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Abstract

Reasoning is a fundamental capability of human intelligence, which allows us to
make inferences or predictions about unknown things based on known information.
In the field of natural language processing (NLP), a subfield of artificial intelli-
gence that deals with language, the reasoning ability of NLP models is a key factor
directly linked to their generalization performance in machine learning contexts.
Despite the significant progress in the language capabilities of NLP models since
the advent of Transformer, numerous challenges still exist in their reasoning abil-
ities. Shortcut reasoning refers to the irrational reasoning of NLP models, which
is a critical issue for reasoning ability. Specifically, shortcut reasoning involves a
type of reasoning that performs well with input that follow the same distribution
as the training data, but perform poorly on input with a different distribution
from the training data. Previous studies have shown that this irrational reasoning
can degrade the robustness of NLP models.

Recently, Large Language Models (LLMs) have attracted much attention for
their language capabilities that surpass previous NLP models. Improvements have
also been observed in the reasoning performance of LLMs. Previous studies have
reported that attaching specific prompts to the input or combining LLMs with
external algorithms for reasoning improves the performance.

However, Hallucination, the generation of counterfactual knowledge by LLMs,
is known as a significant challenge. Even if it is possible to construct the reasoning
process correctly, the final answer may contain errors when the knowledge used in
the process is incorrect. Previous work has shown that hallucinations can snow-
ball, where the errors generated during reasoning successively affect downstream
reasoning processes. Given these issues, various solutions are being studied. One
of them is a method called Retrieval-Augmented Generation (RAG). RAG is a
paradigm that retrieves documents from a knowledge base in response to an in-
put and generates an answer while referring to the retrieved documents. Many
research has shown that this approach reduces hallucination and improves perfor-
mance. However, there is still room for improvement in the retrieval mechanism
of RAG. A typical example is that the retrieved fixed number of documents may
contain unnecessary information or may not contain the necessary information.
Unnecessary information can introduce noise and amplify hallucination. In addi-
tion, there are still unresolved issues, such as requiring retrieval for each reasoning
step.

LLM’s reasoning ability itself still has problems. Previous studies have shown
that LLMs are good at single-step reasoning, but inherently struggle with com-
positional reasoning problems that require synthesizing partial reasoning results,
such as computation problems like 3-digit multiplication. It has been revealed that



the seemingly excellent reasoning of LLMs we observe is due to pattern matching
using the reasoning processes included in the massive pre-training data.

In view of the aforementioned issues related to the reasoning of NLP models
and LLMs, we aim to realize a reasoning system with self-awareness and inter-
pretability. Self-awareness refers to the ability of the system to recognize what
information it possesses and what it lacks. Interpretability, on the other hand,
pertains to its ability to explain how input questions are broken down and which
knowledge is consulted during the reasoning process. This system outputs a final
prediction by decomposing the input question, querying a knowledge base, and
synthesizing the obtained results. The proposed system comprises three major
modules: a knowledge base module, a reasoning module, and a central control
module. The knowledge base module employs a self-aware LLM that stores and
retrieves relevant knowledge related to a given question. The reasoning module
adopts a probabilistic logical programming, which decomposes the question into
sub-questions and refers to the knowledge base to obtain necessary information.
Finally, the central control module integrates the retrieved information to generate
a final prediction of answer.

To achieve this goal, we have conducted research on reasoning ability of NLP
models, followed by a discussion toward developing a self-aware knowledge base
module. Specifically, we worked on the following three themes.

(i) In automatic discovery of shortcut reasoning with generality, we addressed
the challenges of existing methods and proposed a method for automatically de-
tecting shortcut reasoning. The previous methods to discover shortcut reasoning
within NLP models have several issues, such as pre-definition of shortcut reason-
ing, not using internal states of the models, or requiring human evaluation. Even
though the latest work overcame those problems, its method still suffer from sev-
eral limitations. As a result of experiments with our proposed method on NLP
models trained on sentiment analysis and natural language inference tasks, we
succeeded in detecting shortcut reasoning without human intervention and dis-
covering unknown shortcut reasoning not revealed in previous studies as well as
known ones.

(i) In our research on a logical rationale-based machine reading comprehension
model, we conducted experiments on shortcut reasoning in Explainer for the ma-
chine reading task. Explainer is a module of Explain-then-predict architecture.
Explain-then-predict is an architecture generally used for Rationalization, where
models are forced to output their rationale along with the predictions. As the ra-
tionalization architecture has explainer, which extracts necessary information for
the right inference, previous work hypothesize the architecture can improve robust-
ness by excluding unnecessary noise in the input documents. However, the results



did not support their expectation. Thus, we hypothesized that the robustness
improvement was not achieved since explainer was performing shortcut reasoning.
The empirical experiment revealed explainer’s shortcut reasoning by showing that
accuracy did not drop even when the explainer’s input was destructively corrupted.

(iii) In our discussion toward large language models as knowledge bases with
self-awareness, we approached the relationship among confidence, accuracy and
frequency in terms of LM as KB, which utilize language models as knowledge
bases. In previous work, confidence, the probability that the prediction is correct,
in prediction by LLMs is known to be well-calibrated. Correlations between (cali-
brated) confidence and accuracy, and between frequency and accuracy are revealed
in several studies, but not for the correlation between frequency and confidence.
Therefore, we analyzed the relation between frequency and confidence, and con-
ducted preliminary experiments to verify our hypothesis that the confidence of
LLM’s knowledge reflects the frequency of its appearance in pre-training rather
than its correctness. We employed PopQA, which contains triplets of knowledge
(subject, relation, object) retrieved from Wikipedia and each of which is annotated
with its popularity as a proxy of frequency the knowledge appeared in pre-training
data. We used several LLMs for the experiments, and when using GPT-3.5-turbo,
we obtained results showing that confidence and accuracy were positively corre-
lated for knowledge with high frequency but that accuracy did not increase even
when confidence increased for knowledge with low frequency. Although these re-
sults were intriguing, they did not lead to the verification of our hypothesis.
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FERDPZHEOMILC L DRENT WS, LA L, RAG D retrieval BfIZH W< D
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F1E [FL®HIC

1.1 B=

#5% (Reasoning) &%, BEHIOEHRD 5 RFMOHENITOWTTEL, GRLdZ
CTH5. BRSEUHE (NLP)IZBWT, FBUHE 7 LO#EFRIENTIRAD A
N UTRIRINCIEL WS ZH 1§52 8, $ROBIULERRICER S 2 HE
REBERTH 5. FHHIFEEA Transformer [36] ZX—ZX & L72ET )V (BERT [5],
GPT 2], T5[29]) &, ZMA XA TRELSBEZA XV DD, HmIES
WL TR INEHEDIFEL TWA. Shortcut reasoning (&2 D—D
TH DY, HEHET M X 2EEN»OIFEHI R HEERZ 453, Shortcut reasoning
3FE T — R T FF2 7 — & (Independent and Identically Distributed:
1ID) ¥, %z 20 %F>7 — & (Out of Distribution: OOD) DT IHRE D Tk
ZbH7-57 [8]. HERMIRMOERO TN L TbiILS D TH S5, shorteut
reasoning (¥ Z DIMREE LNV DR EEINS. BRI, RIFPEX R 7
BT, Positive & 7 ~ILAITF X7z Spielberg &\ 5 BiEE% & ¢e S (9] @ Spielberg
is a great director!) BBEEL D57 -2ty b LETAZIIMT 2L, ET L
13 Spielberg &\ 5 HEEZ G & AR AT LTS Positive Z FHlT 2 X512
HELTLES. 0BG, BELE2—LAND 00D DA (Bl =2 —RFH)
W LT3 LD Spielberg % &L DIEIEIX Positive Tl Wiz, fHild kS
RAEERIT A EIEE ARV, ZOBRIE, BHEE OXXIRTCIETEEEZ RN 8
HERE LTEIT 6N, 2o - BEEmINATV5S.

KHEEFEET )L (Large Language Model: LLM) 138 T KK 72 H7li %
BRIToLBETNTHY, HmAEN 2 EDMD THARLZEBREICHAS
FRIC X DR R DAL HEMEI NS EWEX R 7 IR 2 5z, 25
RERFHZIRO TS, Chain of Thought (CoT) 1%, LLMZXI L, Let’s think
step by step D K D IWZBRFERZHERRZIHRINICH IS8 2 K 5127 e > 7 M TR
L7z ECHIEZ @B 2 FIETHD, FICHEZ AN L 2ORBE L HEL T
RKELMETZZ D90 o T3 [40]. %72, Tree of Thought (ToT) i& & % #E
AT Y FIZBWTLLM WL OO ) 2 S8, REINCRE OHER <23
Bond K5 CKRERT VIV XL ZICHLEFETH D, CoT U LOREE %
U7z [42]. BLED X577 4 77 Ti&, LLM BAERIGEIREE L ICHal 8 TS
L7287 X —=ZNENCHF ORI Z & L ICHEGREEZ < 2 e T E 20 2FD
ZERRLTVBEEWNR S,



—75C, Hallucination & PRI 25 LLM OFEHE L KT 2NEDH T K =72/
Yo T3, Hidko@Eb, LLM OHZIERKICEATH D, ANMrZzomhz
JZ2 A TABRENLZLDTHED0, LLMDBPER LD THE0E 5% H
ETH2ObMDTHEETH S ZiF X< HMHNTWS. Retrieval Augmented
Generation (RAG) (& Hallucination DRI T 2 H N7 70 —FD—>T
H%. RAGIEZETNIANINZZ ZVIZO0WT, ZUEE T 2 XEE LIS
(Retrieval) L, TN 2SI B THEZERIELFEDOI L TH 5. ERRITK
ITFFETIE, RAG BREFENZH N Z KRS B 2EBELNE Z 0o T
W3, IO LEAED S, RAG IIHEWHIES R 7 LFEOHER X X 7 12B VT LR
LIRS TS, BRI, WRE T2 FX A % Web R— EOSEDR
OYEREGEZERL, GBAoh 7o) e XEHEOBEMNEZHEL, Ra7 b
Lk fOXEHE 7 TV L2 THMBETNVICANT S, LWVokFEe2HRLI I L
PR TH 2. LrLans, BHIED RAG IZZ D Retrieval IR S22
TWd. HIRDED, RAG TIEZ K D%E, MR ERE O SCGE 2 IS5 2723,
(i) #EFRD 7= KU retrieval 35 Z & &, (i) BUS L7z k HO XEREOHIT A HE
BRNEPEZENTVS, b LIEBERIENGENTOVRVWI EDNDH DL, Lo
ToRREDFET 5. 3 () T, FTIRORRENa X bAEREINS Z 1T,
LLM Z b 3 2358 IS NERATER 2 S RBRTGE I C 2 2w, 3R (i) TlE, ARER
XEN ) 4 X7 D, Hallucination ZIH RSB TULE S AJREMDH 5. £/, &
BRLEDPPUFTE R o 7ZBRICH, T X —=RIZHDIAFENT-HFED & BE %
TOEREDNDH LD, REFEZERIBETLESIREDLD 5.

LLM OHtamae 1 BIRICB W TS, ZDOFEICOWTEENRERI DR R0,
Z®D—>2%3, Compositional reasoning, 3725050 R Z SR L 72
DO BEDD 5 K 5 Heamfl@ (B - ZBHEm) 2B <RI THSD. DL
HHERIEICB VT, GPTA %MD L Lz LLM ZZBHEmIC B 2 WD H— 2
7 TOMERICIIEN T2 DD, FNoE2 AN L TRANZRRELZEL 7DD
BENDMERWZ DS - TWS (7). 72, ETADPERIE THZ -
TRYREZDEERR -y F U T flo THNTWSE ZEEEEINTE
D, ZRUT X D¥E T =& L HU L HEREIC L TS WEEZ RTHD0D,
ZITRHRORHD AN LTUIBEIMET T2 WS 220 oTW3 (7).
ZDHRIE, F XL < shorteut reasoning & 5,3 5.

1.2 BH

HIEICIbR7-FREZZ R L, A ITHCRREE 2H5>, MRATREZLHERR > R
7 ADEBZBIET. BRI, BN X, M2 T\, [M2H5
BNDPEHHATEL e THD. £k, MIRATREL X, YO K5 ITEMZ )
LT, LOMEBESRL002HHT 2 I EBARRRIETHE. ZOTRT
2E, ANMENTBEROSRY, HEBX—2ADBWEbE, 2L TN

2



ROGRICE>T, B THEENT 2. COFEEERT 21242, TR
DIDDEY 2a—APEHITBELEZ 6N, (1) MR- EY 2 —IIHD
D ABE R AN —ATH 5. FFBR 7 TV ICEKIIHIETE . ASIENz
I VIR T BEICIFECGEERNMNS L, HfiN—RAEY 2 — 0 U 7=H
2N GHE L TO 202 RINCRT. (i) #imTY 2 —VdEB O SR EAT
FSET2a—NTH3. HER—ZAEY 2 - 5B N HEEMENGES, E
MEDBREL CTHESDERD 2. ZONEEITS D, ZOEY 2—LOKEITH
%. (iii) FREHEE Y 2 = VIZATT SNTZEOZITED &, D2 O0D0FEY 22—
AOHlE, Z U TRENBREDME - HI%EITS. BRINCE, 2200€EY 2—
NDOEHRDORLDED 2N L, MEHAIRICZZNLDEHREEN L, A1Eh
BN B IRERERT 5.

AP TE, EidoH#iiws R T o DFEBIHTE, UFRD 357 —<IZH b
ATZ.

1. Shortcut reasoning @ HEHH
2. mPEAARILIC E D  BMGEHR > X 7 22T 7= 0T
3. HOFRDATRERHIFRAR — R ¥ L CORBE S EEE TILOEBICANT 1=

1. Shortcut reasoning @ HENMMH TIX, FEATMHATRREBRIN TV TR 7
1 —F L, shortcut reasoning % HEIHNIHRIN T 2 FEEZRRE L. BRESHT A X7
 HRSEHEGR X X 7 0 EMEICBWT, IBRFEIAB DN AL L T shortcut
reasoning ZMH$ 2 Z LTI R, BITHETIHL 2272 > TWiRD o 2 RAD
shortcut reasoning Z¥R3 % Z L ITMII L 7.

2. FmERAUARILIC F D < BRI LR > R 7 2N 7298 T, shortcut reasoning
WZDOWTC, B2 R 7 CTOEBEEIT-72. BARIICIX, Explainer & FEEN 5
EY 2 — I EFEE T LD _ERICE Wz Explain-then-predict B OB #ES 2 7
L DIEEEIHERR % 08T U7z, FEGETARIC BT B explainer 1%, AJIENZHER L
R a2 Xy MZEOWT, BROEICHERIGERE XE»r ML, FRO#H
fige 7L (Predictor) ICER I X N EREZETEY 2 -V TH 5. AT
WD WTAL Tz, BEFD explain-then-predict 2 OBEIkGEAE S A 7 L D explainer
BFAR ==y Fr FETERZZR L T EL S HREME T 204 7T, AM
D & 5 iR 7O XA 21T o TVIRWVE WS RGOV T 21T o 72, EEROAS
R, HHRXEOW S Z 7 VX LIZEYE, ERPESBROANZEZ THREED
BHRMPoI=Z D5, explainer @ shortcut reaosning & FEERNICHA & 22 L 7=.

3. HORED ATREL AN — 2 & L CORFIMR S FEE 7V D FEBUCIANT 7= 360
T, RADHEHEL T2MRAREERHEGRS X 7T 2128 WT, HORKARER A
N— 2 DHFITHENT TP RER 2TV, ZOMREZEE L. LLM OHGERD
HIEEIX, ZTOIEMRTIIRL, ZOREIERIYEICHNSHEZ KL T



5 WVHIREITH L, ZOFHLE b e NSHRZELD DD, REDHKIEITITE
5 ENTERPOT.

1.3 FERX DS

AL OMBIILA T D@D TH 5. 2ETIE, APIFOBEITIEIC DWW TR
%. 3ETIX, $88 3 5 shortcut reasoning ® HERH FIEIZOWTHH T 5. 4
T, BEWELHTE 7 1B B shorteut reasoning IZOWTHHiE21T5. 5ET
X, BCFEEATRER LM as KB ICW U 7zifamz 3 5.



F28 FEHERAZE

2.1 SHEETIL

AWFETIE, BEETVOMERREENICOVWTER TS, ZITREHRET LD
ERPREHZHENT 5.

S E TV (Language model: LM) &1, HEKITIIEG X 5N HASFEUIR L
THCHRINROBEEZ LR T % (REGETHI, Next Token Prediction: NTP) E
TNADIETH5. =R LOHGE L @0 HBEE D & FRIERZ5THE T 2/
FNEREETAZERE LT, BHETE=2 -1y V=2 ZIbH L= 2—
INNR—RAFFBETADERTDH 5. K2, GPT 2] 1K SN % Transformer [36]
DT A —R =0 % AW TERTFE SN FFEE TV (Pretrained Language Model,
PLM) 3B L - ERBRENZEB L T\ 5.

— /T, BEETNVIARICIBARSELHEZIT O RN EEET LV —REHET
bbb, REMLEHIE LTIE, Transformer DT> a—X—E 5% InH L7
BERT [5] T® 5. BERT 13 GPT %5 L FIMRICER/TFE SNET NV TH S0, Hii
ETIEREFETHITCIE 2 L, BEED 7S (Masked Language Modeling: MLM)

& XTI (NextSentence Prediction: NSP) TH 5728, BEICIIKEBEDOZIEE
TNEERRTT—FT7F v THb. LIhoT, KX TlIGPT FEOPE
D=a2—FNVEBETNVE [FEEET N ® LM, BERT ¥DLERDEEET
N [SREUEET L) b RBT 5.

2.2 Shortcut reasoning

1 E TR X 512, BT T L OHEREESICOWT, Z#DIEEEML TR
INTWAD. AEHITIX ZAUTEE T 2 ETHRICOWTIER 3.

2.2.1 FT—2t v FRORLHERE ¥ IESIRHVHESR

Spurious feature &, ¥ 7 —&Xt vy NAORHEYL 7 ~NLOEMMEBETH D,
B DFATHIED BRE BN 2 2 7 FHD 7 — &+t v M spurious feature 235
FNTVWD ZEZHHLIZLTWS. Poliak 513 HAF#EHEGR (Natural Language
Inference: NLI) & 227 OFHMiIH T — Xt v F TH 3 MNLLICBWT, 220D AN



premise & hypothesis D 9%, hypothesis DA SREENAIHETH 5 Z L ZRE L
TW5 [28]. Gururangan 5%, NLI7—&t vy MZBWTANT—XHDOHBER
¥ contradiction 7 X)L DEEHEI 2454 L TW 5 [9]. Mccoy H1& NLIIZB T
DEEDEBRY, BRAKRL 22—V AT 4y I RREPOETADIELLBETE
TLES 2 ZHLIT UL [22]. Geirhos &I E £ 7 WIZE W T spurious
feature ZF#H L TCLES 2 KD FEAET S, IID DANIIH L TEIENTD 223,
OOD IZXf L TIEZ 5 TRV &K 5 RBIR % Shorteut learning & EFR L7 [8]. ZD
B 53 shorteut learning AMZ WL O DHFFTIIEN TV B D, Fix DT
DX R EHARS BN BT 2 #Edf (reasoning) TH 2 Z e NHR LT VWL I,
ARIFFL Tl Shortcut reasoning & PR,

IOV o BT NVDIRD FVFHEEE 2K T2 ERE LT, KhefflizT—
Xty b OGRS AT TiawmD e STV B [31, 39, 11].

2.2.2 Shortcut reasoning D& H

ML ED &5 BREE%R3Z1F, shortcut reasoning DR H % il A7 FE I EBAFETS
%. Rebeiro 51, CheckList & FHE 2 ERENME 7L D FiERES & 73 % ©2
B~ =2 7 V2L L7 [30]. Han B, ¥EH T —XDOEDHEFNDH 5T A b
T — XD THNHEL TV B 2% /RS FETDH S Influence function [19] ZIBH L,
w7 m L RO 7— 2y MNNORIEEHRAT 5 Z & 2ikA7z. Pezeshkpour
51X, Influence function &, H27 A 7 —XD AN DEZFHFED FHINDEBE
S FEEZMHAGDE T, shorteut reasoning ZF AT 2 FIEZRE L 2 [27].

DEDEDFED, FENC X257 HEINHER Z S, SBET LVONEERZ
HOZZREZ2ITo TWRWZ e R Y, RED K-> TWa. Wang 5, HEIHNS
shortcut reasoning 2R3 5 FELRER LD, AL LTHINZEZ T2 (§f
MBS %) [38].

2.3 RMZMAES T L

PR 2 X 7 1 ZEM e XCEDP o EZ TS A2 NLP DX R THS. ZDX
R 7 % fif  BEWFURE TOVIIEMERHRREEN Z IO T2 Z e B Ihb., Z
DI ZEZ, AWK TIEIEWGTRE T LVOHEREEN ZMEET 2. AHiTIXZ
AU S 2 AT DWW TR 5.

2.3.1 EWEEEETTILOEEME

Jia HIFHMGIRS 27 253, XEFDH D LWEHRICDO SN TiRo g%
LTLES 2L, HERORENHZ 22 FIRL [13]. Sen HIX, E



TUDERGIRR A DT — Xty b oMEEE L TWB 0% 0 L72RER,
BRIREZE TN ULDHMB L TWRWT 2R, HEDRKREAG R &R
B THLTWE ZEDBHLNIZRD, EBICHWE T —& 1ty b3 XTTHHEE
HOBEEMZTNWDE Z e ER LR [32.

2.3.2 Rationalization & B{E4¥

Rationalization 1%, FEEARILZEE L & HICH NI XEEF X4 L THD, &
27 DREE L T OVOFHHAEEN O EXERFTE 2 FIETH 5. Explain-then-
Predict I3ZDEARINZ 7 —F 7 7 F ¥y D—DTH5. ZD7—F77F ¥ it
ZVERN S % Explainer & Z DA & 5 % FHI$ % Predictor D 2 DDEY 2 —
ADBHRS.

Paranjape 5{Z%, Information bottleneck [35] Z M L 7z explain-then-predict %4
OMFRRTE T VEIRRE L, fE L SRR E DM FICH D #HAZZ [25]. Inoue &
i, BHFOXEF O HGEZ Ml U TaiiAZ 43 % Extractive explainer TIX72
 BHBASC R #7212 S % Abstractive explainer %3 A L 7 explain-then-predict
a7 L Z218ER L7z [12]. Chen 513 rationalization 23FH{EMEZ ] L X8 %
R ZFO & WO RGN LT, rationalization 23A]REZLE T /L% F W72 MREEIZHL
DHATD, BRENRALIZE EF -7,

2.4 LLM

Large Language Model(LLM) I3#Ei@E I 2 KREZ M LE €. LrLZDO—F
T, FORNIFZRORMDEH 3. = 2T LLM BT B HEERAEICRE§ 318
PNOF = i

2.4.1 LLM & H:H
HeSmEE DA L

Chain-of-Thought(CoT) 1%, LLMIZRED 7 m > 7 b e HICHEMZ A5 2 2
CCHERBEN M L X B 5 FETH S [40]. 2K L, Tree-of-Thought(ToT)
IARMEIE % D ChRali e iR SR 23R L e d S HEERE 2 R  FIETH 5 [42].
CoT TIX, #Em SRS BHEMA T v T TERINZHGERD T LLM Z X bl
HXNTWE—77, ToTIZEWT LLM X EHEER A 7 v I8 5 e w0 H
MOEG L2 TH 3, #E 7 ot ROREBIRIIARGE 2 OHRICE D IRE X
nb.



LLM D#tsREE DERRE

Zhang 51X, #7002 OB CTHAE L2 7 —DMREOHEmIRIE L,
AR I REERER N5 Z 2 BBHS 2T L7z [44]. Dziri 51& LLM OHEGRAE
WZDOWT, HBR Ty FITkIZEBMmE T 2RI e 2 FRL, Ham7
0t ZDPREICBVWTHAFEE T —XICHEHN D0 —r<vF LTWVWS
ZeERLE[T).

2.4.2 BoEEEEIER LM as KB

DU OMBERRE R, BAkE ORI ORI > 2 7 4 O R
ZEIET. TO—MEMRT 205, HORRTELMHN—2L LTOSHEE
7V (LM as KB) T® 5.

LM as KB

Petroni 5%, ST TI/VDHENCE T 2 7 = VIt LTRSS % 1E L WA %
W32 ZeARETHB /R, LMas KB WS XT7 XA ADEHINS
ZohlFeol [26). ZD—FHT, Cao HIFBFEET AN TV D—EFD HD
LHFBAETRHILTEY, B3z 2MVWEbELEZZ VDT —&ty MlIXL
T, FRROREZ M3 2HHAZHS 2T L7 [3).

BEETILOECEHATEE

Yin 5%, LLM @ HEFikicowT, 8L T 2B (Known known), 8
ik LT 2 ARHA (Known unknown), #dak L CWRWELHT (Unknown known), &8
ik L CTOWRWARAT (Unknown unknown) @ 4 D778 L7z L THM 21T - 72 [43].
Kadavath 5%, B4 Z&0E T LLM 23 H CaSikiEN 2 Ff > Tw2 220 L, H

CAHBiPHEEOX vV 7L —>a v itBiF % LLM O—EDMAEZH 52T L
7z [16].

SRt TIOBEEE

S ET NVOAEBMROEHEEOHETEITEE T 25T, IEFERAIITDODRLTY
5. B =0 VORI EERILTZFE 23], = brb—%5HET 2
Fi& 37 ofts, LLM i/ a7 M CEHZBEFEZHIT 2 X5 IHERT 2FiE
(Verbal confidence) [34] 5, B4 RTEPRREINTVD



38 Shortcut reasoning @ BEf
R

AR, FRTFEETAZIICD E LEEREEUHEET DD 50 % X X7 TH
Eom Lz RETws., —AT, ¥ET—XNDOIHED 2 WIFEELIHEES (Spurious
feature) [9, 28, 22] ICETIADMKFE T 2 Z e THRAET 2, w7y ot 2B 23
B2 5 (Shortcut reasoning) 23454 S LTV 3 (31, 39, 11].

Shortcut reasoning Z ¥, « EHIE L 5 & T 2ilAEBIITOA TV 528 30,
27,10], & ZTREIN=FELZ, (i) shortcut reasoning DIFZHEIZ DWW THFNTHE
ELTWS, (i) ETLVONEMERZZRL TOWRY, (i) AFIC X 2HEZHE
ELTWVE WISl ZR o TWa. (i) IZFANCHEE L 7z shortcut reasoning 12
XL TOAMRGEEE S %728, T MTEET 2ARKHD S DZH 5 2T E R WATHE
W23D 5. (i) I22WTIE, WEERZ DR OWFIEDZ DMl & 2 DR
ZMATAT B L, USRS 2 1% 7083 % Z & T, shorteut reasoning
DIFEZHLPICLES L LTWVWED, ZOFEICL > THRADHIDEZDITE
FIADHIDATH D, 1FONZERICIIREND 5. (ii) B L X, Hffica
A NP5 DI A, —H shorteut reasoning 12 72 72\ & 5 7255 % Hk5 0]
R D 2FOFELILZ TV 5.

Wang & & shortcut reasoning DHFTDEFRL L, D ONEMEERZ - 7= HER
HOFEERRELTWED, AL LTV D0 EEZIIZTWS [38]. 7,
WoD 7L —267—2 135 F X7 shorteut reasoning 25 OOD D AJIZXT L TE
OREEMETITD 2 2DV TOFMENRNT WD, ETLVOEBEICIZE A YE
WERHZ WD, i X7z shorteut reasoning 22 $ 2 REMH X VWE T
A%, B, WMOoDFETIREELRL T —Xty M- TFHICERH N2
—2 ¥ (genuine tokens - $l © good, bad) \Z shortcut reasoning D JEEIZIER &
B LT, BELTWARAVWHTHS. —HEHENLEZ2HDD, Joshi HIdZ
D XS b =2 Vi spurious feature THZ L DENEGZ HEDHTVWBE Z e ZFIRLT
W3 [15]. Z0BEHE LT, genuine tokens (FHEDIC T XL D FRNCHEL S DT
B35, FHIOREIZTAHDDTIE VW26 H 5. BIZIX, This movie is not
good ¥\ D XIZBWT, good &\ 5 HEEDERITELY)Z THICKETH S DD,
not MZNZHBELTWS78, good BARIZ T TIXIE L WHRZE TR W 23
bob. L7eh o> T, genuine tokens & shortcut reasoning OFRHNIZIEHR T = 72
WHDTHBEWVWD N TES.




Input

Model: f =-=-~- »[ f

[3H L3 i
HR 2 i i

Input Rfduc‘uon Output

— II [“Spielberg”] — POSITIVE UJ

iid_acc / Delta (A)

—

Inference Pattern (p)

@ Shortcut Reasoning
Identification

3.1: Shortcut reasoning #Hi D F/IH

ZZT, AR ED XS REMEER L 7-FEERET 3. #EF LA
AR EENILIT D@D TH 5.

e Shortcut reasoning ® HEM N FELIRE L 7.

o K D EBIHIZ shortcut reasoning DHHE [8] ZH W2 Z & T, MIHICAFICX
5 HESPFHEZ B e L.

o A& DFEIFT O0D 7 — X IZFHDIWT shorteut reasoning DEZIE % HIE L,
¥ 7z shortcut reasoning % 5| X Z 3 HF DEEIZOWTRE & —VIE D
AN

o IBEFIRIXLATMITHLLIZHR > TWB B DIZHA T, KRHID shortcut
reasoning Z ¥R T 5 Z LI L 7.

3.1 Shortcut reasoning D&

BLFREFEOFIHOMETH 5. REZFER, SidlHET LV f 1525
N x, IID7T—&X Diyp & O0D 7 —X& Dip Z AJ1& LT, shortcut reasoning
EHAL LTHHT 3. 207023 FD 3 2OFED» HBRII 3.

%5, FIHLIFFEDE T VO 7 0 R B RO 2 RN R TH 2 H#E
N — T 5 (§3.1.1). #gw X —r 2T 272012, BEIRNICHER S
X—YZREBEHT713Y XL TH 5 Input reduction ZHHT % (§3.1.2).

K2, FIME2 TEFNE L THIlE S i & — > O—fkM: (Generality) Z &t
B3 5. Generality (3R X — VDRI ZRIRNETHH, Z2DRE—2L LT
DORAMEZ T (§3.1.3).

%12, FIE3 Tld shortcut reasoning DHEZAT S . FIH2 TH &7 generality
DIFHRITIMZ T, Dip & Doop ZNZFIUTK T B H#Edm 2 — > DERME% shortcut
reasoning DIRZNEDIEIE L 35 2 T, NHDNMARLIZ, H 5w X —2n
shortcut reasoning TH 522 5 2% HEIHNZHIE T 5 (§3.1.4).
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3.1.1 HEER/NZ—

AETIE, HEZANCHTZEFL f ORI O RITBEWT, {6550 k
Uﬁ #ﬁﬁ@7«»@%ﬂ%%t6?ﬁ%%% MNR— EERT B, HEamS

p &t h (3.1)
HEMNIH—, IIEMVT =IO BTN TNNERT.

AREDFIHTRIZED, shortcut reasoning (&% 7 — X D spurious feature 12
Db xNdh, TNOPHERNRX—ICBUISZ NI IRNILVLTHBZ
Clx, ZoHEEm (X — 2 hishorteut reasoning TH 5 Z & DREFZHFE WZ B, L
72 o T, HEFw X — Y DEFRICBWT, spurious feature DR % T3 ICE &S
BINEDD 5.

Pezeshkpour 513, spurious feature 21% Granular feature (FEHMIZFRME) & Ab-
stract feature (FIRMIZENE) O 2N D 2 L L TW5 [27]. AI&EE, “Spiel-
berg” O & 5 Tl & MEARLMEROHETH 5. BEIX, HEDEMH (Lexical
overlap) D X D IZRBANCHHNZWERIBZAX - D e 25T

ARFH X TlE, shortcut reasoning DMHIZBWT, FEEZRMHICHFEHL, HERMW
FMHICEH L TS ROFEE 5. Lo T, #imZ—IEU T L5 ICH
ERINS.

pw (3.2)

w A XHEED RS [wi, wy, -+ - ,w,] BRT.

AR T, FBRNBEDOAERS OO, EHHBOMAEDEED LY
FEDHER SR — TS 5 T EDHRETH 5. BIZR, BESHET MICBNT,
[“not”, “bad”] — NEUTRAL *° [“Spielberg”] — POSITIVE (shortcut reasoning) &
Wo e XS BRR-VPEZOND.

3.1.2 #H//NF—>DERFEDHE

Heam & — il 5 Fik e LT, #r72i Input Reduction (IR) ZEAT 5.
WMRETNLfEIDDT—XEY b Dyp = {(z5, )}, BEANE X, FKa,
WRLUIR ZHEA L, #am & —r o C zaitids. IR T, X (3.2) B
R H—wIZOWT, FNLDTENCHEY 2 3 REBOHEDORY L Z X 5.
%7z, Label ZZNZ AN Lz 2o ve T35, ZHU, MIHT—D2D
ZFHSARAEGEZEZTEDEIIFICHOWONIERTH 2 2 L 2RiAFT 3729
Th5.

IR OMEZK 3.21RF. KERBIVUILITO@ED THS. H5T—XEv b
DZANE LTRIMo /4R, TRy FOBA VAR YR (2,y) ITDOWT,
FitX =D w = (w,]) L, 208G CEHNT 5. EHOMHTIE,

11



INPUT: x PREDICTION: ¥

| don't like this movie . NEGATIVE

| don’t like this movie [MASK] NEGATIVE
[MASK] don’t like this movie [MASK] NEGATIVE
[MASK] don't like [MASK] [MASK] [MASK] NEGATIVE
[MASK] [MASK] like [MASK] [MASK] [MASK] POSITIVE

2

[“don’t”, “like”] — NEGATIVE

3.2: Input Reduction DO

ARz DI EZ 6T F, s IZEFNIBHBIIN L T—DFT ORI 20T
% ([MASK| ICEBHET %), A7 DPEHEPLTVWE, Zhz ANz L EDF
BINZALT 2 FTHEDIRT. THPZEDLNUE, ZOERMORINE NI HT— T3
Hedm S 2 — > OB 215 5.

LOLEND, 74 —TREFEETIITRIZDHASDOENIFRICKE DFEREN
BiHE 5. L7dioT, Integrated Gradient (IG) [33] Z)GHT 5. IGIZTFHIOD
BREBOHEMEZAE T2 FETHD, HLABVWIEETFHICRESHELZ SR
REERTHE I ERT. IGRIDFRELLRaTICHESE, HEEDRNE
FElEIC~ A7 D) 5.

Input Reduction O#HEla — K% Algorithm 112777

3.1.3 —MDEHE

Him SR =%, HEERITBU 2 (2= CEREDII2E, —EDOHANED
RO HNIRFIUIR SN, £ IT, Haw s —ro—lMErEET 5.

C i HHDOHERRARE — & p = (Wi, 1) D— M g, ZRD X SIEET 3. b
V7 —DEFEDRI w; 2 FOCHEHDORE (2),1;) € Eoon(w;) & Doop 2> HHIFT
5. BIZIX, HEm X —2 p; = [“Spielberg”’] — POSITIVE IZEWTIX, Eoop(w;)
W& I grew up with Steven Spielberg’s films. His films are always great!! <2 Spielberg

12



Algorithm 1 Pseudo-code of Input reduction

1: function INPUT_REDUCTION_IG(D)
2 for all (z,y) € D do

3 G f@); o e i e

4 while § = ¢ do

: Tprew € T3 Yprew < (@)
6 2’ < 1G_mask(2’)

7 § < f(@)

8 if all tokens in 2’ are mask then
9: break

10: end if

11: end while

2 O CUp= @y Tppen)}
13: end for

14: return C
15: end function

is overrated. £ \Wo Tz KO RYBEEZZLrEZONS. BUF L7z Eoop(w;) BRI,
R X — > py O— R g IEZLA T D K S ICEHRE IS

y def ZI,GEOOD(WZ') 1 {f(flil) - li]
o(p) = [Eoon(w,)|

x 100. (3.3)

ZOR(3.3)1F, MUH—EELOOD DEF—XIHTZEFLDTHEID S 5,
ENRITOEP I EFTTHE00EEZRLIdDTHS. ZOHEGRKRZTWIZ
¥, EFH 00D DA L TH IID 2 St X /=#gw sk — o 2@A LT
Wb ZreERL, #HERSIZ—VO—REDHEITHD Z LIS,

3.1.4 Shortcut reasoning O¥|E

Geirhos 12 X % & shortcut reasoning (ZLL DS (i) TID O AN L TLdES)
WCHERE S %23, (ii) OOD D AINCH LTI A TIER W & OmAZiET [8).
I D&M U ZHim & — Y ORmIcEH T 5.

IR ZHWT Dyp & i S HEim R — 2 p = w; = [ IZDWT, F&F (1)
&, p; B Dyp TEMNTH S ZeBZDOFMZHMTIeIliRs. DFD, 7V
Bw, ZBZOEIRID 7RI LTI IEL FHITESZLXTHS. LdoT,
Enp(w;) 2B 3 &am & — O 7T 2. BAERIICIE, AT X
I ITEFR I N5 AR iid_ace; ZFHW 5.

HMa=0]1%, a=bDZE 1, a£bD¥ %0 %iRTEEL.
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iid_acc; & 2rerup(wo LI () ul 100. (3.4)

erEnD(wi) 1[f(x) = 1]
Z DFMIEREE N VU H— (W) BEEN B AN L TEREFIELL FHITET
WADPZERT.

St (i) 1, pi BPO0OD DT =&+t v bk Doop I LTHMTHRVWES, 2% D
EFAD MY H—%EL 00D 7 —& (Eoop(w;)) IR L THREMEWE ETH 3.
% 2T, Eoon(wi) & Doop KHBITBTHIDF1 Ra7n7kAZHREL (X (3.5),
ZDEEHEGR X — P ENZT 00D TOTFHNTKML TV B0/ T 5.

Ai = F1(Egon(wi), f) = F1(Doop, f). (3.5)

L7=oT, BB R —> p; = w; — 1; ¥ shortcut reasoning TH 5 &1,

g(p;) & iid_ace BZT7I2@m <, Ay DTN, 2 W0WH ZeTHB. BRI,
shortcut reasoning DA P IIR (3.6) D & 51TEIT 3.

p« {p:€C | g(pi) > A1, iid_ace; > Aa, A; < A3} (3.6)
ZZT, A, A, MIEHEAMCERTAEETHS. L IEFr AL —1F &
0UETRHRITINE RO NZ CITHERT 20ENH 5. MU EDFEENR shorteut
reasoning DEFLD, FATHIFE 27, 38] LIFELD, OOD TRELFELZL X %
shortcut reasoning @ HEMEHH 2 AJEEIC L TV 5.

3.2 E&
3.2.1 =T

REFIEOFMIZE LT, ST T /L 21T-> T3 shotcut reasoning d
ground truth ZHH T2 Z e PHmD I Y INRT Ta—FThHb. LLrLEDVL,
WESD=a2—F )y MIED GEEWET VI T 79 7Ry 7 ZATH D, ground
truth ZH3 CRHMiiH 7 — 2ty M 2WERT 2 Z IR ICRETtH 5. 22T, Fk
\ZSEATIRSE T spurious feature Z & A TW5 Z E D3R 5T W5 HA S ieiEim X
A 27 (Natural Language Inference: NLI) R&IE7HH & R 2 (Sentiment Analysis:
SA) OFHiiH 7 — &ty s 2H LT, #aH % — 1T X o Tspurioues correlations
DFHEZHE X, shortcut reasoning ZMH T2 Z e N TX 202 MRS 5.

T2ty k- ETIL

SA TweetEval [1] I& Twitter IZIZFR S N7y £ — MIZWL DO DEWD T /
T—aYEINEREDT—XLy N THB. sentiment (XZDY 7y hTHD,

14



#£ 3.1 F—&%ty DM

T—&%tv k train  validation  test

SA

Tweeteval (sentiment) 45,615 2,000 12,284
MARC (en) 200,000 5,000 5,000
NLI

MNLI (matched) 392,702 9,815 9,796
ANLI (round3) 100,459 1,200 1,200

3 3.2: ETFILDOFAM
4 S av%

SA  cardiffnlp/twitter-roberta-base-sentiment
NLI roberta-large-mnli

positive/neutral /negative D 3 DDMNED 5 2237 NI T 5. MARC [17]
¥ Amazon IZBIT 2L EEDREML Y a— 5 BREO BRI X 25Hfin 7 ) 7—
YavEAINLT =Ry b THE. SEFHEEL L 2—DF7 =Xty b2ffS5. Hi
MIRY LT, 5 BRFEOFHEICBI LT, BEO®p 4 LD L ¥ 2 —% positive, 3 %
neutral, 2 LU ~% negative & L 7z.
NLI MNLI [41] %, premise & hypothesis D 2-DDIZXf L entailment / neutral
/ contradiction D 3 DD INRADT )7 —aYENNLIDT—&Zty FTH
%. contradiction /3 7 LT X AT W 5 HHID hypothesis DZ < IZ negation 23
B END LW spurious feature DA ST/ > T3 [9]. ANLI [24] 1& MNLI
[FIRRIC 3D F AT /7 —2a»EINTHED, MNLL & b bEMETHSE D
BMWNLIDT =&ty b TH5.

ARFEEETIX, 1ID ¥ LT TweetEval £ MNLI, OOD ¥ LT, MARC ¥ ANLI %
AT 5. FHIET I, Huggingface TR X TS RoBERTa [20] X—ZA D
fine-tuned EF N2 M T 5. FHllZ 3.2.1 1TR7F.

Shortcut reasoning #&HICBI T ZRE

Input reduction D AJJ (i.e., Dyp) & LT, train (FEHT — &) & test (7 A b
T—=&)D2@Y ZHWS. HIFEIXETIVOMEA (NERIRER) 248 2 7w < & —
VPMELNBE BT 5. BEE, HERRX -V 2R 00RS ERNK
FHETH D, KEBRTIE, 7VFLIGERALRE 1,000 007 —XICIR Z#HT 5.
Shortcut reasoning FIEIZfRE NA 2R=08F X —=ZIZDOWT, GHEIDOEBETIIN =
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50, \a =70, ZLTA3=—0.05&RETS. /2, —BKEDBENMER X —2 %
K D IEHEICHER T 272012, |Fup| > 100 TH 2R X — > DA E IO R &
T5.

3.2.2 ER

Fi ) & 4172 shortcut reasoning 2% 3 2GR/ $X — 2 %K 33 055K 3.6 12
Y

NLI

OOD 1Zxt3 2 MHE F1(Doop, f) 1& 77.8 Z/n L7z, “/s” I AJTD premise &
hypothesis ZFFT 25Kk b —2 > TH 5. FonlHmmx—r2BElL THS
¥, hypothesis IZEFN 2 HFEN U =DK% 5D, premise DHDHFER &
LGRS X — 3B Lo 72, T DFERIZE 7123 hypothesis IZHTFE LT
XEBEFRZFHLTOD 805 2 Z2EKRL, FRIROKIRD Poliak FiZ X - TH
HINTWVDS [28]. 51T, BERID hypothesis IZEFN TV B HEFH (KX — >
H% < shortcut reasoning & U THIE S N7D, ZAUTDOWTHEITIISE [9] THE
i 2T B shorteut reasoning TH 5. LLED S, IRBFIEDN LA shorteut
reasoning ZWYNCHHTETWB Z 2 hbhro 7.

SA

00D I2B1F 2HAE F1(Doop, f) 13 60.3 Tho7=. BoN-Hm x— 2 2fk
EHRTABE, ZDZ LD [“love’] — POSITIVE R [“awful’] — NEGATIVE F DK
THEICEH L-bDTHo7z. 2D eh b, SARBVWTETMIRIEEL Tl
DEBERFNNPD L TWSEZ DD 5. shortcut reasoning TH B D DIZTDOW
T3, BEEEZ SR AR —VNEh o7z, L7 - T, shorteut reasoning 1
3L b FATIHFZE TS ST W B [“Spielberg”’] — POSITIVE D & 9 72Tl & %
BRRHEEDOAICKIGL TWEDTIERWZ e 23bhrd. —7F, Z0 X5 % Tl
BRI BEEDY MV A — e R B R X — V3§ g o 728, 1ID & 00D
I LiRE TIERR DRGSO N D AREED D 5.

MARC IZB LT, neutral & 7T XNz Ea— (B 32)IZBWTIE pos-
itive 2RI ¥ negative BRIANDEZX 272d DL Aoz, A OftHENIK X
WHEGR SR — V2 BIR L TA B L, AU Tneutral ZiZ-> TFHIL TWB Z &5,
AR THIUIL ¥ 2 —ZREERNCEHE L 2 T UIR 5 R0V LSS, L a—
HDYHE S —77 OMMEDKEFEZKEL THEER L TW2 Z e b o 7.
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7 3.3: M & 17z shorteut reasoning (X 22 ¢ NLI / Dyyp : test)

D g iidlacc A |Enp(w;)
[“/s”, “has”, “no” |- CONTRADICTION 88.3 97.1 6.4 428
[“/s”, “never” |- CONTRADICTION 80.3 99.3  -9.0 1515
[“/s”, “n ]—> CONTRADICTION 69.0 941  -6.7 2038
[“/s”, “soon” |- NEUTRAL 64.1 100.0 -6.5 142
[“/s”, “’t” |- CONTRADICTION 56.0 928 -14.6 2832
[“/s”, “not” |- CONTRADICTION 55.0 945 -51.6 8708
[“)7, “too”, “/s”, “not” |- CONTRADICTION 54.9 100.0 -8.3 164
[“is”, “/s ”, “not”, “.” |- CONTRADICTION  54.5 935 -14.6 2495
[“Power”, “/s” | ENTAILMENT 52.1 100.0 -21.7 163
[“/s7, ", . ] CONTRADICTION 51.9 929  -6.9 1868

# 3.4: M N7z shorteut reasoning (% A2 NLI / Dyyp - train)

D g iidacc A |Enp(w;)]
[“/s”, “never” |— CONTRADICTION 80.3 995  -9.0 1515
[“/s”, “been” |— NEUTRAL 776 969  -9.7 2496
[“/s”, “no” | CONTRADICTION 69.0 99.1  -6.7 2038
[“might”, “/s”, “not” |- CONTRADICTION 65.1 100.0 -6.1 126
[“/s”, “soon” |- NEUTRAL 64.1 978 -6.5 142
[“/s”, “did”, “not” |— CONTRADICTION 61.3 96.8 -10.4 1329
[“/s”, “is”, “always” |- NEUTRAL 60.8 96.6 -5.2 102
[“/s”, “is”, “not” |- CONTRADICTION 59.9 974 -164 2381
[“/s”, “’t" ]| - CONTRADICTION 56.0 98.5 -14.6 2832
[“/s”, “not” |— CONTRADICTION 55.0 97.9 -51.6 8708
[“/s”, “wasn”, “’t” |- CONTRADICTION  53.7 96.7 -5.1 164
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7 3.5: M X N7z shorteut reasoning (% X2 1 SA / Dyyp - test)

D g iidacc A |Epp(w;)]
[“Excellent” |— POSITIVE 96.2 100.0 -7.2 184
[“Not”, “worth” |- NEGATIVE 96.2 100.0 -7.0 220
[“awful” |- NEGATIVE 90.1 80.0 -18.9 161
[“enjoyed” |— POSITIVE 90.0 100.0 -8.3 251
[“Love” |— POSITIVE 88.5 83.7 -10.6 925
[“Great” |— POSITIVE 87.8 80.0 -10.5 1627
[“fantastic” |— POSITIVE 875 929 8.2 128
[“amazing” |— POSITIVE 86.3 91.7 -6.5 381
[“love” |— POSITIVE 83.5 87.7 -11.6 2418
[“Beut” |— POSITIVE 82,5 845 -11.9 143
[“awesome” |— POSITIVE 80.9 963 -7.2 340
[“frustrating” |— NEGATIVE 80.7 100.0 -11.3 171
[“worse” |— POSITIVE 782 931 -13.8 147
[“beautiful” |- POSITIVE 78.0 833 -84 487
[“favorite” |— POSITIVE 764 875 -4 267
[“Good” |— POSITIVE 76.0 80.8  -9.5 1050
[“great” |— POSITIVE 753 824  -9.2 5092
[“Nice” |— POSITIVE 71.8  90.9 -10.6 602
[“cute” |— POSITIVE 69.3 100 -84 1146
[“hate” |- NEGATIVE 69.2 83.0 -16.9 133
[“nice” |— POSITIVE 629 714  -52 2426
[“are”, “bad” |— NEGATIVE 582  80.0 -5.2 239
[“excited” |— POSITIVE 57.0 86.7 -16.6 309
[“liked” |— POSITIVE 56.3  92.7 9.2 632
[“always” |— POSITIVE 51.6 762  -5.3 579
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% 3.6: M X 117z shorteut reasoning (% 22 1 SA / Dyyp - train)

D g iidacc A |Eupp(w;)|
[“worst” |— NEGATIVE 97.45 81.7 -254 158
[“Perfect” |— POSITIVE 96.0 88.6 -12.9 324
[“enjoyed” |— POSITIVE 90.0 939 -83 251
[“Great” |— POSITIVE 878 947 -105 1627
[“poor” |— NEGATIVE 871  76.0 -129 458
[“disapointed” |- NEGATIVE 86.5 100.0 -12.6 1480
[“amazing” |— POSITIVE 85.3 98.4 -6.5 381
[“love” |— POSITIVE 83.5 943 -11.6 2418
[“perfect” |— POSITIVE 835 941 -79 1219
[“awesome” |— POSITIVE 809 962 -7.3 340
[“favorite” |— POSITIVE 76.4 904 54 267
[“fun” |— POSITIVE 76.3 922 -11.1 396
[“loved” |— POSITIVE 76.1 957 -74 725
[“Good” |— POSITIVE 76.0 904  -95 1050
[“great” |— POSITIVE 75.3 921 9.2 5092
[“Nice” |— POSITIVE 71.8 877 -10.6 602
[“cute” |— POSITIVE 69.3 951 -84 1146
[“hate” |— NEGATIVE 69.2 758 -16.9 133
[“Interesting” |— POSITIVE 68.2 917 -11.0 195
[“sweet” |— POSITIVE 65.0 938  -6.2 143
[“nice” |— POSITIVE 629 925  -52 2426
[“best” |— POSITIVE 622 91.1 -5.1 792
[“is”, “bad” |- NEGATIVE 60.5 772 -89 521
[“excited” |— POSITIVE 57.0 978 -16.6 309
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train or test

Input reduction DRI OWT, train & test 22 H15 S N/ H#HEGwH X — 1
BRELREZIRON Lo, BRI ARZ—-VIFEREL 2D, FEEBB0AIA
CTHot.

KD shortcut reasoning LZZX5N3HD

NLI Tl hypothesis iI2ZF 415 [“popular”| — NEUTRAL X2, [“as”, “well”] —
NEUTRAL 23%7 L\ shorteut reasoning & L T 6Nz, ¥b50d—f&kME, Ra7
72 & HIT1 971 shortcut reasoning & H|WrT & 27KHEICH 5. —75, SAIZDOWVT
WERICRDT 2 Z e TERD - T,
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F45 HIBAEILICED < W
AT LA

A% (Machine Reading Comprehension: MRC) k%, B & Xitd
BXEEZITEY, HifE % R BARASHEUMIZBI 2ICHZAAZDZ 8 TH
5. BiREO a2 TIE, BHONEZIEL CHEEL, XED S B IHEIRE
WMEBWDH L, RENREEZHRT 2 e DEREINIEH LRI TH 5.
Transformer OEFHLER MRC OHEEIZF EL72d DD, HMEiT 7 L OnEfErE
W 2R LTIHREE Ro TV, BWaie 7 VIXER  XEEZR
T o THifEEE Z i < 23, XEFETITREITRERERE XS LEHm 5 LWE
BIZOWTEDINLXLEDLZTENT VWS L, ZOXEPOHEZIERLTLES
EWVW o FEDY, B DATMRICE > THOLIZKR>TWVWS. ZTo5W0Wo7z, A
D ) A RTHS 2 Magstess, #aee 7 L omEEEORME L L tiimS h
TW3. Nz T, #AARTEEM: (Explainability) i@ & 2> TW 5. #% D MRC
TlE, ETNVEBEDAEZH T 27D, 2—F -3 REZDREICE 7DD
PHIZZENTERWV. KT, —=2a—F L3y NI =7 2R—-R T EHRMET
JENEROHER 70 R 2R 5 Z L 3D TR TH 2 720, FARTRENED
M EEAICHEmSI N TS, M LD XS RERZERIC, BRARITITHED
TR - SRARTRETE DA FICEL D FHA 2.

Jia 5% Jiang &3 HEIA K L 72O AR (Adversarial examples) %z FWTif
DA Iy T —F Lz, BORRIHREA LI, E7ADRMEVRT VIS DL
WERZIMZTZASTHY, ZRE2HACTIIBT 2 2T/ A4 X0 LU CEld 7z £
TOUERETE L Z e PFRFENS [13, 14].

WL ODFE TS, Rationalization &IN5 7 7a—F ZilAT WS [25,
12]. Rationalization &%, &2 XA ZIZBWT, E & £ OFmMEHIRIL (Rationale)

SEMHE TV XE 237 X4 4 Th 5. H#iim 7 0t 20 TR I
2EHE, ELEOETHNIES 2T, BEOM mz, SHELEET L,
FHZBERT ® GPTIZREKEND 77 v 7Ky 7 ABRHAFEHBEASHEET VD
BHRfREMEZ M L X8 2 Z e 2 HE LTHISEE LTV 5. Explain-then-Predict 13,
rationalization 23RAJRE/R 7 —F 7 7 F ¥ TH 5. BRIICIE, A3 T—&I1Z
ML, 2oz HWTFHIEITS €Y 22—/ (Predictor) DREIZ, Explainer & PRI
N2 AT DB L 72 B IHMD LS NG DA Z AT — 20 oL
T predictor ICIE THREZ o - BV 2 — LR BWHED Z L 2IET. 207 —
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Question

' Document :

Xl 4.1: HEMEHRIC BT % Explain-then-Predict 7 — % 7 27 F v O E

F77F v OMELRK 4.11273F. Explainer O U 72 @B A B2 [EHADS Z D
FERERIL Y 72 D, FE NI predictor IXFHREEIT o TWB 720, 7—
*727F ¥ BIADHARRETH D, SR 71 220 IRE L TW S H
ZRITRETDH 5 EFME (Faithfulness) 23mW I BT DT —F 727 F ¥ OFRET
»H3. Chen 51, explain-then-predict D rationalization {22\ T, explainer 53
ANCEEFNBRERER (/4 X) ZHRR L T N3 &E 2o TW0Wa 7z, #
BT =R B 20M%H2 00D 7 —XANOUMEE ], $xbbiEMEsm L3
5D TIRRWDLr WS R ZMEE L, —HOEERR CIdEEEom 23R osh
72bDD, ZOMPRIIRENTD -7z [4].

AHITIE, explain-then-predict B DR S X 7 4 %2 FIET$ 5. BIRHIC
¥, explainer 23E{HITH D _E1F 7z Shorteut reaosning Z1T-> T\ 5 & WS REHIZ
DWTHGREZRA TS, MAEFEBRDOKER, explainer IFEMSRXFIZREEMZ - LT
ZFNHHANILTDH, S ORBENZ(M L R o Z DAL o7, T
DFERIX, explainer 3K — >~ v FHM & XEZHMHL TVWRWI R X
nr.

4.1 Explainer IC& T3 Shortcut reasoning

4.1.1 Shortcut reasoning D9358

4%, [Explain-then-predict B! OGRS 2 7 2128V T, explainer 73 short-
cut reasoning Z1ToTCW5 | E WO IRFDMEEZITS. T DR Z MRAES 5 12H65L
5, BEWEHRE X X 71281 5 explainer @ shortcut reasoning D73 %H%47 5. Short-
cut reasoning 1%, ET /I LB MEEN»OIEGHWLHERTH D, ELVTHIZ
179 7 DIEA TGRS, THNCARERERD bEZHmT 2 2 2%
V. BRFRE X XA 7 12BWT, ANBEREXED 220085260270, £0D
5 HIZBWVT shorteut reasoning 23FE L TWEDIZEDSWTHET 5.

Type 1 : BRICH TS shortcut reasoning

1 oHDOBHEIX, HRNICBWTHEAE L TV 3 shorteut reasoning TH 5. FHE X
N3EHEEL LTI, FFEDRMFANEZEN TV E2HEICXEFORE - 787 %
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Edited Question:

-Firsthalf “What is the name of the quarterback”

- First word “What”

-NoQ NaN

- Q shuffle “Where was the largest single capital investment [BM made have been huilt?”
- Qword shuffle “is ? who of XXXIII Super What name in 38 the the quarterback Bowl”

Edited Document :

- NE shuffle

“39 became the first quarterback ever to lead two different teams to multiple Champ Bowl
XXXIV. He is also the oldest quarterback ever to play in a 38 at age Super Bowl. ...”

- D word shuffle

“lead to oldest also 39 became in quarterback Champ He the Super Bowl to. quarterback
teams to 38 Bowl multiple first XXXIV. everis at the different ever play a age two...”

4.2: AJNTHNZ 3 Mg D

WICHHT 220550 THS. fHilZIX, ER “Who is a current president of the
USA? IZH LT, XEFOMFEALBEETNTWD X EmBRILE L THT 3,
EWVWS KOIRT—RATH 5.

Type 2 : XEIZH 1T 3 shortcut reasoning

2 O0HIX, XENDDIREDBHRICHAFEL T, HJ1%Z21TS shorteut reasoning
TH3. ANShERICEDL T, BERHOEENLI LT 0wo7
JEEPEINS.

4.1.2 REEAE

Shortcut reasoning D77 FHIZIHD X, explainer ND AN TH 2 EHE & XEZ R
(L, HNOZ(LZWHREES 2 FEZHRHT 5. AU TRHALREOHEL Z
DIz 4.2 1R

BN T 2HETIE, B0~z RIESE 2 FEEHWS. HRORED
D A (First half), F#IDOHEE (First word), B L (No question) ZF&ET 5.
MAT, oXFIIHFT 2 HM & ANE 2 5% (Q shuffle) &, HRISXANOHEE
Y vy 71§ 5 (Q word shuffle) fREEDH1T5.

NEIINT 2R TIE, XEPRCEENIEERHADNMEZ > vy 71T 5RE
(NE shuffle) &, H§E% > vy 73 58E (D word shuffle) ZRH$ 5.
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4.1.3 FHEFSIE

AR BY, ZOEETIX explainer DHTOZELZBE T 5. ZIUIFFEW,
FRPED LA L 2K 516182 EANT 5.

Gold rationale F1 (GR) i, Chen 6 03VER LAFHEETH D, ET LD
FHIL 7z rationale & AN[E237 / 7 —3 a > L7z rationale DfEIO F1 227 ThH 5.
ARFEERTIX, XHATDOGRZFHET 5.

Matched rationale F1 (MR) (%, L MEZRD AINTHT 25HD—
EErRITRETH. BRI, WEOHIEZR TOTHIENLFHHDOFL 227 %
FAEL, ZHZ MR &9 5.

GR I THI U 7= rationale S [Ef# ¥ 5 TH 2 0 EiHii3 246 TH 55, FHA
DEEIMNITHREETIEIR L, HAODZELTH 5720, ZDELZFHii3 5651 MR
HEANT 5.

4.2 REX

4.2.1 BT

FetkaciE e 71 2 LT, Paranjape D&% L 7z Information bottleneck % it H
L7z VIBZHW3 [25]. VIBIZ, explainer & predictor & $ 2 BERT ZHfH L TH
D, rationalization & #iweE 1 ZF 5 2720 D7 —& v M TH 2 ERASER 6]
TEWHEZERLTWS., 7—X+ty ME, ERASERO¥ 7ty FTH5, i
2 v VILVOFHREDINER X A7z MultiRC [18] Z W 5. MultiRC IZIZEE D
KB 5LENSEMIATEINTED, explainer I3fFEFITHER L% Z T H»
HFERTHEATH T 5.

4.2.2 R

FEROFMRZM 4.3127RF. GRIFME, MRIFFEDOAN—TRINTWVS.
i@ Original & Random (&, ZRENMRERATDATIE T ¥ X LT ZERL 7
EEX(FYyAL—F)DGRTH5S.

BRICY T 3iRE

72 7HROERICN T 2REICNT 2L E2BE T2 e, HRZHIOHERMIC
BZ=0D, KRELRIEZXEZ L, MRIZ40MPHEDIEWMEZRL, GRF ¥ V&
L—MBEETETRLTWS Z DR TE. LdoT, BRI 2EL
WiRSE X explainer DEEZE N5, OF D FHNCIEL TH L EEITEMEZEET
ETCWBZEDHEHITE 3.
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Original Random  Qshuffle No Q Istword 1sthalf Qword NEshuffle D word Word
shuffle shuffle shuffle

4.3: Explainer ND ASJNHREZMZ Tz O HTIOE(L 2B U /- FERFER

ZD—)iT, BREDF¥7DARHEDIEZ > vy 7V LIEETD GRIZ Orig-
inal 2 L TREL AL LD o7, MREATSH, ZH2470.0, 83.5 tifha
FWVKEETH B Z e hbrd. KT, 2HGEDNEZR > vy 7L L7z Q word shuffle
WZBIF 5 83.5 W) MRIFIFFEICEWETH D, explainer DH 1 D RKFDFHREIC
IOZE Lo/ 8 2R LTWE., ZOMRRIOMBRTE20D1E, FIHEM
NOFTEITHRIFE L CHAEZIER L TWE 2 WS 22 Thb. #L T, explaiener
DB L THEKTH 2 VWS e TH 5.

XEICHT 3RS

75 7HEITTR LI XFEIIN T 2REOMREATASL L, GR:MR & HITH
WMEZRLTWS ZeDbrs. 2FD, HEOHIETHAINREZSE(L LD -
7-Z e ZEBRLTED, shortcut reasoning DRJREMENRE X NS, FHZ, [EHEFE
HONME% > vy 7 L7 NE shuffle TlX, GR & Original 2 1ZIZ[F/KETH D,
MRIZ 70 L EE WO BHERMEREZ R L. ZOMED S, explainer 13 XED EE
RO &3, XHOREERTEZ MM U CEtiA 23R L T 2 ATREE D R
I3,
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FH5E HBHOREHIRELHIEANA—X
ELTOKRIESTHEETILD
EIRCEITT-5EH

HEAR—RE LTOEFEETI (Language Models as Knowledge Bases:
LM as KB) 1, FIZ Transformer ZX— 2R & LH{iFEEAGEE TV (LM) Z
HEENR—Z (KB) & LTISHT 287 X4 1D Z & TH 5 [26]. BERT S GPT &\
572 LMIFZ DHAIFEITBWT, 525607073 (Masked Language Mod-
eling: MLM) °XH D H 2 #{ DRDHEED Tl (Next Token Prediction: NTP)
R RAD 2 REEIZATS Z e DB—RNTH 5. FHHiFE 7T — X I12iE Wikipedia
HD Web EoBGFE NIRRT F AT =2 2HWE0, LM IZHHEE %
WL TE ZIZEFEN 2 FHENAERS —RERL & OZRB RN (e, A
ik © World Knowledge) 287 X —ZIZLRFEL, HRA7% By Z7I1ZET 2 ERH

CEATD, REOEmERET 28 iz oZ e HIohTwa

BRETAEHEARN—R LTHWS ZEDRHE LT, (i) Eﬁt?%“EO)F‘n’E‘IL\
BHOEDAEETH B, (i) ZRRRATIZ ZVITHIGHAIRETH %, (iii) IEH 1L
RAGRZFF->TWD, LWVWokmddBIToNns. (1)1, SQLFDHERN— A TIER
WEDERWIZ EIZOWTREDIEATIEF LR T 20BN D 2 DIIX L, LM
as KBIZEEHZBATHETHWEDE S ZEMARETH S L Vo KM TH 5.
(i) IZ2WTIE, H2HEICE T ZHVEDLRICBNT, FFEDHWEDEFERIC
MoDd ek, (1) TR XS ICHASHEOM,A LA UKD T 2 2
LT ES. (i) 1k, BRO@E D Wikipedia RFa L&D & KL HATEE 217 -
TWa720, ZHLEY » YLVOREZR > TWa 2 e ARG T = 51, —fiH
D X5 BEBRINTERETE RV X S WHIRARAERICD NN T 5 2 e B TE 3.

PEDES5%RAY Y FO—HT, WK OhDERBINESHEDEET S, ZD
—O73, Hallucination £\ 95, WHWAFFEETND | TH2. FHAFEH

BEET M, —BIBRAEENR—XD X512, [ELWHERZARRINRFES 5
R HRE LTHEINTELT, NEMEED 77 v 7Ry JATH 27D, %
OHINIBLFTLBIELVEIERSRVWOIMAT, 2o NcE 77Tt %
Higs s Z L IINHETD 5.

ZI Vo idE e T RIC, LLM OEBKEROEENE (e, THIO BEE) 2HE
THMEDPEAIITDORT WS, BT TIE, & b—27 v DRz EFL
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T5FE 23], T b -2 HET AR 37 o, LLM 7 v > 7 M TH
BEREEZH 1T 2 L 51287 2FiL (Verbal confidence) [34] Z£03 Tl D IEf#
ReXIRMLTWE 2, §4bbHEEEL EERIIEMEREL TV Z &5
LR -oTWVWS. 2T, RO BEEOMATHmI N TWS THIEE]
ik, BACETADRELDTFHINIELWEEZZREDZ L 25T Z & MIE
EAETHS.

ZD—FT, HHIFEE T — 2B 2HGERO HISEE & EfERSIEOHBZ LT
WA FERD Mallen 512 X > TORINTWS [21]. LA LAD S, LLM IX#GIRE
PEERED BRI 2 Z 712G T E 2 X SdIfE b Tidiel, —foE7s
W& Instruction tuning % RLHF (Reinforcement Learning from Human Feedback)
TT7 74 XY PENTVEHDD, EARKNIIXDSIHDPLATITLDRDLD L <
F =2 2THIT 5 2 L 2HAIEE TRV TVWEDATHS. LiehoT, LLM
DHBEIRELTTFHDIEL EZ2KML T2 5 »3HEERORMDD 5.

Z 2 THAZ, LLM A pFE R OEMEMEHEE ISR 3 2 1581081 2 BHIEEIE,
THIHELWHERTERL, PHICOWTEHRELTWAEEZRLTVS, W
IFHEERT S, X DECE, LLMAVRT BEE X REE AR EREEIC LD
fiR e L CTIEREMHBI L TW» 523, FEEICIRFHRFEEICB W TN T DOMHE
THHPZBRL P2 RL TVRITBERY, CWHRHTH L. KETIE,
DIRFUIH L TEFRETNMICHET 2EREITV, ZOMREERT 5.

5.1 LM as KB

5.1.1 [BREDEL

AWFETIEX, LM as KBIZBII 2 EiEET NV LMIIKEDOSEET L, DEHX
{2 R & WCHGEZ THIL TW L E T, FHI GPT % PaLM 55O Transformer @
Decoder ZRX— R ¥ LI2HRIFEETAZIND. T, HER—RAKBIZDOWT,
HIG% & & 1& subject (si), relation (ry), object (or) D bV 7L v FDX T (s,7,0)
¢ LTHRT.

LM as KB Tl&, FEgkERWEOR BB, s, & ry DOERI N7 ) g,

SETMIANL, Hhahiz o, 2R LTRS. AR X5 1ITE
AMhxh 3.

o = Mo(qr) = argmax p(e | t(sk, %), 0) (5.1)

ecV
M IFFEFIFEEIC Lo TRI R =R O Z2IGLFEET N, t()1F7 T VAERICEH
TE57FL—1b, el 3EHBETNDOEBEREVICEENEIZ VT4 T4 TH 5.
22T, RADEDLIZFHEETNVOREE TH S0, H2HGEICET 2 TH
WHBWTHT LD object TV T 4 7 4 1§ 20FTRV. £z, LLM OHTHER
1287 X —=ZBD/NXWVETILTIE, 7T VIIHNLUTRED object TV T 4 7 4
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TR, V2RV I RNEPERIND L A2H 57, H11OFHbGH
WEE L 725, L7zD3->T, LLM OH TR N T X — X D/NXWETILDOHRE
EBLT, LMas KBZLURD XS ITEET 3.

b = Mo(qr) = argmax  p(b|t(sp, s, 0x),0) (5.2)
be{True,False}
ZUE, ANz ) ZFERFCUTE X Z, “{statement of subject, relationm,
object}. True or False?” D X512, ERZETNVICHVWEDE S LS IKEZT
bOTHS. ZOEHICED, SEETNVOHNEREIE S TE, FHf
DEZTIZD.
DEZEEZT, LLMOBGBE cZLTD XS ITEREINS.

~

c(k) = () = 7(Ma(qr)) (5-3)

YIZEEEZHETZTEOBMTH S, c(k)iZ025 1 TTOHEGMHETRIN,
ELETIUTEVIZE HEE BN 2R T
LT, BEETRINS D DDIERDWFH TR, FHIL ZFEEDE LW
MR % IEMRE a(k), LLM 2HRERE L TV A RBEZZREE m(k) L ERL, £
NENLTD X HI1TET.
a(k) = p(be = y) (5.4)

m(k) ~ f(k) = number of k in pre-training data (5.5)

y \ZIEEOEMME ({True, False}) 2383, REE m IZOWTIE, FHEETED
N ZHEE LT 3. RIFFRIZBWT, EFARD 3HFEHICOVWTENRE T
BLTWE00, PET—RICEENIHETH S I L OBEREIIITbRWV
DD, —RITEMFAEEIZBWTHEE T —ZNOWNROHBSEEIX, ZDONRD
FTHREE L HE T3 223 KMo T0w3. koT, MUk, Rk 20 R
DECIEE m IIHE f & LTRT.

5.1.2 {REXDIREE

HIETER I N, BEE ., EMEq HE f2H0 TR Z D TRERRICE
FT2L, clZaTREEL fRRMLTWS, 7R3, ZONRKOBIEDD, %
FHRATHETRINT WS, BIEE L EME, HE L EMEOMHBTNZ, Fi
DAL TH 2 BIEE L HEDHEZHRET 5. 20%, BEEPEMRETIERL
BHERNL TWB Y S R RAE T 5720, $HE - [EEE - BEEOMGRE S
M55,

SEHEE ¥ FARE OB 2B 5202 L 7= Mallen 5%, Wikipedia 7» & Hf5 U 7= H15%
DY Ty FDFT—RIZH L Tsubject T F 4 7 4 DANREERNE LT —
Xt v b+ PopQA ZREER L7 [21]. PopQA DA G STV 23 ANKEE,
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subject > 7 4 7 4 ® Wikipedia R— D ARG Z HWTW5. ARFEEHTIE,
R (5.6) ITRT LI, TOANKREZHEE f(k) & L, BIEESLIERE L ORERNE
ZAREET 5.

f(k) = p(sx) = number of monthly access to the subject Wikipedia page (5.6)

5.2 S2ER
5.2.1 RE
T2ty

PopQA [21] Z{#H L 7z. Wikipedia 2 & Hf§ L 7z subject,relation & object @ T
V7 Ly b 14,000 FRNER XN TV S, SENTOVIHGEITINTEE, ¢
7255 True(IEM) TH %728, [FU relation ZEFOMMDHEHN)N 5 5 > X LIZHUS
L7z object(o*) ZHEH DA 7T =7 |k (0) E ANVEZ CTEHBIZIERT 5.

T —&t v MIEFENS relation IZ1F, occupation, capital-of, birth-place &3
H5H. FEETIE, 72ty VRETOMEDIZD, EFDA, EHlDA, relation
Zt OFHEEATS.

TTIL

Llama2 O chat €7V (7B, 13B), GPT-3.5-turbo 23 %. &3, GPT-3.5-
turbo ICBA L TI&, APIOfEAH L, FHILZ b =2 Y OWHERIMICOVWT L5 D
L2EoNVDD, “True” d L I “False” S L5 b—27 IiZ&FN TV
B0 TG EITIE, BMREDOXN R SRS 5.

BiEE

EFNVDOBEEZNEST 2FE (e, 1) WL ODFEET 2D, SHIOEEBKT
FFEATISE [34) 12D %, FHIL 7z {True, False} ORI B OIEFL=> b o
V—NHZEHL, UTD LS ITERT 5.

ZbG{True,False} B(b) IOg B(b)
_ o (5.7)

027(6)21—1\11{(3):1—(
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5.1: BfEEE. IEfREE. SHEZEOMHRY (Llama2-7h-chat)
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5.2: B, IEfREE. SHEOMHRY (Llama2-13b-chat)
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5.3: BfEE. IEfRREE. SHE ORI (GPT-3.5-turbo)
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5.2.2 ¥R
KISIEDIEME

FEROMERZX 5.1~5.3 13, FRIDFNE, o olEIC, SEE (M) © IEF
FE (fckh), SHEE (i) & BEEE (HElh), BERE (Bafh) & IEMREE (Mesh), —RRaofm
272 % XKW EI L - BEE (M) © EARE (i), oMBEEzRLTWS. &2
7 71X, B OIEREE D 15 2 EOHFZ 10 R EIL, Zhziz 1O bin
YLTW3. £/, O MICR2 X CHEL-AEE] ik, BEEDHEIC
XoTI0DEFT2DTIERL, &biniH DY ToNZEFHOEMSFECICHKR S X
SIICEEEOHE 10 7E| L TrlfifbI N7 o7 7 THE e 2RT. IEFE o,
E—2DEFDAPBEET 2 Z8IETERVWED, 7y b (1D bin) IZxf
L CIERERFET 2. —7F, SXOITIX, 11THET A b7 —X2KOfER, 2
TEXIERI D ADFER, 3ITHIZEARDADER, 41T7HLEZ relation Z ¥ OfE
BThH3.

EROEREZRTAZ L, BETNVICBWCIEMREMERE, BERMNEE, B
BEMNEMRE Y OERTHMHEPBE XN, EMEXEE, BEENEMEIC
DWTIX, BEAREATISED FRICIh o TR e e o7z, LA LADYS, Llama2 %
R L721EBDADFRERICBWT, [EAENEE OB LRI W ERID B S
N7z, F7z, Llama2-13b IZBWTIKIEMREXT BEE W3 2 RIBE N
7. ZHUE, BEEXNEWIEEARERL TWSEZEZRLTWVS.

ASEZ L DSEE - [EEEDORBERIE

BWT, HEZ L ICHEE L EMEOMGRE T 2. MREZK 5.4~5.6 1R
T, ZOFEBRTE, HEIRCHNOEEZ 5 2EIL, ZNZENUTOVWTHEE L IE
FREZETE LR EZRH L. 77 708, REHEETOKEO»S, #H
EDE L 23 I OoNERICOFAEZLEETWS. GPT-3.5-turhbo IZDOW T, H
BE cODHMPR->TWE I 2ERLT, ERROFIEICHW 2 HF OB —
BRI 2 XS ICHHEOHEHFHEZEI LTI ey b LEREX 5.710RF

Llama2 OFERIE, BHER Z & O HEEXIEMEICKERERIZIAON 2o 7.
L7=23-T, $EICEDLS T, BEELBEIMHELTWEZZRL TV,

—7Ji T, GPT-3.5-turbo {ZHBF 2#5H (K 5.6, 5.7) [FHKZFND D LR o7z. 8
EHAEL 251250, BIEE L EEEOHENEL RoT0Wb Zbhd. 7
7 7T E DSHER D 0.55 (DI LWED SR E > TWb—J5 T, AhidD
HCX, BHEERIXS T 7RINTKIEDS D 2 DI L, EFEERIZS S 7 ETIcK
W2 5. DOFD, EHEEROHERICN L TIZEEED L2321 XY IERS 2 DI
L, BSEEROHERICN L CEEEEN LR > THIERRIIZ ZETERL RV
CEEKRLTWS., ZOME»S, BREBIIAKEEZ KL TWED, HEDE
WHIERIZ DO W TITHRT A E CHEICHIS 2729, HEICIERRDS L2 ->T0n3,
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B 5.5: BHEERNC R7- B & EE OB (Llama2-13b)
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CWOHHRDFEAE L TS A[EENDRIEXINS. L LAds, GPT-3.5-turbo D
ATIDHRENPFEEL TVWAHEHEHHATAZENTERVWI DD, ZOH
RO A& DGR EE T2 L EBICERT 2 Z X TERL.,
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FeE DI

6.1 ZAHAFZTDOFEH

AL TR, SEET VOIS T 2 EBRCMAE 21T o 7. 3ETIX, S5b
JLFEE 7 )L D shorteut reasoning % HEIANCHIH 2 FELRRE L 2. WL D»
DRAZIZBT B ORER, BB FIEILITHIETIT TIKHL IR > TV
shortcut reasoning 12X, RHIDH DIZOWTH HEIRNT ATFIT X 25z LiZ
WS 2 Z e TEL. 4TETIE, BIMGHHS X 7 L1281F % Explain-then-Predict
B D7 — %7 27 F % @D Explainer 77 shortcut reasoning 2475 T\ 2 & W 5 REHED
MEEIWCH D fHA TS, EBROMER, AJTOERM - XFEIZ /A X2 MATHHIIHRK
XL EDLLRWT — X EHEZE L, explainer 25 AJ] N2 EHRE 0 HifE L Tk
W eBEREIN. 5ETIE, HORMAIRECHHRIRER GRS X 7 L D—HE8D
B3 H ORI TRE R FIE N — R & LTd LLM OFEBICHY, LLM O BiEE DA
HZ2HODICT 50002 To7:. BEEDPEMRTIIRIEEZ ML T
WEEWSRFHIIH LT, MR\ oNZr o700, HIRFEWRKRZIFS Z
EMTE.

6.2 SEDFE

SHOME Y LT, RN EETDH 2 H R ATEED DIt RIRE AR HEdm > 2
7 L ORI 2D A ZIT o TOE V. BIRRNCIE, H5ZEO SRS
EHLOD, HiPE 7T — X B 2H2HBOMEEEZRT L DE L -iEEDE
AR, BORBATRELRAMAR—Z2 2 LTOLLMIZBWTEBRICHEEZET 3
FIEOER, LLM OFOHIFRCEE T 2 UGN RERSLOMEEITO FETH 5.
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