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BARSLE

- BPAESRENERARES, BEXASEFS, miEEEES

- BPAESAME (Natural Language Processing, NLP)

- AT EERIE

B BRSNS MIRIEHIAE

- BFIAHIERE, BRASHHNINEEZEXAZ—

- HB=EEAY

L

hERFIEEIERE

- EEAEBE: ChatGPTE (X) iESiE8Y
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E&% |3.2%
Bake | 0.83%
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=T |0.01%

?%T<

AN 33. 6%
B 26.3%
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IR REHFENX

s EX: EHREFSIw, wa, ..., wr EREEER AP,

* AARRREDBXMEK MRS EAERENESRE,

FREE D | me#EREBACRRIE |

Bag of words model

N-gram model

T T
p(Wy, Wy, ..., wr) = HP(WL') p(wy, Wy, ..., wr) = ﬂp(Wi|Wi—1:Wi—2»
=1 =1

s WioN)

Hidden Markov model

ho,hl,...,hTEH

T
pwwa,owr) = > plho) | [pwilhopChilhi )
i=1




IR REHFENX

* BX: ERIFFY W, wy, ..., wr ERIEER AP,
* AR RE D BXMEK SRS T EARRENESRE,

Neural Word embedding model

language y L

models: P(W1;W2, ---;WT) = l l l l p(Wl-+j|Wl-)
=1 —c<j<c,j#0

M EIE S RE

Generative language model
T

p(Wll WZ) "'JWT) — ﬂp(wllwli WZ) '--JWi—l)

i=1

Masked language model
T

p(wy,wy, ...,wp) = 1_[ D(W;|Wq, e, Wi, Witq, ey W)
i=1




NiaERENXEZ LR

» KHRtETl|SRi=EY
- {RBIHIERR, BB
- 8SHA (Instruction Tuning)
- BEMMESHAPromptisiHITH—
o« ERTF R RBUESRIIRESUE LRUFESEE (Instruction Tuning)
- REIEESAIBERAUESS (Zero-shot)
- BEFAERRIZRIRAFES (Reinforcement Learning from Human Feedback)

- SREFESARNTH (ST B20HE)
- FIAESAPINRIR (AIIEfER)




IREFIRER A

ORBHMRSFRINIEIH,
AMEE KRR

O EREIIREREX,

O28—HIgE?

ltb The blessings of scale
E Al training runs, estimated computing resources used

Floating-point operations, selected systems, by type, log scale

PaLM (540B)

1024
GPT-3
o8& o
. GPT-2
® Drawing Language DALL-E 1020
“”3 @ Vision Other BERT-Large ‘
! oC 1016
NPLMO P
M HTS AT “Ee L :
L 4 2 18 He NetTalk ® 10
Ooe
Neocognitron
Y o 108
O

ADALINE 4
® 10
O Theseus .

T ' T T T ' T ! T ! T ' T ! T

1950 60 70 80 90 2000 10 22

Sources: “Compute trends across three eras of machine learning”, by J. Sevilla et al., arXiv, 2022; Our World in Data

[Deep Ganguli, et al., 2023, arXiv]
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IRBEFR SRR

GPT-1 201846 H 1177 £45GB ERERXA. BEIZEREE
B, SEEX

GPT-2  2019%2F 1517 40GB EIEFEESL. EFZEMN
XE., REMAEF
GPT-3  20204E5H 1750{Z  45TB BEg TR SGIT BES
GPT-4  2023fF3R 1.87512 137578 BRI R KIRERD
IREIHIERD) || 2R BE I = Ree IR =

[Jason Wei, et al., 2023, arXiv]
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RT BEARIES KRB LBIERARND

2h, BRERBESRENBELIHMBERAR, BLIMAREAIIGXIESREN, Bl miRE
RS ENEUR MK SHEMEER. EREOENRL.

EELMET, BESNRERME—EREIMANRENGE L, UBEREERISENES
SR, BEREFEMBASEANNGEE, JUMEREEMENITERNESTKR, FHENK
BERNEHENSER,

BEIMBERARETS TG ZNNA, SEENRE. B XEERS., ERBRS
RN EENRMN, AEEEFENTENESENK,

MRIRBEXRTHELFBRARNARER, RERAONMREE,
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1.

IMABELMFRARILRIES R RFICERENEFHIR

FAFELFHBRARULRESRERRICEAENEZIMRABTENTSE:

HIFEWE: WEEFTENBERXAYE, SREFZHE. BX. HIRRS. GKERES.
XEIENRE ZNEZZ IR,

HIETLIE: WRKRBINEBREHRITINE, 501, BRRE. ERFIEEFNEERNA
575, WERSEREN L.

WEMBEIES: M EENBIETERE S EAMBRES, XEREENESES
JUFRVN BT N AVEREE L, DAFE SARELAE B IEFRREF AR,

EXIELHIER: RIBESTER, NELEXPHEHRTR. XEESHRTNEEX
RIS, FENRELIRER o)A ERERRIEZF AR,

ETREIG: ERFHBEESRMEXES, WAESEEHITHIBIIZ. HEIIZNE
MR (ERERERESNRTERNGSHENEFIIR, AERTRESKRENRIN,
HEFRM: EREIZGIES, ERHEREREEMNEMER. RIEHMEEREITHE
7, BEEERMBESH. BMBEENHIERF.

BEE, BRI AR EIFIRRNAERERZ IR, BREEARNERN
IRARRIBRWEEIEZERNEESNNILE. KESREURRER, MANERET T W
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1.

MRBABEMUANETREFZIIR, ZAANAARREFHERA X LELW A RIEF AR
BRAEIRREL R0

MRFABEMHENEREZINR, AREFERAZARESR, ATBRRIATIER:

BEMAIIRBEAANAREN: FEREFARERANBRESXANE. XAUEREE
SRR AN FEESE, FRFRESERIENTEE,

MEMBBIES: RIBFRRENXAT, ME-—THBRES. XTH8REENESERE
FARNRAVMA RIS N AER L

EXFELMRT: RBEESTERNEREZARNER, NREEXBPHNEINRR, X
IR SMR RN A BRI R T SANRA EREMERNNES,

ETREINS: ERMBBIESETEXNES, NRESKREATHIBIIZG., HMERNERZE
(EREEBRFEESHNERERNTSHENETREFIIR, AZPRSEREEZMERIR

.,

HMEFEM: ERURINIGERES, ERHEREAEENEMER. RIBIMEGRHAITHE

7, BERFHESHNEZE. BNESNEMEEFINRFERSBHIERF.

BEMESE, GERREFMBRA, (RAIUFHHEEREFARRAZARES, NI R
REVIRRRNEREE D . BIRICHE, FOBRREERNERINNET R EEFIEFZETRN
EEMIE, MHRRERIENAFEE,

I~ o~
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=8, (RSN EREREMAINIRMARITRRRBERES X AT R, BAKIESE
HEEALEERESNALTERRLEE, EEREEERT, EERMBEMAIRAEEN
BRAEHA

TS AERNRER, RAIMUSEMNTAEE:

- BEXRREN: ME-—TEEABEEMAINMRNEE SRR, XA UEETHEMNE

AUIEEY, B8 T ESUMIEEMHEIENENEE.,

. BRI HITOEMNEFETLE, MESHEIMRESHARIBEXRES, XrJEE

REIER)I—1. FHEE. RKRELES.

- RIS EREMAMRAMEIIIGESE, EPESBAZENBERE L, XA NE8TE

ERNEWHEINRERIIZGER, ARERHRBAN B RS,

- RENISR: ERNIGEXN BEXRE#ITIIG, DMEREBEMEMAINIRFZE I MHFE,
- WHEFRM: NGERREEITIHERRN, WBREELREMAINIRSERERIENE

ob
BEo

BEXERZE, R USHEEMNBERAINIRKINIGHNEEZEEXRE, NkEiFENE
FRIRFTK, 1BIolE, ENAREERE, REFTENERNBLHITIOENSEE, EF
HEMMEMER .
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KiEsSRESESET

XiESEREMNNENRZEERAES LENNBMERERH

— (I BEL THEMMNKENSE, 2UEPREEHISHITFBREELR, MNIZ KL
S IVE X,

HXIFFREARRE, BALETHRENTLM:

1. @Wiarr: MRGAR), JNMERBYRHERHIL . —RERFBLYETERE
", WRT=E. RIMFE.

2. ARAT: NMREABARELWETT LK, AAUNERBRAAR FTEERRAAR
(ERCP) , BEARBRFBAORE, 2RE. BRAE, FABEE, BTOREANH
FERUELEA,

3. SMMFR: MRARETTTRAELEAIKR, AANERFAEFASBERERFA.

4. BAETT: NTF—EHHER, NFBRESATARUERNMETRRETSE, ANEER
RABICHAR, BERCREAEM/NBRIEHEL.

FERBEZBENRMBARVE T AR. BNBEEELNES TERSENETAE,
HIEEETERHITIAT.

ChatGPT 3.5



KiEsSRESESET

XNESIRBEEEETE, MEFMREE ERERATAIRMESRE

. %ﬁTE@:MEﬁﬁ%&E
BaE)(thd: B, ZBUREIE
BiafT mbhEY

TR AR ELS A, —RR(EMFIRBLYIELAETERZS '

— (I REEITISSUENKENEE, 2SS 0EEHSNITH
BT AR?

HXIFRELER, BAETHERENT

1. &¥arr: WREE8), 3
¥, WMCRT=f. BfitEE.

2. RFATT: NREABRAHBLHWAT LR, ANZERAARTEERRAEAR
(ERCP) , BEARBHEFBAOR, 2RE. BHRNE, FABRE, BIORANH
FRESSR.

3. HMRFR: MRAFRET TBHEBLATK, AUZEFEFATLEEEFAK,

4. BOGATT WT—ERBKRIER, UHBRESETARUENMETARATEF, ANERE
RABAHEAR, BEBICEEAHRBRIEHE .

FERBEBENRBBERARIFE ST AR, BNBEEEENES TERSENAT AR,
HIEARETERHITIATT .

ChatGPT 3.5
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ERkAF AR EZIRIFE

HYFARBERE) M R ==HIR
BFHEFANERIREERIELIZERR. UFELBREPXR

—(EELHTHEMOKENEE, 2FEPREEHISHNBEERR, MiZRImLE
BT R?

HXBTRELTR, HHHTHEENT/LM:

1. Z¥iarr: REAR, AINERBYRESAHIL. —ARERFBLYNAETERE

", 2

CRERT=F. BRI+

F

2. ARAET: MREABAELWAT LR, IUNZRBRBAR FEERRAR
(ERCP) , BEARKRFEAOR, 2RE. BRIOE, FARE, BIOKANH
FREESA,

3. HMEFER: MRAREBTTRAEBLEEIKR, IJUEBFEFALEERFA,

4. FAETT T —ERKER, WHBRESATAFUENMETARATE, AMUER
RABCHAR, BB CREAHA/NBHRIEHE .

FEREBENRGBEARVEETAR. BNBEEEENES TERSENET AR,
HIEEEST ERETIA .
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Fine Tuningf:{if

| EESALHITLSH
Tl

)l ZRESIRE

TE{ESSA L3RR

w2 AN TS EES IR
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Fine Tuningf:{if

Source Target
model model

- EFUIGEN.LE, FXSE(ESS okl iEE (| ouputiayer | aizagon | Ouputiayer | | T for
SERIEFR IJH-WW ..... >ML
. IEEEIRLE b ey T T
. ENS—EHSY e P —
. BENMRGEEESE R ]
. EEITARE F S —E S M Souren e froecaeed

- {EEIRERE AL IS EESE

[
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Fine TuningB{i =

o FIFETHIIEANN: SETwISMERKEHEE Pre-Train
o HEINS: IBHHIIGMERIETR R TIS RS »[ Vsl ]_> —
53 . ,
o LHRITERIEF: EERLARTEEIFEFENE g
o EFER: HBMERTIMEEEMAERATSITE [ ]_) N
— Model prediction
AR

o NENMEFFI: EREESHIERSELTLL
RIS LS (AR




Fine-TunningFH

ﬁp Mask LM Mask LM \ MNLI /@@AD StartEnd Spam
> 2

BERT -.. ....... . ... BERT
| Eas || E, | | Ex | E[SEP] | El | | Ew |

BERT

LI | L]

Masked Sentence A Masked Sentence B Question Paragraph
* *
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning

Text Task
Prediction | Classifier

Extract ﬂ——{ Transformer |—>| Linear |

@IE Entailment | Start | Premise | Delim | Hypothesis | Extract |:*| Transformer H Linear |

A

Classification | Start | Text

0.
A

[Feca o] [sen | Tomtt | voim | Texiz | et |- ERCIONRRT
|

Linear

GPT B y Similarity | | | ‘ I

Layer Norm

Text 1 | Extract *| Transformer

Masked Multi |
Self Attention

Start | Context | Delim ‘ Answer 1 |Extract |+| Transformer H Linear

Multiple Choicel Start | Context | Delim | Answer 2 |Extract |———| Transformer H Linear

Text & Position Embed | Start | Context | Delim I Answer N | Extract |——| Transformer H Linear




Fine-tuninglyf=

mamEaSIREFBSE, BMISEHEERFEBIMBINIRE S

No state assumed Consciousness Attention Working memory
|

,,,,,,,,
___________

IRERK: MAEERENEEIERE

ey L

RiFHBIR: —BEREGRVERNSEES,

BEEMES ERIRIN I sE=ZE IS0,

{55 Ufé’aliﬁ TR F—MES LE
EBFMAI TR

iZ2EENE: SHEREESEERIES L

?E%Hj@, (BEEMEEEDS f ERYZEE

3%

.....
~~~~~~
~-

Brain networks

Y
b
Sy

With brain stimulation

Nature Reviews Neuroscience
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1 BIRRTRA
2. IR

VS

IRy ki

1. B REUEE R K
2. Fa 55 E A

SHEBE: (NMRREPRHN—IER S, BERMSE
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SHEURERE

QLoRa

Knowledge
tuning

Instruction
tuning
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P-Tuning 5 Prefix Tuning

EETISESIRE (PLM)FHERIHRIS X, EiE B REEF B IRAR TR _ LB MEELHTT
LEMRATEGEAKTTT. AT7THRRZINMUE, SHSHNTEBF ] (Parameter-

efficient Transfer Learning, PEFT)Jl®HIR 7 SR, p-tuningfllprefix-tuninglE2
PEFTHRRIFFRAESAR.

additive selective

BitFit LN Tuning
Attention Tuning

Ladder-Side
Tuning

Diff-Pruning
AttentionFusion

adapters Fish-Mask LT-SFT

FAR

!
) Sparse
LoRa

LeTS
LoRa

KronA
soft prompts

Intrinsic-SAID reparametrization-based




Prefix Tuning

B BEEAIRE GPT-3 RIRERT, 1.177(1‘21&’.‘15‘»)"*%3225%&111 SIEATR. Eit,

ﬁ%—ﬂﬁiﬂnﬂﬂﬁfXQﬂﬁ?ﬁ LRI REE AR E RIS E\‘.ﬁflﬂkﬁi

) ﬁg;kﬂg;iﬁl‘njﬂ Transformer (Translation) i
- SEE. BUREFRREOHNSH, FRETRENTTE f Rl
EJZZ'K o Transformer (Table-to-text)
C GIRE: EOTERERATIIA MLP 554, BrILIR EEEnnni
*% E*D'TE@E—FB%O name Starbucl(: t:_p: co)ffee shop [SEP] Starbuck(s sg;r\:es (;offee
EW ,F IE Prefix-tuning
EEMHJ@ Z_Eﬁ)\ token Zﬁl_]*’j)_{}ajﬁaéﬂ’]r: Transformer (Pretrained)
i3 token /EARIAE, DD DDDDDDDDD
. BHEH: DISHAEFNSEONSH, EEHSSH e
ElE.

- SHERD: THEARARELS, BRI SZEMRDEE-
RIDERERN, MISAEIRYRISR.




P-Tuning (Prompt Tuning)

&8 P-Tuning TERRAEEINY Prompt 1SRN FIHESHRBEIEEE, ATiE

1'I'Elfl1‘§1‘f§ LisalEE, SEERARE.

Efficient Multitask Serving

. ﬁg; k Hg ;i *I‘Iﬂ EE . / Strong Task Per)fi)rmance p : A N

*;*ﬁgyﬁg I.E @Ll— _J- Model Tuning Prompt Tuning Prompt Design
B9 tunable soft promptfi# (a-k-a. “Fine-Tuning’) (Ours) (.. GPT-3)

;;& AI'I«Q'L-'%E*&E,‘J&EZ'I‘EEJ Pre-trained Model J { Pre-trained Model ] [ Pre-trained Model J

¢ Tunable & *# Frozen # Frozen #
2
PR BT A 1 alafa] LT TT] Lol [ [ [ [ [ ]]
« SHHWE. LN TSHEN N—— S re—— T r——
Input Text Tunable Soft  Input Text Engineered  Input Text

E/\Jﬁl':&iﬁ Prompt Prompt



P-Tuning

A6,
B5.

P-Tuning EEFRAIREIAY Prompt i8iEHF ¥ IS SRS ERIRE, AT

THIRIR (IS RIS, SEIHEEARISTE.
- B{P/RIE:

ELETI AT tunable soft prompt : 5 Prefix-Tuning 2, &t 7EEERAYtunable soft
prompt , {B P-Tuning AYtunable soft prompt{XfRFMNZE, MNEANIE, ~A*—EERIZX.
Prompt AR Z3A9 Embedding: & Prompt & 8R]%3/) Embedding &,

F§ MLP+LSTM Ry5 =V TR

Pseudo Prompts [PO] fats [Pz] [Pi+1] e [Pm]

= T—— V.  p— \___ Back
g >, Propagation
5 Prefix-Tuning fXSI: P-Tuning =& G Prompt Encoder e
£1%3 Prompt IS SLAUBRRRIEIET, SR R
ﬁ%glﬁﬁﬁﬁ 7%%&@1@ HI\JﬁgtO ken ' 1E P- Input embedding  hg -+ Ry e(ca;)ital) e(Brgtain) hivi---h e([M}XSK])
Tuning FYERSBEIFIAIE S Prefix Tuning S S ' "
<= Pre-trained Language Model

BFIAE [ (GPT, BERT, ...)

(b) P-tuning



LoRA5QLoRA

O ARE= O ZinS B8t

1. {BBISEEKHMA(GPT-3 175B&%)) 1. FRERHIGASE=E
2. BEEAREEINTIRBAN)ISG,. &8 2. PRERBINE BRI
BRigIERSEEAN: 3. Rz aBI=E
BEZE +BEZE + Adamfitfk3e: 16N
« 175BRYIEBIEE2 STBETE
cEm l T :
2N i i 4N
l *iiil 4—:L§§}§?§float1 6L l RE
i i IERAREL) S5 S AR B FFREAIE]!

| |
1 |
| |
| |
| |
ReEfEsE I : EE

|

| |
| |
| |
| |

il IFESHHRA RS RIS SR AR
(flﬁlﬁ 6) _:'Vr%ffyiﬁgﬁ—:» ﬂ(l;fl‘giﬂkz,?




LoRA: Low-Rank Adaptation of Large Language Models

O #Z\EiE O (i E
1. SRSB4 R EPE(RRIEN . JEBUSE (2N) — 2N
2. B AR MER B RAIR (LIS B2 A0 4ERS . JEBUEE (2N) - 0.0002N
«  Adamfi{tz=1A7E (8N) — 0.0004N
h I l A 4 52 =l 4N — 0.0008N
O T dam{ii{tE=ERIF (4N)

Pretrained

Weights Ei+: 2N+0.0012N=~2N
| 1BRUEREIEER M 16GBREEIT 2GB
65BRUtERIEERY EFEM 1040GBIE(EE] 7 130GB

N ¢ A

X |

h=Wyx + AWzx = Wyox + BAzx




QLoRA: Efficient Finetuning of Quantized LLMs

O #Z\EiE

1. @I1816bitiZR&Iqa KIS, H&iha4bit TEE
A6 EEZ—. LARKEBEANRM, Rabit
RIZS[EITZ#1 6bitAIREBUNE, R T 75%R7F
fE=sme &

sig  exp precision

FP16

b —
=/, 4= =z
= .ﬁ{J\K1n NF4 (QLoRA)
REM: BKKE

(KI—EFP16:ZR# e AR E)

2. IR T NF4(Normal distribution Float 4bit),
IFeRMPHENHN: RIBIESSHIRE161MH
B, SEESHNSHhRAEE, RENBER




Prompting#llinstruction Tuning

 Prompting>XiF FREBIEE—(E5 LRYIEREMML, MEEIn-Domaingiild
* Instruction Tuning>GEFIREER I (ESS LAZICTEREMRIL, MEOUt-of-Domain{fia

(A) Pretrain-finetune (BERT, T5)

Pretrained Finetune on Inference . .
taskA —” ontaskA (C) Instruction tuning (FLAN)
* Typically requires many Instruction-tune on
task-specific examples Pretrained s > Inference
* One sgecialized mgdel "E“g gs“‘ on task A
for each task L) = o

Model learns to perform Inference o‘?
. many tasks via natural unseen tas
(B) Prompting (GPT-3) language instructions

Improve performance

via few-shot prompting
Pretrained or prompt engineering  Inference
LM » ontask A

Figure 2: Comparing instruction tuning with pretrain—finetune and prompting.

Prompt Learning#linstruction TuningfyX3l



Prompting

TIITES

—_——

=

1=A

FEESA LR

m= LB TS EES IR EEIE
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Prompting

- Prompting: BH&EERNEEED, @ETRINER, B THHESBIRELATIZES BN
O H—THESSTUSMESIBIE, iR TiEXEE
O ERImIPSHEIAN, RIEDEF IR TMRESZ ISR R TIPS E

great no label:positive
head terrible v/ utterly v head label:negative v/
VocabV VocabV Label space )

[[CLS it's a [MASK] movie in every regard , and [MASK] painful to watch . [SEP CLS] No reason to watch . [SEP) ]

(a) MLM pre-training (b) Fine-tuning

F—TihsESSTH

WG(ESRIBR MLM | | great (label:positive)
head rible (label:negative) v
Label mapping M(Y)
[ [CLS] No reason to watch . It was i[MASK]L [SEP] A funride. It was great . [SEP] The drama discloses nothing . It was terrible . [SEP) ]

Input it Template — —— Demonstration for label:positive — F——————— Demonstration for label:negative —

(c) Prompt-based fine-tuning with demonstrations (our approach)



Prompting

« KFMHETIEPET (Pattern-Exploiting Training)
O it EE4HH: Pattern-Verbalizer-Pair (PVP)

O PatternigiZtEtR; VerbalizeriSinE=SEAYIRGY AN
{Et R IRET
it AR
;E,j_z*;*ﬁ It was [mask]. : P
/ Pattern - -. =
v‘ ;‘.:izer’s‘u: j OT / / reat: 2/ ( )
\ rntorms I oo oo |/ w2 /°

e N NN S e e S
BIGRSEMEER,, AILMEFHERIA R



Instruction Tuning

TR : E‘*E;;%%gﬁﬁ U EEsALer

EiF S FinsEss LR TIRRFS TERAESS LR
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Instruction Tuning

* Instruction Tuning: &EIESIREFSEHBHMIR, HRIRRRIIEEEED,
FMESTRYES, HERZESERIESEMBIERAYITE
HgHEIEENIE S /i8R, i SR RKIBRH M IERAESE

Fmetune on many tasks (“mstructlon-tumng”)

lnnuuszqmm.qnss.ns.e_anas.qnmm Input (Translation)
Here is a goal: Get a cool sleep on Translate this sentence to Inference on unseen task type
summer days. - Spanish: o Input (Natural Lan Inferen
How would you accomplish this goal? | The geylvlt prrﬁlce b:lr:ldr:nt?\ r Premise: At my age you will probably
OPTIONS: oo LB have leamt one lesson.
-Keep stack of pillow cases in fridge.)] | months. . .

: : Hypothesis: It's not certain how many
-Keep stack of pillow cases in oven. | | Target ' lessons you'll learn by your thirties.
Target El nuevo edificio de oficinas Does the premise entail the hypothesis?

~ keep stack of pillow cases in fridge se construy6 en tres meses. OPTIONS:
] -yes | [-itis not possible to tell ) [ -no

FLAN Response
It is not possible to tell

Sentiment analysis tasks
Coreference resolution tasks

f£B. C. DFHES LIFRBISSHIRENR, EESA LIMERIHRITNIN

B htaE



Instruction Tuning

« & Instruction TuningZ{ESHHRE, =LA

HFE(th{F5Zh9zero-shot

(_A) Pretrain—finetune

Inference

(C) Instruction tuning

Pretrained Finetune on .
task A on task A
Requires large dataset of
task-specific examples

N

(B) Prompting

Improve performance
via few-shot prompting
or prompt engineering Inference

Pretrained o
LM
\ /‘|

> on task A

* PromptingfEigiziRAvEE
WHIRIIRENSIE, iLRBAIE X SIR

Pretrained
LM

Instruction-tune on
malg tasks:
B,C,D,..
Model learns to perform

many tasks via natural
language instructions

Inference
— ontask A

Inference on
unseen task

geA—EDR, MiInstruction TuningMl
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Instruction Tuning

- BEHEMESIGHEOIIR

Premise

Russian cosmonaut Valery Polyakov
set the record for the longest
continuous amount of time spent in
space, a staggering 438 days,
between 1994 and 1995.

—

Hypothesis
Russians hold the record for the )

longest stay in space.

Target Options:
Entailment '=> - yes
Not entailment - no

Template 1
<premise> )
Based on the paragraph

above, can we conclude that
<hypothesis>?

Coptions> )
Template 2

<premise>

Can we infer the following?
<hypothesis>
<options>

Template 3

)
Read the following and
determine if the hypothesis can
be inferred from the premise:

Premise: <premise>
Hypothesis: <hypothesis>
<options>

C

Nig J
Template 4, ...
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Instruction Tuning

- ATHMEEEIFAIIEERS, THERMLIn-Context Learning (ICL)
- ICLEIHFIMESEXRBET RO, MinBEMEESEFRIEFMESS, IRAETGIER

(ESSHEXa973451
; (Review: Delicious food!  Sentiment: Positive |
k Demonstration Review: The food is awful. Sentiment: Negative
T Examples
Template New Review: Terrible dishes! Sentiment: Negative
M s o ' .
Review: [Text] Query { kRevnew. Good meal! Sentiment: )
Sentiment: [ Label] l Input
Text T Label Large Language Model
Delicious food! 1 Parameter Freeze
The food is awful. (
Terrible dishes! 0 1 Output

Positive
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PXEFXIRE “FE" (RE%k)

>BY (FR) HRXEZFAEE
> BRIREATRGRE (Knowledge-

tuning) 75ix BenTsao (A~5)
v IBEAXERRESLGSRI T KIEREIAY HIT-SCIR

ik Health Intelligence

> 20233 H31HEGitHubHi&
> {EGitHub3R1&i#81d 3. 7K+ Efx

https://github.com/SCIR-HI/Huatuo-Llama-Med-Chinese



PXEFXIRE “FE" (RE%k)

> BF XEEHESEFIRHTESTRSIRSEGE
v Prompt: “{RE LRHNR, ER—1"SHIRHEXAER, FHTo="
v BFEEENIRNAER—EIEERIEEARBHIRIEE
v EEEMETREER

{ “class” : “BHAFILHBE”, “PuF” : “HE”, “Zhien” . [ “mEIER”, “NCRAIKKRABETKAZORABESD
W7, CERBEERT], CBARET [ CBOMRARGENT ], “FAEET [ RHT, “HBV DNAF”, “HEEE”
“RMT, ORRCBR AR, FRRALT, READHERILT, HCBHFRET, LT, “HOVE &
R, “HEFHOMIERT, “CRMKeftR”, “HhK”]1, “MFHE” . [“RkRrR”, “T@letizsri” ], “@
HRE” : [“—RFENITERAL” ], “MBXFH” : [“AR7], “ZRHER” . [“FH”, “40~50%FH”]1, “H#%k
G [ AEE CT7, BT, HARAKNT, B WRI7, RARET, <HH CT BT, U
AR, “HhAZE7 ], “KRBEBEHNMSE” . [ “FHELEZRL” ], “I6D-10” : [ “C22.9”, “C22.0”1, “mH” : [“5
FERZAL” , “CRIR”, “BWE”, “KEEHFET, “REBNEAAREZREZFHKFBERBAAX”, “BEIHN”, “BRAM
FRACPERe S K7 “OfREEFZ7 ) “LRAMKBKeMREY , ‘KA XERRT, “RABETHFRAL”, “héeim”, “IER
ARG R ], “PTBAZE” « [ “M3BE7 ], “HEAE” : [ “MHRBaEFEMEAEL” , “Ao”], “EHH7E”:
[CEBHBEL", AT, N7, AT, RS, RRERT, MEE", “UREE"], “BRERA
WAE” - [ “Hh”, “SFRT, “HREZIFRY, “UREpEE” ], “HE7 [ BRI KA XL, “@fEd
emEL”, “CRAPRANEAMXITRLESL” , “CAENXHmEH HBV) #HHE"7, “BHEMFRL”, “RAMETHITR
w” 1}




PXEFAEE “"FE"

([RERALEDE)

> RASHHEFHT, FERBERISAINEREREEE,
> HIFSHENFEEZIFSHRATNSTIFIRBEBT—EILLE.

AImA

—(IRE HI TR AT
fminEE |, SEF
Bt AEESR
% MIZREUBEaT 75
x7?

FRIXUA0) LE I TR RS

BEH?

KRR SANE |
HIVOE, SIRFEIR.

RMERIVOIET K. #85)
ZESR

Llamaigitti - Facebook
(HzEs#)

FHIREEOREENIZK
ERL By /5% ?

JLEE RIS E
B, BR)LEEm
PR H IS EA~—E

[ERR : NSRRI SR
NE , HILE. SMEF
ER. ERIVOIRT X
. ERIRES,

Alpacafiitti - Stanford
(HZESE )

BENEZFANNWTEES

BT,

ZHY , Eirfl) LERSBEIRY
RE.

i, NK—ERESEAET
iR, BIONTSEL. RS
R FEEERTVOREX , B
RT3,

BenTsaoF & - IRTX
(HZESE)

ChatGPTigtH - OpenAl
(FZHSE)

MTFAHEESARBIRE | 87T A RMZARERER
HTIERE. —RMES  MREERNRIRBESEER
ARSI E S S EFHRTATEE. RS
BRAES EERBE , AIgERBHITFART , 81F
IR TIREIRA, SRFRIBENAARE. Fialr
URETEFIRIRR. EHEE. MHRES. a7
T ERRIZH EERIERAERHIE.

HMFIEEEER  aTHREEFA
iafr. BWiarMmEmiarS. Risia
THREERESENRPIERMNE.

FRIXUHD) LER BRI EA—E. AN EEMXATE
RS RIS IMEIESYR | ) LER RN 2B SFERSI
EANSMIFIRERR , BAEH. MEEFRIIEERR
F. MENABIHILETTEEAR  FERERK
B TISHATATT .

A—E , FRRIBRYSERZ R EIR
g, mEERNDFEZRFFR. |
IHFEE.

JKAIRERECINE , BNRREIER /I kTaesa Ok  FEA—SMREET. O
HTIREMAT. BTARSIESYE B ANEESRORNENRR , BRRGME |
THFERRT. FITMNEERESGHTIATT.



*iR%A (Knowledge tuning)

Question

In English:

A patient with persistent distension
pain and jaundice has been diagnosed
with hepato-biliary stones disease
after imaging examination. What
treatment options should be taken?

In Chinese:

— N EBEHU T FHEMENKETSRE, &
FREREERICANBEERR, NiZ
SRERBRLE ST T 5R?

PR

EXESHEENESET, BSRERABKES
MoXIF AR IR 2R SRR, W

Answer for the question in English

...... The following are some possible treatment options: .....
5. Medications: Medications such as bile acid therapy or

ursodeoxycholic acid may be used to dissolve certain types of
gallstones, but they are generally not effective for hepatobiliary

stones.

Answer for the question in Chinese

AT B—L AT RERIATT T R
1. Z9aTr . MTBUNNER, ATMERAGYIKIRRBEN, Fl
FIRE-F HERWRTT 5
(Here are some possible treatment options:
1. Medication: For smaller stones, medications such as rifampicin
or acid-base therapy may be used to dissolve them.)

REANRAERD R, SNESRIETHE
IREREIRY TS RSR SN GIERA E

FHRNR, AL

A

IRBRESEEETINAIFRT S, A

=¥, IBSHRBIRENSKIHTEFERR

Question:
—NSEMBEREH—BRMNEAERERR,. WHTHRSER, SREMISAHIMFELR. HO)EEMIZMATET?
(A 5-year-old boy has recently been experiencing symptoms such as frequent ear pain and decreased hearing for
some time. After examination, he was diagnosed with acute otitis media.
What is the recommended treatment plan for the doctor?)

acquire_knowledge(entity=")| #E A M R E % ', attribute="3477 /7 E")

Key entity: ILEAMPER
( Pediatric Acute Otitis Media ) def acquire_knowledge(entity, attribute):
Attribute: BITAR .
(Treatment Plan) - return knowledge
Stage 1: Parameter Filling Stage 2: Knowledge Function Call l

Question:
—N55 ) BRI E—ERRTE) REEE. WHTEREER, 2REWZAR[MPEL. HE)ESEZINAETT?
Knowledge: )Lgﬁl‘i*ﬁx {

SRTART RS AR CBIAT. R

"HATT . ['PRAER, SKREE", "AFABEE", "HEER"])

( "Pediatric Acute Otitis Media": {
"Treatment Options": ["Systemic Treatment", "Antibiotic Treatment", “Local Treatment", "Observation"],
"Medication Treatment": [ Amoxicillin“, "Cephalosporins”, "Macrolides", "Analgesics"] })
Output:
RBARWATIOE, DTEEEREY, MRUNENE. BMRERESNERERE, EERLEEER
MERHITIATT, ﬁ%%ﬂﬁﬁiﬂﬁﬁﬁ?ﬁ‘ii
tH D. = d )\“ " 3 N

T PR " R xHMM

( According to current treatment standards, medication is not necessary for the early stages of acute otitis media,
and observation is the main approach. However, if symptoms do not improve after 48 hours, the doctor should
consider using antibiotics for treatment. Amoxicillin and other antibiotics are usually recommended.

Relevant knowledge: “Pediatric Acute Otitis Media”: { “Treatment Options”: [“Systemic Treatment”, “Antibiotic
Treatment”, “Local Treatment”, “Observation”], "Medication Treatment": ["Amoxicillin", "Cephalosporins",
"Macrolides", "Analgesics"]})

Stage 3: Response Generation with Knowledge

SEISEIRAIARRA T LA RERAREIES AR, FaILUR RS AN ZDR(kiE




£1iR%A (Knowledge tuning)

> #MIRHAIE (Knowledge-tuning) LA
7 IGNEL, AR !

v OIEEEINER, RIIRIGER R
!

T — A AR
/ ol BEFEFNAE \
BT ‘ KiBE=AEH HEIER Ex
' LLM

B 5| ASIRETR, EAHRE R ERRIERERE




RS B 5| AR, EAHRE L RAEPRRIElRERE

& llgMER
« FEEEZFINRAIESIREHEER
- EFHIR: FMRELE, EESE, ...
- Prompt: "5 EIARNR, £—1N5

SRRIERIOIEE, FHHTEE
- RIS SR AR S B
S IERORRE TR

FIR
~N

2R ER

o
»

|

LLMs

EEANRRYE I SR/ A5
(SFT: Supervised Fine-tuning / IT: Instruct-tuning)

Question:
A 5-year-old boy has recently been experiencing symptoms such as frequent ear pain and decreased hearing for
some time. After examination, he was diagnosed with acute otitis media.

What is the recommended treatment plan for the doctor?

Key sty l acquire_knowledge

Padiotic Aciite Otiis Madia (entity=Pediatric Acute Otitis Media, attribute=Treatment Plan)
Attribute: def acquire_knowledge(entity, attribute):

Treatment Plan -

turn knowled
Stage 1: Parameter Filling hlallias o Stage 2: Knowledge Function Call

Question: l

A 5-year-old boy has recently been experiencing symptoms such as frequent ear pain and decreased hearing for
some time. After examination, he was diagnosed with acute otitis media.

What is the recommended treatment plan for the doctor?

Knowledge:
( "Pediatric Acute Otitis Media": {
"Treatment Options": [" Systemic Treatment", "Antibiotic Treatment", "Local Treatment", "Observation"],
"Medication Treatment": ["Amoxicillin", "Cephalosporins", "Macrolides", "Analgesics"]})
Output:
According to current treatment standards, medication is not necessary for the early stages of acute otitis media, and
observation is the main approach. However, if symptoms do not improve after 48 hours, the doctor should consider
using antibiotics for treatment. Amoxicillin and other antibiotics are usually recommended.
Relevant knowledge: “Pediatric Acute Otitis Media”: { “Treatment Options”: [“Systemic Treatment”, “Antibiotic
Treatment”, “Local Treatment”, “Observation”], "Medication Treatment": ["Amoxicillin", "Cephalosporins",
"Macrolides", "Analgesics"]}

Stage 3: Response Generation with Knowledge
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Question:

A 5-year-old boy has recently been experiencing symptoms such as frequent ear pain and decreased hearing for
some time. After examination, he was diagnosed with acute otitis media.

What is the recommended treatment plan for the doctor?

Key entity: l
Pediatric Acute Otitis Media
Attribute:

Treatment Plan

acquire_knowledge
(entity=Pediatric Acute Otitis Media, attribute=Treatment Plan)

def acquire_knowledge(entity, attribute):

I

return knowledge
A 5-year-old boy has recently been experiencing symptoms such as frequent ear pain and decreased hearing for
some time. After examination, he was diagnosed with acute otitis media.
What is the recommended treatment plan for the doctor?
Knowledge:
( "Pediatric Acute Otitis Media": {
"Treatment Options": [" Systemic Treatment", "Antibiotic Treatment", "Local Treatment", "Observation"],
"Medication Treatment": ["Amoxicillin", "Cephalosporins", "Macrolides", "Analgesics"] })
Output:

According to current treatment standards, medication is not necessary for the early stages of acute otitis media, and
observation is the main approach. However, if symptoms do not improve after 48 hours, the doctor should consider
using antibiotics for treatment. Amoxicillin and other antibiotics are usually recommended.

Relevant knowledge: “Pediatric Acute Otitis Media”: { “Treatment Options”: [“Systemic Treatment”, “Antibiotic

Treatment”, “Local Treatment”, “Observation”], "Medication Treatment": ["Amoxicillin", "Cephalosporins",
"Macrolides", "Analgesics"]}

Stage 1: Parameter Filling Stage 2: Knowledge Function Call

Question:

Stage 3: Response Generation with Knowledge

BANR, RAEER L AERRIAIRGETRTE



SRR

Base Model Hy ChatGPT
hi ho

Alpaca 1.78 | 1.98 2.68
Alpaca + i-tuning 1.80 | 1.92 2.64
Alpaca + k-tuning | 2.25 | 2.40 2.69
Alpaca + k-tuningt | 2.63 | 2.59 2.71
Bloom 1.82 | 1.83 2.61
Bloom + i-tuning 1.81 | 1.88 2.47
Bloom + k-tuning | 2.41 | 2.42 2.74
Bloom + k-tuningt | 2.72 | 2.57 2.79
ChatGPT 271 | 2.59 -

h1{REISHBEEE, h2RESRBIRSHEE

Medical Knowledge: Entity: cicatricial pyloric obstruction, Attribute: symptom, Knowledge content: “vomiting dur-
ing afternoon and night, abdominal pain during the night and after eating.”

Question: When should we suspect a cicatricial pyloric obstruction based on the symptoms?

Golden response: When patients have upper abdominal pain, postprandial vomiting, early satiety, and abdominal
distension, with or without weight loss, one should suspect cicatricial pyloric obstruction.

Bloom: When the following symptoms are present, suspect cicatricial pyloric obstruction: (1) Upper abdominal pain,
(2) Nausea, (3) Vomiting, (4) Weight loss, (5) Belching, (6) Black stools, (7) Jaundice, ......

Bloom with instruction-tuning: When the following symptoms are present, suspect scar-induced pyloric obstruction:
abdominal pain, vomiting, acid reflux, jaundice, heartburn, belching, nausea, loss of appetite, weight loss, .......

Bloom with knowledge-tuning: (1) Abdominal pain and bloating: cicatricial pyloric obstruction often occurs after
eating, especially at night. The upper abdominal pain worsens after meals and progresses to diffuse upper abdominal
distension or discomfort as gastric retention occurs. (2) Vomiting: The most prominent symptom, vomiting mainly

occurs in the afternoon and evening.
tEHIRER

Knowledge-tuning Large Language Models with Structured Medical Knowledge
Bases for Reliable Response Generation in Chinese

Haochun Wang, Sendong Zhao, Zewen Qiang, Zijian Li, Nuwa Xi, Yanrui Du, MuZhen Cai,
Haoqiang Guo, Yuhan Chen, Haoming Xu, Bing Qin, Ting Liu

Research Center for Social Computing and Information Retrieval, Harbin Institute of Technology, China
{hcwang, sdzhao} @ir.hit.edu.cn

Abstract

Large Language Models (LLMs) have demonstrated remark-
able success in diverse natural language processing (NLP)
tasks in general domains. However, LLMs sometimes gen-
erate responses with the hallucination about medical facts
due to limited domain knowledge. Such shortcomings pose
potential risks in the utilization of LLMs within medical
contexts. To address this challenge, we propose knowledge-

tical question in English and Chinese respectively. When an-
swering the question in English, ChatGPT provides reason-
able medications for “hepatobiliary stones”. However, given
the identical one in Chinese, ChatGPT recommends ‘Ri-
fampicin”, which is an antibiotic medicine to treat mycobac-
terial infections and not effective for hepatobiliary stones.
Such hallucinations in the responses generated by the large
language models can lead to sub-optimal drug recommenda-

Wang et al. Knowledge-tuning. Arxiv 2023

The CALLA Dataset: Probing LLMs’ Interactive Knowledge Acquisition from
Chinese Medical Literature

Yanrui Du!, Sendong Zhao', Muzhen Cai!, Jianyu Chen! Haochun Wang', Yuhan Chen’ ,
Haogiang Guo!, Bing Qin!
!Harbin Institute of Technology, Harbin, China
{ yrdu, sdzhao, yhchen, mzcai, jychen, hcwang, yhchen, hqguo, ginb} @ir.hit.edu.cn

Abstract

The application of Large Language Models (LLMs) to the
medical domain has stimulated the interest of researchers. Re-
cent studies have focused on constructing Instruction Fine-
Tuning (IFT) data through medical knowledge graphs to
enrich the interactive medical knowledge of LLMs. How-
ever, the medical literature serving as a rich source of medi-
cal knowledge remains unexplored. Our work introduces the
CALLA dataset to probe LLMs’ interactive knowledge ac-

[ The golden fact \

HwLFBBEMESASEENMEAN, HELTEREBEEN, B
BESVSRUFAMOMMRFKIE. (Compared with conventional
CEUS, high frame freq y CEUS can provide more imaging

id in diff iatil di polyps from cholesterol polyps)

[ Ask a question consistent with the fact J

( P T ————————

FEB AR E AR RSB ? (Does high frame frequency
CEUS provide more i i id, than ional CEUS in

Du et al. CALLA. Arxiv 2023
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