| &2 EfA T2l QAY| REE ¢A[SH= T2 YR 22 QA4RE X2t

> REE multiple-choice question answering (QA) of| align A&
- MCQAZ}instruction-tuning datasets £ 7% B0| XXt Q2| M2 (12-15%)



NLI RE Vanilla RE QA4RE

B\ Given a sentence, and two entities within Determine which option can be inferred from the
the sentence, classify the relationship given sentence.

between the two entities based on the
provided sentence. All possible Sentence: Wearing jeans and a white blouse,
relationships are listed below: Amanda Knox of Seattle is being cross-examined
J', ‘ . - per:city_of_birth by prosecutors.

/\Nearing jeans and a white

blouse, Amanda Knox of
Seattle is being cross-

. examined by prosecutors. y

y o

, ) - per:city_of_death
Amanda Knox lives in the /L - per:cities_of_residence Options:
city Seattle - no_relation A. Amanda Knox was born in the city Seattle
l B. Amanda Knox died in the city Seattle
Sentence: Wearing jeans and a white C. Amanda Knox lives in the city Seattle

' blouse, Amanda Knox of Seattle is being D. Amanda Knox has no known relations to Seattle
heeshold. cross-examined by prosecutors.
Entity 1 : Amanda Knox Which option can be inferred from the given
Entity 2 : Seattle sentence?
L Relationship: per:city_of_birth (X ) Option: & &2

.

J

Figure 2: This figure shows a schematic of the SOTA NLI zero-shot framework in which each sentence must
be compared with each relation template (left), the vanilla formulation for prompting GPT-3 for RE as done in
Jimenez Gutierrez et al. (2022) (center) and our multiple-choice QA setting, in which each relation is transformed
into a template and GPT-3 is expected to predict only a single letter (right).




QA4RE

RE EfA3IE MCQA EfAIE XA

Xl head and tail RE entities (E, and E;)Z relation templateso|

multiple-choice optionsZ AFE&OZM LLMZ QA instruction fine-
tuning

ajo

7|&2| verbalized relation Ei4l answer indexZt 4 ggh =+~ QI

QA4RE

Determine which option can be inferred from the
given sentence.

Sentence: Wearing jeans and a white blouse,
Amanda Knox of Seattle is being cross-examined

by prosecutors.

Options:

A. Amanda Knox was born in the city Seattle

B. Amanda Knox died in the city Seattle

C. Amanda Knox lives in the city Seattle

D. Amanda Knox has no known relations to Seattle

Which option can be inferred from the given
sentence?
Option: €.




QA4RE

- REE MCQAZ transformd}t?| 2|8ilA, 0Tl relation example
(S,En , EJ)Oll CH3H sentence S £ standard QA2| contextZ &&

- pre-defined templates filled with E; and E; entities 2 F/d& &M
AH A
[oNe]

- To ensure a fair comparison, type constraints2 H-&dl{A head and
tail entities@t @ 2HE| X| Y= relation types &M XA

« e.g., E,: PERSON ¥ f personO| headquarter 2= HE gl & I}
“org:country_of_headquarters” 2tA|= invalid

QA4RE

Determine which option can be inferred from the
given sentence.

Sentence: Wearing jeans and a white blouse,
Amanda Knox of Seattle is being cross-examined

by prosecutors.

Options:

A. Amanda Knox was born in the city Seattle

B. Amanda Knox died in the city Seattle

C. Amanda Knox lives in the city Seattle

D. Amanda Knox has no known relations to Seattle

Which option can be inferred from the given
sentence?
Option: C.
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Experiment Setup

* Dataset

- RE datasets 47tX|
« TACRED
« RETACRED
« TACREV
« SemEval 2010 Task 8 (SemEval for brevity)

- J|E o310 Wt F1 AT AL

- API H|E {20 2F G|O|E{AllQ] test setH|A] 1,0007H &50FA] test setO E AtE

19



Experiment Setup

* Baselines : Zero-Shot

- Small LM-based models
 REE NLIEjAZZ XY F1/HSt0 MNLI dataset2 2 fine-tuning & LME A2
« (1) BART- Large, (2) RoBERTa-Large, (3) DeBERTa-Xlarge

- SURE
- REE Q9 EfAIZ 1438t generative LMs (BART-Large, PEGASUS- Large) A2

- NLI approach?| 32, TACRED % TACREVOA XA EIZ 3! ALR3HAM As CHA| 2| ZE
+ RETACRED 2} SemEval= ®E50| g17| If20|| ST ClO|E{Alle] &4 17191 SURE 2| HIZS! AL

- LLME Z3ist B E X2 AF 2 relation label space £0|7| €I8H entity type constraints &
« SemeEvale QE|E| EFY M| ZSHK| Q47| IH20] M|2F =H HE X

20



Experiment Setup

* Baselines : Few-Shot

- main A3 zero-shot REQY| XHAGSHX|Zt TACRED dataset|A small LM-based methods®t H|WE Ed
QA4RE 2| d& 7t &4

- NLI baseline2 few-shot settingQ £ &%t
- D3 =32 5 RoBERTa-Large2 Otz 37H A&
(1) standard Fine-Tuning

(2) PTR using prompt-tuning with logical rules
(3) KnowPrompt using entity type knowledge via learning virtual tokens

21



Experiment Setup

* QA4RE Implementation Details

- For prompt engineering, TACRED dev set2| 250742 A EMIO|A text-davinci-0025 A S pilot AT Of|A
vanilla RE 3! QA4REO]| Ciet prompt formats 2} task instructions & T{&

- LLMs in Chat Completion API (gpt-3.5-turbo-0301)2| control SM0| HJ| WE0| temperature=02 2
M|&St C|ZE system prompt AR

- CI¥oEfA IO i3 SHEEl QE AA FLAN-TS series LLMsE AT &
> ar50| AF2El 1,836 tasks & 0.5% O|2Hof|2t RE-similar tasks &[0 U2| W20 2t HSSH2|0f| Mot
L=l

22



Main result

* Zero-Shot Results

- RE% QAE XH—_TLA-iol- QA4RE I:CI)I-I:I|:|-|O| E% I—I—MEQI Methods PTACl?EDFl PRETArfRﬂ;l PTACII:EVH Psemim F1 I;vlg
50| || EIAIOIA] vanilla RE BCF A5 SF BOl e

NLIparr 426 650 514 59.5 349 44.0 440 746 553 216 237 226 433
1Y) 1 — 371 769 50.1 523 67.0 587 371 836 514 176 209 19.1 4438
; SEA NLIpeBERT: 429 769 55.1 717 583 643 433 846 572 220 257 237 50.1
_ _ MY 3EA SUREpagr 131 457 204 179 346 236 141 523 222 00 00 00 16.5
FLAN-T5 I—I—MSO'” QA4RE frameworkol OO oo SUREppGasus 138 517 218 166 346 224 135 541 216 00 00 00 16.4
™ % GPT-3.5 Series
. Vanilla | 32.1 74.8 449 454 613 521 303 796 439 182 208 19.4 40.1
> RE EHAZJF FLAN-T5 SfSot=0O AFE El ™7 oamens mo 442007 483 768 93072 347 1 #2043 29 352 23129 4600159
. . o Vanilla | 272 70.1 392 427 704 53.1 275 717 406 272 256 264 39.8
INnstruction task52| 5% |:|| I_% |-I|o|-E D)d% ©0de-002  GARE | 377 654 478(+86) 480 740 S82(+5.1) 317 655 427(+21) 252 292 27.0(+0.6) 439 (+4.1)
N op Vamilla [312 731 437 441 763 559 302 768 433 314 288 301 432
ni E:I OHQ [[H HlEAjl. I-l O EHA OJ= QA JFro et QA4RE | 356 684 468(13.1) 464 724 565(+06) 357 768 488(+54) 294 343 316(+15) 459 (+2.7)
= E extopy  Venilla | 369 688 481 497 622 553 382 768 51.0 332 393 360 47.6
: -+ g AdRE | 477 78.6 59.4(+113) 562 672 612(459) 460 836 59.4(+84) 417 450 433(+73) 558(182)
common instruction-tuning tasks f lignoh™ 2
- eries
e ]l
LLMOl |OW frequency taSkSO‘"*'I % HEI'-?-l"EI' A S, Vanilla | 51.6 49.1 503 543 403 463 560 59.1 57.5 356 298 324 46.6
A8 OAJRE | 400 782 530(427) ST1 797 665(1202) 407 859 553(-22) 451 400 42.5(+10.1) 543 (47.7)
Io (=] EO:I XXLage Vanilla | 521 479 499 566 540 552 526 509 517 296 288 292 46.5
=] 2 QA4RE | 406 829 54.5(14.6) 566 829 673(+12.1) 39.6 864 543(4+2.6) 410 478 44.1(+149) 55.1(18.6)

Table 1: Experimental results on four RE datasets (%). We omit the ‘davinci’ within the names of GPT-3.5 Series
LLMs and ChatGPT refers to gpt-3.5-turbo-0301. We mark the best results in bold, the second-best underlined, and
F1 improvement of our QA4RE over vanilla RE in green.
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Main result

* Zero-Shot Results

1 |
- o - i A ] O.I TACRED RETACRED TACREV ' SemEval " Avg
SemEval dataset 2 type-constraintsO| gi7| Z0| Methods | , TACRED SIS SO e, B
ETI O-I E:I% Baselines | |
NLIpagr 426 650 514 505 349 44.0 40 746 553 | 26 7 26 | 433
NLIRopERTs 371 769 50.1 523 670 587 371 836 514 176 209 19.1 4.8
; NIk 429 769 55.1 717 583 643 433 846 572 | 220 257 237 | so1
_ 2 740 ; ; SUREgagr 13.1 457 204 179 346 236 141 523 222 00 00 00 16.5
search spaceO| 2 ST generatlve LMs without 8%, [0 fiae & 2l s 16 6o o0 1 i
. ) L = ) : !
fine-tuninge 2 & & X Z NoOTA relation @ &  orasseia l '
" Vanilla | 32.1 748 449 454 613 521 303 796 439 182 208 194 | 401
Rol:ol-'— 24 o|=0| O|O—|A—| 7:|' ¢OOH |-X| Eo|-j-|| L= ChatGPT o \4RE | 328 68.0 442(-07) 483 768 593(172) 347 79.1 48.2(4.3') 209 352 323(+129) 46.0(459)
00y Vanilla [272 701 392 427 704 531 25 17 w06 V272 256 264 39.8
code QAdRE | 37.7 654 478(186) 480 740 SB2(+S.1) 317 655 427(+2 252 292 27.0(+06f 439 (+4.1)
ooy Vamilla 312 731 437 441 763 559 302 768 433 314 288 30.1 432
SoRt: QA4RE | 356 684 468(13.1) 464 724 565(+06) 357 768 488(+5h 294 343 3re1d 459127
ext0os  Vamilla | 369 688 48.1 497 622 553 82 768 510 332 393 360 416
QAMRE | 477 786 594(1113) 562 672 612(459) 460 836 94(isd 417 a50 ﬁ(e?J 55.8 (18.2)
FLAN-TS Series | 1
- Vanilla | 516 49.1 50.3 543 403 463 560 591 575 | 356 208 324 | 466
WS OAARE | 400 782 53.0(427) ST 797 665(1202) 407 859 553 ( 23 451 401 425(H10D) 437D
XxXLage Vamilla | 521 479 499 566 540 552 526 509 517 206 288 292 46.5
® QARE | 406 829 545(146) 566 829 673(+121) 396 864 S43 (129 4L0 478 441(+14p) 55.1(486)

Table 1: Experimental results on four RE datasets (%). We omit the ‘davinci’ Wit e mnes GPG&’T-&S Series
LLMs and ChatGPT refers to gpt-3.5-turbo-0301. We mark the best results in bold, the second-best underlined, and
F1 improvement of our QA4RE over vanilla RE in green.
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Main result

*

Few-Shot Results

HE 2XNZE XNEA0A d5 7t EUE LLM(text-davinci-
003)0]| CHBHA] 4-shotsO| ATt AlS

vanilla RE&= few-shots MEOM H5 2Fet HX| 2t
- few-shots M0l SEHA Dt UZSS AlAL

- few-shot demonstrationsO| &Z2=l relation@ 2 biasE

+ 928 LIEt

few-shot text-davinci-0030{| QA4RE framework
[[H NLIDeBERTaEEr g% Lil-%t%

mjo
Il
oo
o
mjo

Methods K=0 K=4 K=8 K=16 K=32
Fine-Tuning - 90 212 293 339
PTR - 26.8 300 329 36.8
KnowPrompt - 302 337 349 350
NLIpegerTa-TEMP1  55.0 64.2 64.7 58.7 65.7
NLIp.gerTa-TEMP2 494 512 473 50.5 48.1
Vanilla 48.1 46.2 -

QA4RE 594 62.0 -

Table 4: Few-shot F1 on TACRED (%). All results are
averaged over 3 different training subsets for each K.
We use text-davinci-003 for vanilla RE and QA4RE. For
the best-performing baseline (NLI) as well as vanilla
RE and QA4RE, we mark the results in bold when they

are improved over their zero-shot alternatives.
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Motivation

LS 11—

- CHE 22| knowledge dataset= positiveTt 12{5t10 negatives H| ZoHE|0 UX| A4S
e.g., "ArXt= HICHO| & X| f=Lt

- Negative knowledge = AH| MAH o] EXH5t

OIX] 520 =8
- AMO| OfEl H FESEAHLE, SHX| Zorop e A &2
- LLMs2| positive knowledgeE A&t 286t 5
PAHO = A= M S

=0j| Ciol Y171 E|0] 2EX|2F negative knowledge=
> [2tA LLMO| At}

=

SHEASH
=

A ol o x|
=T M=

52 E9} implicit negative knowledge&
> 0|2 Q3lf 27}X| EfA T MAHBHA LLM

L g JIEHlol-
o =1 =T

« constrained keywords-to-sentence generation task (CG)
« Boolean question-answering task (QA)



Probing Protocol

- CHRHAL EHAL HEBAE 0 £ SXH0| = AFESH= invalid E2[F H[H
- 4,000712] E2|Z U2 2 S, positivell negative = et 27((1:1)

NotMadeOf (n= MadeOf (n=37)
NotCapableOf (n=53 CapableOf (n=533)

LP g HasProperty (n=405)
w~HasA(n 139)
IsA(n 813)

De5|res (n=73)

NotHasProperty (n=190) \

NotHasA (n=69)
NOtISA (n=108) —

NotDesires (n=1084) —/ i




Probing Protocol

* Probing Task Formulation

- Task 1: Boolean Question Answering (QA)

The Question Answering Task
- Answer the commonsense question.

Question
. Do lions live in the ocean?

LLM

The Constrained Generation Task

[y Answer

- Make a correct commonsense sentence based on the keywords.

Keywords
lion, located at, ocean

: a¥el 1

LLM

Sentence
Lions live in the ocean.

=

-

)
=4

Of|/OIL| 2 ZEIZ2o0f T8iA factof CHSH belief
H A5l 0F 2t

BE EZ2[Z <sro>E 0/0tL|2 HFE Q=2
transform

HE A2 8 InstructGPT using in-
context learning A&

5070 #E MEZ O Ot manual
inspection0i| [Lt2™ 94%2| valid

29




Probing Protocol

* Probing Task Formulation

- Task 2: Constrained Sentence Generation (CG)

The Question Answering Task

- Answer the commonsense question.

Question
. Do lions live in the ocean?

LLM

The Constrained Generation Task

[y Answer

- Make a correct commonsense sentence based on the keywords.

Keywords
lion, located at, ocean

: “ A
3 ,%‘UA‘\J
v 111 v

LLM

Sentence

Lions live in the ocean.

=

|4

)
=4

EIAE MM EjATE E3)
= O
model S behef% AH™MoZ HH

COMMONGENZ2} {Atet keyword-to
sentence EfA 3 MASHM m2HES
HCt SX| 7tsotA &

EZ[E <s, r, 0>0| FO{X|H HHEHZ=2

=
(negative) knowledgeOf 7|gtst 2%k
g gstiof g
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Do LLMs have negative commonsense knowledge?

* Probing LLMs with In-Context Learning
- fine-tuning Qi0| ZRH EfA 3 38 2|SHA LLMC| few-shot in-context learning 6= &
- 32742| example& manually &

« 167H= positive knowledge (denoted as E+)

« 167H= negative knowledge (E—)

- 20M S KN ME HE BET, XIGoHK| 52 [E+| = [E-| O+ 52))
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Do LLMs have negative commonsense knowledge?

* The Belief Conflict

Model  PertonQA - PerbonCG gy - ZIE20f s LLM2 QA EfAIOIAM positive and negative commonsense
TP TN Acc TP TN Acc - Ol_x_lx_lo | _FL-CI)—:' x|.-6—| X A EOI
Flan-TS 2 79.1 840 815 965 194 57.9 562 knowledgeOi| Ciish 2HS R0 v Hel B =Y

(11B) 10 854 808 83.1 97.6 282 629 659 - LLMZ positive and negative commonsense knowledge

i
-
Bl
|
olr

GPT-3
10 747 669 70.8 309 79.8 553 53.7
_ ; + | oln L 24
Codex.., 2 892 817 854 966 380 67.3 70.1 Negatwe %3'-&!0“ I:HOH QA 9‘<| CG EHiiO“kI LL|V|0| Etl')g 81: ?Eﬂl' EOE!
0deXooz 19 88.1 81.8 84.9 932 68.8 81.0 84.5
Instruct- 2 852 51.1 682 90.1 219 56.0 67.3 . .
GPTSEsie 10 70.0 658 67.9 71.5 40.8 56.1 582 - beljef conflict

Instruct- 2 78.1 83.6 80.9 949 250 60.0 57.7
GPTyo; 10 795 81.6 80.6 79.2 554 673 68.2

Tstuct. 3 817 861 839 1929 ASTIAZT 712 - CGENAZO|M TP and TN 2te| AKX}
(GPTos; 10 84.1 847 844 889 614 751 715 - QA Z CGEJATO|M TN 2t2| 23k}
Instruct- 2 879 81.3 84.6 95.1 58.1 76.6 80.5

GPTy; 10 89.0 79.5 842 91.1 73.6 82.3 87.9

ChatGPT

Table 1: Main results of different LLMs, which are
obtained with k examples (|[E*| = |E~|). Cns. denotes
the consistency between QA and CG. The best results
are bolded and the second best are underlined.
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Do LLMs have negative commonsense knowledge?

* The Belief Conflic;c- ---

I 3 L :

Model  FROn@y PROUE cns - ZZ0f CHoH LLM2 QA EfA30)A positive and negative commonsense
cc!  Acc e} | ¥e) A ®)

Flan-T5S 2 79.1 84.0 81.5 96.5 l94l579 56.2 knOW|edgeO-” I:HOH (P—I-xo-lx_-!olﬂ E%l xlzlol—l xE-Il_I_ EEI

(3B) 10 827 802 81.4 969 1981584 597

(11B) 10 854 808 831 97.6 2821629 659 > LLMZ positive and negative commonsense knowledgeE 31 & 7t
2 76.0 58.9 67.5 839 2841561 544

GPT-3
10 747 669 70.4 309 79.8|553 53.7
_ . -+ (] OolT | - El
G 2 892 817 854 966 3801673 70.1 Negative & A10f| CHSH QA & CG EfA 0| A LLMO| E2bd Sl= 2o 2 Y
07X 10 88.1 81.8 849 932 688 810 84.5
Instruct- 2 852 51.1 68 90.1 21.9756.0 673 , ;
GPTSEse 10 70.0 658 67.9 715 40.8'56.1 58.2 - beljef conflict

Instruct- 2 78.1 83.6 80.9 949 25.0 60.0 57.7
GPTyo; 10 79.5 81.6 80.6 79.2 5541673 682

e 2 317 861 839 929 @71 712 - CGE{lA301M TP and TN 2+e| A%}

Instruct- 2 87.9 813 84.6 95.1 58.1'76.6 80.5
GPTos 10 89.0 79.5 844 91.1 73.682.3 87.9

2 829 820 824 898 69.8]79.8 79.2
10 81.5 85.7 83.4 904 MIMA 84.1

ChatGPT

Table 1: Main results of diff]er?nt'LL'Ms{ which are
obtained with k examples (|[E*| = |E~|). Cns. denotes
the consistency between QA and CG. The best results
are bolded and the second best are underlined.
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Do LLMs have negative commonsense knowledge?

* The Belief Clen-fllict

Pe}f. on QA Pe!‘f. on bG ip .
R PA =et— O 20| CHS LLME QA EHAZO|A positive and negative commonsense
(o] o} cCc
1 } 1 1 O X o1 XFS| A A o]

Flan-TS 2 79.1.84.0,81.5 96.5. 194 579 562 knOW|edgeoﬂ CHSH I—I-O M0[1 RS ool da HY

GB) 10 827'8021|814 969'198|r584 59.7
_________ S S Gy 22-1

Flan-T5 2 84.1181.01826 97.5V159%567 577 . .

(11B) 10 85418081831 97.612821629 659 > LLMZ positive and negative commonsense knowledgeE 31 & 7t
a2 76.01589167.5 8391284156.1 54.4

10 74.71669]70.8 30.9179.8]553 53.7 Al R ol olTtAf ol 24T ol
Codex.., 2 89218171854 96613801673 70.1 Negative 4410 CH5H QA 3 CG EHAZO|M LLMO| Eatd gl B4t 2
2 10 88.1;81.8)849 932688810 845

Instruct- 2 85.2151.171682 90.1721.9]56.0 67.3 . .
GPTSEse 10 7004|6584|679 715:408:561 58.2 - belief conflict
Instruct- 2 78.1 83.6 809 949 250 600 577

GPT,,, 10 79518161806 79215541673 632 al N Stol 94
Tt 2 81718611830 9298487 721 712 - QA B! CGEHAZO|M TN 2Fe] HX}

GPToo, 10 84.1184.71844 88916141751 775
mstruct- 2 879018131846 95.1158.1176.6 805

GPTo; 10 89.0]179.51842 91.1]73.6]82.3 87.9

, 2 829182001824 89.8169.8179.8 79.2
ChatGPT 7 s

81.5 1 85.7 I 83.6

90.4,78.4 |84.4

Table 1: Main resu'lts_ ofI different ]!',L'Ms! which are
obtained with k examples (|[E*| = |E~|). Cns. denotes
the consistency between QA and CG. The best results
are bolded and the second best are underlined.
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Analysis on the Belief Conflict (1)

* Could keywords as task input hinder the manifestation of LLMs' belief?

- CG and QAO]| CHgt in put Xto| = QI8l keywords (CG)EL} natural questions (QA)E O 2|2 EfAT?
> 0]0j| CHE5H2| s = EfAZ | input M2 #HE

QA input
Answer commonsense questions with yes or no: Can these keywords form a truthful common sense
(Examples for in-context learning) fact? Answer with yes or no.
1 . 1 ~ 14 1 an? .
nSwer. 10 Answer: no
CG input

Write a short and factual sentence according to Answer the question by writing a short sentence
commonsense based on the keywords:

(Examples for in-context learning) that Co_ntams cgr reCt_ Cor.nmon sense knowledg €.
Keywords: lion, located at, ocean Question: do lions live in the ocean?
Sentence: lions don’t live in the ocean. Sentence: lions don’t live in the ocean.

35




Analysis on the Belief Conflict (1)

* Could keywords as task input hinder the manifestation of LLMs' belief?

- (a): QA YO Z keywords(CG) T2 W Ho| Yt M5 H
> CGO|M LLME| 7ot 450] input2 keywordsZ 7|
[r=0]| Of=

- (b): question as input 50| 3H A0 QA 2 s He
H|=>
- textual corpus O|A Boolean question FOf “.?" &2
negated texts B£0| EX5H7| UHZE0| CG?t QA EHAIZ
B

- keyword-to- sentence (CG)

= generative LLMs 2
D25 |of| HEosrn HelX[ot EfA3

100 100
80 ' M 80 =

60 H 60 m H

40 40 :
20 [] 0 guestion-to-answer 20 D [ keywords-to-sentence
D [1 keywords-to-answer question-to-sentence

0 T — (J
TP TN Acc TP TN Acc

(a) Results (%) on QA. (b) Results (%) on CG.

Figure 4: Results of InstructGPT,,, when switching
the task inputs between question and keywords, where
k = 10. Columns with error bars show the ranges of the
influence brought by different instruction wordings.
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Analysis on the Belief Conflict (2)

* Will the keyword co-occurrence within corpus affect LLMs' generation?

100

TP (%)

70

80

—~ 70 A

X

00
=2
504

40

90 4

80 4

I e = =
[

code-davinci-002

text-davinci-002

—h— texl-davinci-OOB

500~1000

0~100 100~200 200~500 >1000
(n=1399) (n=227) (n=196) (n=74) | (n=104)
r— ——
‘—‘—‘—_’J—PA\‘QI\‘
I
I
0~100 100~200 200~500 500~100d >1000
(n=1189) (n=245) (n=306) (n=134)] (n=126)

Keywords Co-occurrence Buckets

LLME 2EXoz EH DH

CG EHAINAM D13 LEtHel EAHH Q0 & il word co-
occurrence?} O|X|= Gk XAt

o1& B2 kg KX|SHeE H{3I(> 1000 bucket of the negative
split (TN))0{|A d5 of2h 2 ¢

- subjects 3 objects?| co-occureence H|E WOIEHL=

LLM2| negative oA Md 52 oS!

- statistical shortcuts2 negative X|Al A &t5H



Analysis on the Belief Conflict (3)

* How does the balance of positive and negative examples affect negation bias?

- (a): QAEHAIE LLMO| belief2 TiZAI2|= 20|

- (b): negative H|20| LOIRAE TN M5 Ats TP M5 5l2t

Ral
ot

- (c), (d): positive == S X|et X 2 negative = =2l BL
» CGEHAZO|M TP 945 SI=f GlO| TN d& &

- training data or in-context examplesOf|X] negated text H|&2
S2|™ biasof| 2|t belief conflict® 228 4= Y= It54 EHE

100
80
60
40
20

(a)
100
80
60

40
20

(c)

—e— TP

TN

H— ACC

002040608 1
nea (k = 10)

Results (%) on QA.

o P

—a— TN

< Acc

5 7 9 111315
|E7| (k=5+|E7))

Results (%) on QA.

100 Pe-d 4
80
60 ¥ T
r'e —e— TP

40 -/ e

'y ©— Acc
200702040608 1

Tee (k = 10)

(b) Results (%) on CG.

100
80 [,——o—%—%—%
60 [~

—o— TP
40 —A— TN
20 s

5 7 9 111315
|[E7|(k=5+|E7))

(d) Results (%) on CG.

Figure 6: Results of InstructGPT(,, as the numbers
of Et and E~ change. Figure (a) and (b) increase
n = |E~|/k while fixing k = 10. Figure (c) and (d)
add more E~ while fixing |[E*| = 5.



Analysis on the Belief Conflict (4)

* Do Chain-of-Thought help generate texts with negative commonsense knowledge?

- Explicit 2|24 (CoT)E Sl negative commonsense knowledge k—2(:)  k=10(LD
MSF =Q & Ql=x| H= Model  CoT : :
o 22T MM To TP TN Acc TP TN Acc

_ . None 96.6 38.0 67.3 93.2 68.8 81.0

- CoT instances 7 TNOAM Hat=l Ha5 ek Y Codexqo, Deduction 86.9 56.6 71.7 83.5 73.0 783

Fact 929 537 733 868 76.6 817

- OIA|™ 21Xul0 neaative know O| 2L =M E2 B _ None 929 514 72.1 88.9 614 75.1

BAIH 212590 neg ledge O|ZOLI=Hl =5 SR Deduction 870 57.3 72.1 843 707 715
2 Fact 89.1 555 72.2 855 692 774

- TN2} B2totH TPel d5 Kot ZOlLIE=Z ZZEO| TPO| Hetx(of

())Ul % Table 2: Performance on the CG task when enhanced

AFEIBEA =0 . = o with different types of CoT prompting, i.e., deductive
> LLM Ol I- 30“ -I Im p“C|t bias= 7 |-I| }” El M EI El‘E argumentation (Deduction) and fact comparison (Fact).



Discussion

« Enhancing Reasoning ability of LLM with Instruction-tuning based on Data Transformation

7|Z MCQA Ef A3 = commonsense MCQAZ T0| 91315[0f 2

LLMS| 45 84 & OfLi= "ArZzt Hl=et CiE”
- Commonsense E 7tX| 1 QO{0f StCH= A
> 0|2 otst2| 2IsiA 2|Z0]= commonsense reasoning0| 283t MCQA 91517} B0| O| R0 %
2HASHA| Zottt= A+ 0
I6H MeEMCQA I EHE
> 131'—f or=0{0f= MCQA Cl|O|E{AI0] Gi7| = 0f| 2S00 &

|
—
r
<
2S)
0%
Jz
I o
ot
-||I
m

II

- humanO| Zt=2|0f|&= H|E 2X| X2 Z, 7|20 U= 2|AaAE 0|85 transformingdtt] AR
> EXHQI QEZ JIEI MXEH U= +E 2E Hs T =30 E A
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