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High-pressure systems stop air from
rising into the colder regions of the
atmosphere where water can condensfe.
What will most likely result if a high-
pressure system remains in an area for
a long period of time?

Knowledge
Selector

| select
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Here's a problem to solve:

High-pressure systems stop air from ...

The following is the reference:

Persistent high pressure has a stabilizing ...

2

|
concatenate & prompt

|

Persistent high pressure has a stabilizing
effect on the weather, causing subsiding
air that dries out the atmosphere

Drought.

Text-to-Text
Model
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In-context learning
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[Brown et al., Language Models are
Few-Shot Learners, NeurlPS2020]
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Learning via SGD during unsupervised pre-training

5 5 5
5+8=13 a = o thanks => merci Q
8 gaot goat 8 ]
=1 3 3
= = F
7+2=9 e sakne => snake ] hello => bonjour ]
= =3 =
3 3 3
1+0=1 o brid => bird o mint => menthe ]
5 2 2
= 3 =
El 5 5
3+4=7 @ fsih => fish a wall => mur @
5+9=14 deuk => duck otter => loutre
9+8=17 cmihp => chimp bread => pain
WV

sequence #1 sequence #2 sequence #3

[Brown et al., Language Models are
Few-Shot Learners, NeurlPS2020]
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In-context learning
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o HATRHIICHRODIETOHZESTTOVTHIKSDfine-tuning
o FRIUDIBROHHDSHEANDIYVE DT EFEH
o KUDLBWINSA—YDETILTE \zero-shotEEEa ERK

Finetune on many tasks (“instruction-tuning”)

Input (Commonsense Reasoning) |
Here is a goal: Get a cool sleep on
summer days.

How would you accomplish this goal?

OPTIONS:
(-Keep stack of pillow cases in fridge. )
(-Keep stack of pillow cases in oven. |

Target

keep stack of pillow cases in fridge

Input (Translation)
Translate this sentence to
Spanish:

The new office building
was built in less than three
months.

Target
El nuevo edificio de oficinas

se construy6 en tres meses.

Sentiment analysis tasks

[ Coreference resolution tasks

2023/8/28

Inference on unseen task type
g Input (Natural Language Inference)

Premise: At my age you will probably
have learnt one lesson.

Hypothesis: It's not certain how many
lessons you'll learn by your thirties.

Does the premise entail the hypothesis?
OPTIONS:

FLAN Response
It is not possible to tell

GPT-3 175B zero shot [l GPT-3 175B few-shot [ FLAN 137B zero-shot

Performance
on unseen
task types

Natural language inference  Reading Comprehension Closed-Book QA

[Wei et al., Finetuned Language Models
Are Zero-Shot Learners, ICLR2022]
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In-context learning
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Learning via SGD during unsupervised pre-training
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sequence #1
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[Brown et al., Language Models are
Few-Shot Learners, NeurlPS2020]
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gaot => goat

sakne => snake

brid => bird

fsih => fish

dcuk => duck

cmihp => chimp

sequence #2
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thanks => merci

hello => bonjour

mint => menthe

wall => mur

otter => loutre

bread => pain

sequence #3
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~» Retriever F--»

World Cup 2022 was the /& y i Language | _ 48inthe 2026
last with 32 teams, e - World Cup 2022 was the M Odel tournament.
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the increase to ‘ ‘
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[Ram et al., In-Context Retrieval-Augmented Language Models, TACL, 2023]
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instruction tuninglC k> TIH—HVRET IV TEESY A0 TONER R F
Wikipedia (73 A ka—/3X)vs CausalBank (#&& b S -5NER)

Q. BRENRBBEICHI->THAMEEICEFELES, xbHYZIEHERIE?
A FIEo

Wikipedia (7¥F X ba—/\X) BIEEH S, ARAGHMMEEEZEL
=X JE [Fanticyclones&EFEIENS. REBOXLKKETIE, SREFDIEEEFEOHOXFTHASND.

CausalBank (AR ERICE Y SiEE LS F=XI#ITR)

BHRNEEREREXKICREMLGIE, resultin, TEKRZSITEIL, KRTEESES.
< Subject Relation Object >
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Category Task Task Reference DIC COM EVT SCR CAU
WwSC Levesque et al. (2012) 60.3 [49.5 62.0 53.1 64.7 62.0 63.4
Coreference Wino. debiased ~Sakaguchi et al. (2021) 59.1 535 57.3 569 583 58.5 54.1
Wino. x1 Sakaguchi et al. (2021) 635 630 642 645 643 63.8 63.5
NLI CB De Marneffe et al. (2019) | 87.5 87.5 85.9 87.5 859 90.6 84.4
RTE Wang et al. (2019) 77.1 762 79.0 79.2 76.6 76.9 713
MRPC Dolan & Brockett (2005) | 82.9 80.5 877 77.9 849 844 82.0
Paraphrase  QQP Wang et al. (2018) 894 89.1 89.5 89.5 89.2 89.3 89.4
PAWS Zhang et al. (2019a) 94.6 942 943 944 944 945 942
ARC-Easy Clark et al. (2018) 528 52.6 53.1 S1.7"|56EM 51.7
Closed QA ARC-Challenge Clark et al. (2018) 30.9 86:28 309 | 335 342 372
WikiQA Yang et al. (2015) 96.2 956 958 959 95.7 95.7
Extr. QA ReCoRD Zhang et al. (2018) 539 539 532 54.0 54.1 539 535
CoS-E vl.11 Rajani et al. (2019) 60.6 612 599 60.8 60.1 59.7 61.1
CosmosQA Huang et al. (2019) 69.1 69.0 683 69.7 679 67.7 66.4
DREAM Sun et al. (2019) 624 638 635 625 633 63.8 62.7
OpenBookQA  Mihaylov et al. (2018) 562 54.7 547 574 582 557 57.6
PIQA Bisk et al. (2020) 717 725 71.6 715 715 70.6 743
QASC Khot et al. (2020) 97.8 98.1 98.0 98.0 98.1 97.8 97.6
QuAIL Rogers et al. (2020) 68.3 683 [7297735 729 66.6 68.6
Multi QA QuaRTz Tafjord et al. (2019) 83.1 81.8 81.1 81.1 815 822 8I.1
e RACE-Middle  Lai et al. (2017) 74.1 738 741 744 733 733 7279
RACE-High Lai et al. (2017) 694 693 699 69.7 69.2 68.8 69.7
SciQ Welbl et al. (2017) 94.0 955 95.0 98.0 96.6 94.1 98.7
SociallQA Sap et al. (2019) 634 635 636 642 63.7 639 63.2
BoolQ Clark et al. (2019) 819 822 81.7 820 80.6 81.5 81.7
MultiRC Khashabi et al. (2018) 80.0 79.7 79.5 80.0 79.5
WikiHop Welbl et al. (2018) 58.7 58.7 58.8 594 594
WIQA Tandon et al. (2019) 744 744 75.1
Sentimsnt IMDB Maas et al. (2011) 948 949 947 949 947
g Rotten Tomatoes Pang & Lee (2005) 90.2 89.6 90.3 89.9 90.0 A
Completion HellaSwag Zellers et al. (2019) 498 493 50.6 51.8 52.0 49.8 537
P COPA Roemmele et al. (2011) 58.0 58.5 59.8 545 589 562 62.0
Topic Clas AG News Del Corso et al. (2005) 939 93.6 940 943 94.0 94.1 9%4.1
OPIC CaS5- pBpedial4 Lehmann etal. 2015) | 284 28.4 284 284 284 284 284
WSD WiC Pilehvar et al. (2019) | 68.8 679 69.5 702 682 663 69.8
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Knowledge-in-Context (KiC) O£k {&

o OGIEHMEEL, FBEILINI=ABPIFEZFIAUZEZ/ET IV
o Knowledge Selector : EANAMVRY VX EISBEYRRENRDZER

o Retriever : FRUZEEEN S ANICEEET DR ZIRTR
o Text-to-Text Model ; #FBRUZEERE + AOWXHSEIZEEZLER

Retriever External Knowledge Memory
High-pressure systems stop air from
rising into the colder regions of the
atmosphere where water can condensfe.
What will most likely result if a high-
pressure system remains in an area for

a long period of time?

Dictionary

Entity Commonsense

retrieve | B FNTS [. C) i

Knowledge | select i
Selector Events Script  Causality
2023/8/28 %1 5EIRIHNLPfIES

BFDFIE
ZH A

Here's a problem to solve:
High-pressure systems stop air from ...
The following is the reference:

Persistent high pressure has a stabilizing ...
A
2

concatenate & prompt
|

Drought.

Text-to-Text
Model

12

Persistent high pressure has a stabilizing
effect on the weather, causing subsiding
air that dries out the atmosphere
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o Retriever : FRUIEENS ADICEET DHEHEEIRER B ik
o Text-to-Text Model : RZRUZEHERE + ANXHSEIEEER &R

Retriever External Knowledge Memory

I Iigh-pressm'e systems stop air ﬁ‘om Here's a problem to solve:

rising into the colder regions of the Dictionary Entity ~Commonsense High-pressure systems stop air from ...
atmosphere where water can condensfe.
What will most likely result if a high-
pressure system remains in an area for
a long period of time?

The following is the reference:
Persistent high pressure has a stabilizing ...

2

|
concatenate & prompt

|

Drought.

Text-to-Text

: | Gafect Persistent high pressure has a stabilizing
Knowledge . effect on the weather, causing subsiding
Selector | Events Script Causality air that dries out the atmosphere

Model

2023/8/28 £15HREmNLP#ES 13
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o FIEEATE:6FEBDIFEIEDOKeyDARIMILEXTINT DValue(BASEE
o Key-ValueDXR7I, HFERC EICENENER
o Keyldsentence encoderCHEBEARINVICEHA

#Z (X, DictionaryTlZ,
Key=f§&, Value=7E¥

& FNEHR D ER A o
MR Eﬁ', BH Dictionary s o
Dictionary FHEEO)E%&WJX Commonsense s 639 0 j g : g Z
Commonsense — BV RN, E ' SIS | @b
Entity I>7_'47_'411553'%>%D§‘é‘k Entity B o
Event /r/\pFl:Fég-a-équ& Event SGSBO igigg
Script RELEROBE, FOI—>, ZEGEOFSEER 5600 |s0ro
Causality R ERIET a5 Serit , r
Causality Z%i Z%?
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Retriever

o Key&RUSentence encoderCAAXZERINIUE

o ANXDRIBIVERBENRAEEDKeyZIRE
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o Dictionary: AAXH S UTEF—T—RICEHET DD H ZRBRTNR
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Text-to-Text Model | 7O FDO1ERL

o HFOTUIL—rEFER

©)
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P3: &7 —45tvyhIHUTEHDT T —k

MREBRINI=ANEREIE (Value) [dconcatd 37217 ?4FICTRRL

QQP (Paraphrase)

Questioni

Question2

Label

How is air traffic controlled?

]

How do you become an air traffic controller?

A7

(.

{Questioni} {Question2}

are duplicates or not
duplicates.

duplicates?

Pick one: These questions [; "{Questioni}" and

I received the questions

"{Question2}". Are they

J

2023/8/2

{Choices[label]} {Choices[label]}

[Sanh et al., Multitask Prompted Training Enables
Zero-Shot Task Generalization, ICLR2022]
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Here's a problem to solve:
High-pressure systems stop air from ...
The following is the reference:

Persistent high pressure has a stabilizing ...

2

concatenate & prompt
|

Persistent high pressure has a stabilizing

SERENERE effect on the weather; causing subsiding

1 5EIERSTimNLP#sES

air that dries out the atmosphere
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Knowledge-in-Context (KiC) O£k {&

o Knowledge Selector : EANAM I RAY A EIEY) SR DER

High-pressure systems stop air from
rising into the colder regions of the
atmosphere where water can condensfe.
What will most likely result if a high-
pressure system remains in an area for
a long period of time? __/

F

" Knowledge | select
Selector

L=

Retriever External Knowledge Memory

Dictionary

Entity Commonsense

retrieve E|

Events

Script

Causality

2023/8/28
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Here's a problem to solve:
High-pressure systems stop air from ... __
The following is the reference:

: : e \ Drought.
Persistent high pressure has a stabilizing ... | g

concatenate & prompt \
| \
.| Text-to-Text
Persistent high pressure has a stabilizing b
effect on the weather, causing subsiding
air that dries out the atmosphere

Model
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o BANXIEISEYISHENRDZEIRZE I SR D580
o AN EBYRIERREDIERRS NRIVIEIRN =6, BftCIFFEE AT
= BHFEE + SEETIVHExpertdmixture-of-experts (MoE) &EHR9
o Knowledge Selectorldsequence-to-expertd~¥ vt I %79 SRouter

A X i i@ %3MoE I

' ! & Experth R B/ISSA—A%HED

" Generalist
Text-to-Text

' 2 RRXDF &

#BEDEEET L + REHMME
C)i e ‘9 HBED sETIL +

Si(m) T k = arg Inax Sk(z) ) non-parametric
& e e D : \= ExpertTLISBAD/ S A—55L )
:}; Expert Model
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e Switch Transformer@&E DEEFEOMoEEEFE%=FIH

Tl

P S

X: AN, S(X): ZRFIRZZIRT HHEE,
e o5 ck: FIELRERKkM SR BEL-4M 8B40 ( R ERE)

k = arg max Sp(z) Y=T(zdcp)

T

L(x,y) = Z CrossEntropy(§, y:) + a - Balancing(S(z))
=i 2 BIRE T 55512 Balancing loss#EE0

Balancing loss

K41

1 ) 1
Balancing(S(z)) = (K + 1) - Zfi‘Pia fi= EZ]I(arg;naXSk(x) :Z), P; = EZSZ(:U)
=0

rEB TeB
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Knowledge Selector®O=E
e Switch Transformer@&E DEEFEOMoEEEFE%=FIH

X: AN, S(X): ZRFIRZZIRT HHEE,

Sl ck: FIELRERKkM SR BEL-4M 8B40 ( R ERE)
Tl k = argmax Si(z) Y= T'(z & cg) - Sg(=)
k Sk(x)ZMFTHETEETRE
;g
Bk Lim, y) = Z CrossEntropy(g)t, yt) + - Balancing(S(a:))
=1 L HRIRET 5 &5 Balancing lossZ:EHN

Balancing loss

K41

1 ) 1
Balancing(S(z)) = (K + 1) - Zfi‘Pia fi= EZ]I(arg;naXSk(x) :Z), P; = EZSZ(:U)
=0

TeB rEB
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o Key, AAXZEIEHIALC T I—45 —:All-MPNetbase-v2
o MENmAELGDKeyZiRFRT DF)E: SCaNN
o Text-to-Text Model:T5wm-adapt
o FET—F:PIEFFEND39DIYRI(8405%)
o H:Instruction tuningMEBICESFENRVEIDIY R I TDzero-shot
o P3(Coreference resolution, NLI, Sentence completion, WSD)
o MMLUEHEET IV DHEZMI ST —51vh)
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o KlCLarge(O 77B)b\\3B®TOBBé—f/%7D ) -
KICLargeliGPT-?‘)h\b

o  KiClarse&E TOlreel BRI ETIVIEE T, AZRENEED HY) /12U 451 2 ik

o 175BOGPT-3LHEUTEZNIFEBRIGL. .. K7 MMLUTD#5R

Models Params  Method | Average

RoBERTay 4 0.35B fine-tune 27.9

GPT-2 1.5B fine-tune 324

- + Gopher 7.1B  5-shot 29.5

P3TO#HEE Atlas 1B S-shot | 47.9

GPT-3 13B 5-shot 26.0

Coreference NLI Completion WSD 85%13\]60)( l%gg gzﬁg: igg

Models Params| WSC Wino. [ANLIR; ANLIz, ANLIz; CB RTE [COPA H.S. S.C. | WiC —_—
GPT-Neo 2.7B 0-shot 26.1

TOBase 0.22B 61.15.5 50.60_9 32.21_4 33.01_0 34.20.7 53.617,1 64.1144 65.75,7 25.7045 80.61.3 50.71_4 TOsp 3B 0-shot 35.7
TOLarge 0.77B| 59.159 50.503| 30.5,0 32.706 33.8p8 60.7230 62.131|73.584 25.704 84.113(50.21 GPT-J 6B 0-shot 28.2
T03B 3B 64.42.7 50.512 33.7()_9 33.4142 33.30_4 50.015.9 64.1345 74-98.7 27.510 85.13_2 50.409 TO][B 11B 0-shot 43.2
TOy B 11B| 64.465 60.5,5| 44.7536 39.4,, 4245, 78.6135 81.257(90.84; 33.7p5 94.747|57.2:% Atlas 11B 0-shot 47.5
- GPT-NeoX 20B  0-shot 28.7
K¥CSmall 0.06B 63.53_9 51~10.6 33.31'0 33.3()‘9 33.60'6 44.612'1 47.32‘4 48.05.2 25.40_5 57.717 50. 0()5 OPT 30B 0-shot 28.4
s 0.22B| 63.510 50.004| 28.454 30.9;; 32.8,1 58.9,7, 66.850|65.000 26.107 82.605|50.2;5 — T ———
KiCLage ~ 0.77B| 65.483 55.374| 36313 35.014 37.605 67929 74.035|85.365 29.600 94.412|52.415 KiCh 020B  Ohot | 314
KiC s 0.77B  O-shot | _39.4
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Ablation Study

o XL, TFARI—NNREHDGEELEANTERER L

2023/8/28

Dataset Task KiCparge w/o knowledge /w plain texts
mean med. ¢ mean med. 4¢ mean med. gq
Wino. XL | 54.1 55.3,4 504 50503 522 52204
ANLIR, 36.7 36.3 15 313 305,09 34.0 3393
ANLIR, 349 3504 328 32796 33.7 3393
ANLIR3 37.6 37.6 25 34.0 33.8 08 37.0 37.8 17
P3 CB 57.5 67.9 29 52.0 60.7230 59.3 69.6 7156
RTE 73.1 740383 624 62.13; 67.6 67.1,7
COPA 81.7 85363 71.6 73534 71.1 73.57;
HellaSwag 29.7 29.6 0.9 258 254 0.4 26.9 26.7 0.9
StoryCloze | 93.9 944 ,, 84.5 84.1,3 86.9 86.7 1,
WiC 52.1 524,5 502 502,90 51.6 51.5¢¢
Average 55.8 57.6 502 51.2 52:1 533
STEM 30.7 28.2 29.1
Humanities 38.3 319 32
MMLU | Soc. Sci. 43.6 332 36.6
Other 44.8 33.8 36.4
Average 394 31.8 33.5

1 5EIERSTimNLP#sES
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Ablation Study

e Knowledge SelectorzUD &ESHEEET
o Dictionary, Entityz#®zz9 2 & SDRIIEN TET R\ =8

Dataset Task KiClLarge w/o selector

mean med. g mean med. g
WSC 62.6 65455 63.5 6443
Wino. XL | 54.1 553,4 525 522,
ANLIR, 36.7 36.3 15 31.6 31.5,

ANLI, 349 35.0,, 32.8 32805 Retriever External Knowledge Memory

ANLIg3 37.6 37.625 33.9 34.0 > High-pressure systems stop air from
P3 CB 57.5 67.9 9 52.7 62.5 23 rising into the colder regions of the Dictionary Entity Commonsense
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