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ChatGPTHERIEIRHZER S,
IRIEH
AMEE = ChatGPT

KR 20234F6H15H 17K304%

. ZRIAKAAE

https://www.asahi.com/articles/ASR6H3Q13R6GUTFLOOH.html

> ATRAS:

OSAKA UNIVERSITY

B - ANFVR |+ T7Ax0-F3

ERAIDBIEFER TSigKkE,

TGPT-4; N—XRICIHE R

RARHEME, —BBAT

202346 H11H 11:00 [RERELE]

FFINIEE "ChatGPTZ EBREfE) TSW%ISEMAIDNEE
DEF, IhEBEEIZA TRR#BEAGBE,

20244015 18H 09K24%> 2AB3 [FEHBTE, ITmedia]

https://www.itmedia.co.jp/news/articles/2401/18/news090.html

https://www.nikkei.com/article/DGXZQOUC317WPOR30C23A5000000/
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=7 )L (Language Model; LM)

FlJOXLBH 5 LE (Likelihood) ZHNT AHERSHETILE LTERS
(G [SEEER - 55

NdZcHz<.

[ Ry

EE€7J)L (Language Model) ¢ld. HBEEBERIEAIELT. FDHR

P ARAF
OSAKA UNIVERSITY

LLMOYXIRTH Z D= TIEET B IFSHEA

ns
Bz R >TCHEMFEEET /L) CLWORIKRTHERAT

=]

EETILDOERRZERER

Likelihood = 0.2

Likelihood = 0.01
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« HEMHDFE - J7A>Fa—ZIUhb 7O MABDOHFAIC

%075&7\7@55@:’%\’(%\ MERICIED > TETTWLW3

A General-purpose
Transferable task solver
Task-agnostic NLP task solver  GPT-3/4. ChatGPT. Claude
: Scaling language models
Task Spemﬁc task feature learner ELMO. BERT. GPT-1/2 Prompt based completion
solv1ng helper Word2vec (NPLM). NLPS Context-aware representations  Solve various real-world tasks
capacit Pre-training + fine-tuning
B o n-gram models IS\'It atic lw 61d represe(ilt?tlons Solve various NLP tasks
Statistical methods elura coptelxt o 1;1% NPT
Probability estimation Solve typical NLP tasks re- rane
Assist in specific tasks Neural LM i
Statistical LM :

1990s 2013 2018 2020

Zhao et al. 2023 0 U ;S(T]ERZPL;
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o 0 %5 9 FLAN (5 LamDA
i nspur Yuan 1.0 A .
Anthropic A\ HyperCLOVAN AVER @ AlphaCode () Pythia
webGpT(&) /“‘1\3 ©) chinchina Vicuna = InternLM  []i Baichuan2
Ernie 3.0 Titan .5‘?0 InstructGPT @ 2022 RWKV %‘:‘% PanGu-X A MPT efz QWEN
Gopher@ CodeGen G @ Sparrow (& Bard fIi Baichuan E FLM
~ m
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:»: YaLM &5 Flan-PaLM
CodeGeeX ™ GPT-Neox-208 [O) » ~J CodeGen2 3F skywork

BLoom ()

GLM (- {; Tk-Instruct I\l2

/ ’X‘ Luminous StarCoder ...

710 XVERSE
mT0 o ‘ 00 NLLB
O AlesaTvL O Cohere 8 Y, ~— e i) Falcon X| Grok-1
BLOOMZ 2
Q weLm [ Rl P q_Ig |
Galatica OQ T TT—01] >
I I )-11
OPT-IML (X ChatGPT GPT-4 @ N LLaMA2

Zhao et al. 2023
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Self-supervised learning (B2 #ETH D FH)

“Self-supervised learning could lead to the creation of Al that’s more
humanlike in its reasoning” (Yoshua Bengio and Yann LeCun)

https://venturebeat.com/ai/yann-lecun-and-yoshua-bengio-self-supervised-learning-is-the-key-to-human-level-intelligence/

CHETIR. FARDSAIHFEERTV. 2ETF— 25 EHET Z0OH—

RN o Teh AFICLBBDBEDT. T—HEICRFED B o 1C
» BEEEIHDFERII. AFTINIGIFEEZTS>OTIERL. T—XB5
DEWRLETTETILDFEE (T —XO—a5Z2NXV LTFRZTOIRY) =
TV T—XDONHPRETEZE-F TS
HEHEH DFEDRIICKID. Web EORET —XEITZEL>T. AAB
BEBETINEBRT S EHAIERER ST

= A
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ChatGPT

ST 7 I/LISESE 3?*5']@7536’9[/ Z2 -y ¢
ITAETIICAT Y. BARABRRRERBEZITD
Ciﬁbb\t*h’fﬁb 7o HIIRERIC
BEERBH. RICIZEBWVERZZC 2N
LIFLIED o7

Instruction tuning ouwangetal 200 & MEIEI B 3
BEED AN, A——0O;L WEHRICIKH L
CHEYIGENZHRAE (751X 3
CET A —roBERAGR#E VIR
MU cH AN EIREE 4 o T

1A

> ARAS:

OSAKA UNIVERSITY

https://openai.com/chatgpt
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Reinforcement Learning from Human Feedback (RLHF)

¢« A—H—DUIITANMNITIAIAYEHE g g S
BHEL LTI IeOHRIHFEMEN B38(E e e

4 S'IES'I 0) S 0) O \D eeeee trations ——>  Pre-trained LM
i g / f ]

¢ ? S-IES-I 0) \;)Itb n t L/ —C Li gresseraeeasean s :',,',f,',,',,',,',,',,T,',,T,',,',,',,Ti' PSS 'R'e‘w'a'"'l 'N'[(\:)del S

1. 7ay7re5z, NBOSRZ—odEhzE 7 e k-

}% L/—C I_I_M %%&Efﬁ% D ?EE\:J / 4T Pre-trained LM

Ranking  luman Feedback ™Tpaining with feedback data

2. 70|:|\/70 I\L:jd-—a—é LLM@Hjj]%*E@Z%&J\ A R ——— ‘. RL Fine-tuning
MAZOMAES Y IRTT 5. OV | wm "
SF—25ANT, BINETLESEBEES (o T e
COHEANLEE LLVDOHZZETB) ST rown TR (70

3. 7OY7hoEADSEHRMZEERL. IilT & Zhao et al. 2023
AT 2LOBIEFE=Z1TD
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Kung et al. 2023

P ARAF

OSAKA UNIVERSITY

e ChatGPTIZK[E

D

=EMEMELER United States Medical Licensing Exam

(USMLE) =D\ 75w

+ StepBOHABRZ@ENE. L\Th@%ﬁ%ﬁ’c‘%/—\d‘%7k“§®6oﬂ/o S WIKAE = Z
» Step 1 (FICERRF - BT - WRBRABF L ELZ2FFHLZEF4ED

2T % EER)

+ Step 2CK (X o (CHHMEZ B L CERARMER - BRAEFZ ZHW L 724FRD

EFENZ T B HER)
e Step3 (&5IC

S HE B R B OETHE S B HEB)
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Kung et al. 2023

ChatGPTIZEMFEZ DD EICHH L L 7cPubMedGPT &
D:E)IE_IL\’HE b—CZ%OTL_

Step 1OMBEIFRBHEL . Step3INRIEVEVIKER
IEBFROZBREDODRBEICSADHDTH o7

ChatGPTI3Z < DEIE TERLRAR - SHIEMNGEA (
. BB EREBETTEREIC K D BB a0 EFEH S
MLUTRER. AL U LARIRDSED L. BBED R
LTBIRURIHBINT D) #HAOTITTHO. Rk
DEZHEODENMZ L L TWS

> ARAS:

OSAKA UNIVERSITY

A
Open-Ended
1001
g
Il Accurate > ]
[] Indeterminate @®
5 501
Bl Inaccurate Q ]
v
< ]
0_
USMLE 1 2CK 3
Multiple Choice Single Answer
1001 r
g
§ 1 Pass Range
5 501 r
I+
<
0- L
Input
USMLE 2CK

Fg2 Accuracy o fCh tGPT on USMLE. For USMLE Steps 1, 2CK, and 3, Al outputs were adjudicated to be
ate, inaccurat

cura
f input
answer wit] h

indeterminate based n the ACI scoring system pr ov1dd $2 Data. A: Acc cyd b
dd open-ended ques BA uracy distribution for i coded as multiple choi

t (MC-NJ) or wnhf d) on (MC-]).
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Tanaka et al. 2024

The 116th NMLE Prompt tuning * ChatG PT‘: E ZIK@ ngﬁﬁgﬁﬁﬁﬁﬁ@ﬁ‘ﬁf
WM'E . BT A U RER

Imag:-based - " .‘... ¢ E ZISEE%B-H-&EE‘: %ﬂgR L/\ ’F‘Eﬁ$ @gl‘%/\]#a: 2_/_“%
f — il 550570 T REFa-o0y

. GPT-ADFISHR T #D5ER (117E ; 20234
2H) =RWTHEe%z 5T

Tune-d Prompt ° E?%HE&@KET&W#T‘&@ < N EZI:@ E%
i e B omerce TR oo ee ot N HEOME. HFENAHABERERCDIS
(n=395) T (ngzsz) " X)W _ 75\‘ & -5 7’—C
Removed Assesment

i e « NEYILREEDRUTIE. Boxdb5LWL
EFHHEICEDCEHHE (NLyx—r3 Y

) HH 7=
OU2027
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Suchman et al. 2023

« ChatGPTZ{ER L T. XKEIHILzsamRFEDZERERTLOEIF M T X ~ZHY
DIBAT-58

o SRREEETO%ICH L. GPT-3.5T65.1%. GPT-4T62.4%NDIEEXRT. L\Ih
HAERDHETHD. CNEXTOEBENLHSEIIELD., BILBFODE
FHBICPVWTEELRZR/IMNETHD e x2HRG LT

« FHEXE LT ChatGPTH&RFTOHT1 RSAICE>TIlEEINTULWERWLWZ &
 BEOMEAD T IEAHDFPBREINTW=C oL D, HILBRZE0EE 0
ST OHBZ THICEEFTET LAV LTWS
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Ayers et al. 2023

e ChatGPTZHWT—REDEEZEADEZEDRE + ABIC DWW T
e V=2 v AT TICEBINT-ERZAVT EMICEK ZEIE LR
o EHMHEIZ78.6%DIEIEICH ULV TChatGPTOEIZE D 1F S HEY) & 574 L 7=

e EBFEHNHRMNLEARBSOFEMOVTEH. BEICChatGPTOEIZED 1F S HiHER
THBAEWSHERTH oI

| A | Quality ratings [B Empathy ratings
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: Q> AMRA
Jeblick et al. 2023

+ ChatGPTZRAWT. BfR#ZITL K— bDOEZDE B Z KT

BEHERIELNRE - €M - EEME - — BB EDOWVW DL DERT
ChatGPTOERER 2T L T8 A IFEACDERNERNTETHD.
BEICEZNIFIEEEMII G W R L TULE

Prompt Generated Response
r[] The thyroid gland (a small |
butterfly-shaped gland in the neck) /
4 ) ~ a 13 1

Explain this medical report to a | ChatGPT 1[00]1“ 2 il pigger: than ysual

child using simple language: \

[...]| No metastatic thoracic lymph >

nodes. Thyroid struma. No - N

pleural effusions. [...] [-..] They also saw that the per-

g son had an extra thyroid gland, X

but there was no infection in the
chest. |...]

OU2027
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Sarraju et al. 2023

e ChatGPTHYERK T /0 EEE (cardiovascular disease; CVD) DFBHD 7=
HDT RINAZXDOERM - ZHM4%IZ DUV TEH

« HARZAVICEDLSFHDOMEY I, BRRZERICEDWVWT. BERERFDAH

Tty REGR. REBWMREDERNBETHOBRZ#H 52508
7= B L 7c

ZEM S HMERL L 7=CVDICEE$ 3250 BERDBIEFER =M L 7=fER. 2100
ZIFBEYTHZEWSERTH -1

O ZHERANDEREIIHZ2HDD. — xR CVDFIEICEAT 2BERICHT T &

EHECEBCEMO IS A r—oa > aSEd237—20 70— \DEH
ENTREINce L TWS

EFHVEFOHROME



Q> AMRA:
Wang et al. 2023

« ChatGPTE EfRAIZHEAEHE T, WEPEML > b U BEIROEZKTEIE (
CAD) Z=1To7T=tf3E

e VILFE—ZRI (BfR+ 7F X)) ZAHAVCERERAOEREZRLTWLS

A 0.238
Input: medical exam image ol 0.086 Prompt text - o
and chief complaint text ——s sease _,
P Classifier 6.923 I {- ) “...have been provided and
é'i67 — Network A’s diagnosis show 35% of.the left lower
; prediction: pneumonia. lobe to be infected, )
—»Network B’s segmentation cons1stent‘w1th a diagnosis
) result: 35% of lung is " Y of pneumonia...
- = inflected.
¥ Lesion : — L What medicine should I take?
*w—’ ' Network C generated a > Language —
2 report:“ ... airspace Model ;
fever with chills E s 7 (e ...In general, bacterial
= | . consolidation is noted B oneumonia is treated with
1 IT:oa‘flaise,tzl.t e it antibiotics, while viral
0ss appetite »
and myaplgias ! K lobe co;\cern’j;ng for pneumonia is treated with
F— «,.. airspace PEACLERCHLS 2 antiviral medications. Pain
consolidation is . oA
TR relievers and cough medicines
Trainable | * 'm'r' ;:::dlv:;::u;o;:e | ?eﬂne!he re:on b:sed on r:s:lts duaet i tnp i o ol
\‘ T ‘ Ry \ 7 Generato g ok rom Network A and Networ symptoms. . .
B i ] e _ - L7 \_ J

pneumonia...”

OU2027
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« EfRIREMNEY LBEWVWA XY (administrative task) . 2—%—70OY
TR TEHRHIMBEINZZZTICEVNTIE. BNNT =T X ETRTC
ENZ L DOFZETREINTULS (Thirunavukarasu et al. 2023)

e BlZIE. BETYVDLSBEN - EVBIDXA VDR TIIEENRS
Z20BBEEEFTETA38EAEVNE LTWLWS (Patel and Lam 2023)

« FOM., I—H—TOV T TIRETEZI X4 X7 LT, BkiE - #E&1
BENEZ SN, BIZIET7)—TF X COERZETL R— D5 DOIEHRIESH
BREDRAIANDEAEHRINTWLWS (Adams et al. 2023)

dunl
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ERENXEDBIMEKICE T B KRR

CEAT%HIR TS e LTWS

B LT HLERYXEZ BEEK

ERAEOBRKRCARBERZERL, ZHREERXEORIC
BETHER. XEFERBOHINLTHRR LIERFREIS

il %

=1

ADB

2/19: fv R, EBIRZHT,

2/20: BIERX-PTA T 3EICAHAERERD,
AANEM, MHABERERL, %
B, ABxo

AR Y AT S F I o
Yt Rl 7775w

1) FAZERF & RERFE OEMCRFAFMIC TR, ILKRPAHRREN04AIC & 5 iFEESR

Er -, ;. o

- EfRALLM

ERXE

(€17 {%Fﬁpﬁig)
EEAERY, Ao

H H Bl

FIERX-PRREEIC L V)
ATREICHHEEERL.

SRATTF 5% 47% B
Hii&é“bf:;;‘é‘?ﬁ@%%\ £ FER
8/121FEBHUHR L 7z 6350

ZEEMHRL T, 3
- 135k BLA 2

0 U MASTER PLAN
https://jpn.nec.com/press/202312/20231213 01.html 2027
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(BE) EFHILTHHED

Ubier EFMH SRR TOLLMZ BUL\

ERMALICHT)—ED
{ER Z 35T

RN EER DKL

AR

OSAKA UNIVERSITY

o

ERXEDBEEKICE T 5 R R

EEMDRRERY Y U —1EEFERAL/SICETEBTCELELTWVS

EWRAIDERICR > TRERTYH I U —EZ2(ER
EfMiZE DBERICHAED B VHEESEL.

BEICGCTEEZMZXS

THEYEM #@NT

WOLAEBHBELB>THDET. RAERITLIBEROBNEBRLLETFET,

BERIIIEFA SARMICHBMEOTMERH TR, KBERHTVEEA. TMiIZ4-24RMEE,
RBERICHRTZEDTETY, o, RMOMICFSFILEHONRIZEVWSHIKERSBEZh

TUWET, AROERBFICHEEEHZLDIET, FRBER->TENET,

BEECERBMELMRBLBD XTI, PLLF—ERRRINELORHDEEA. REBREHO X

TH, BEELEHDEEA.

BERBARERATH D, DETHNEREEFLELTVET, BNOWE, AMCOVWTTREWEE

FhiZEned,

ZhTRCBEOREL S UK BMVWRL EIFET,

https://prtimes.jp/main/html/rd/p/000000066.000048083.html|

MASTER PLAN

OU2027

ESHVEFCHESOME



P ARAF

OSAKA UNIVERSITY

I_I_M l| m ItatIO NS (Thirunavukarasu et al. 2023)

R AE

LLMTERT 2T —XIIRERR I TOBERLDIZOHDZEHTET. HLLEE
AELR - tRREDOHR B 2G5 ED TSR,

H2HEMEE L. JET—XORRZEREL TLWBDTIFa <. HERDOHESRAZ R
Accuracy ETZARRL TWVWBICET AV, Floy T —RICEBINDZ VT TH 1 b2
FER EDBEROERBIEIFRIAETET R,

ETIEEZONTCASIZD IS, FEEINICEBBORBEMITICEOVLWTTFX b

Recency

Coherence ZzHALTVWBISBET Y. FELAWVBERDDICHADBEERTHEI3HDDLDICHAILET
3 INLYR—>3Y) o

Transparency and ETFIDREDESICBIEZERTADOHDTACINFHATH S, £/ £ INT

interpretability EIZIEAELZ Y FDEDEBDICEEEL TLBHEFREETH B,

HANEE. ZlH. BN THSABREDN DD e TN —PtEFxal

Ethical concerns 741§%@|) AIBEDZRSEHH B,

OU2027
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> ATRA:

OSAKA UNIVERSITY

Hallucination

 Factuality Hallucination

« Faithfulness Hallucination

[
Who was the first person to walk on the moon? ‘a‘ Please summarize the following news article:

Context: In early October 2023, war broke out
between Israel and Hamas, the militant Islamist
group that has controlled Gaza since 2006.
Hamas fighters fired rockets ... civilians and
taking dozens of hostages.

Answer: The first person to walk on the moon
2.%) was Charles Lindbergh in 1951, during the Lunar
7 Pioneer mission. His historic moonwalk was a

testament to human spirit and was broadcasted

live to millions of people around the globe. x

"
C
"

Answer: In October 2006, Israel declared war on
a Hamas after an unexpected attack, prompting
ongoing violence, civilian crises, and regional
conflict escalation.

.«  Correct Answer: Neil Armstrong was the first
ﬂ")} person to walk on the moon in 1969 during the
Apollo 11 mission.

(a) Factuality Hallucination (b) Faithfulness Hallucination

Huang et al. 2023

OU2027
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Fine-tuning

« BERTEX R~ (2ERXR - RBELAR—MRY) PEEBHRYXE (H1 RS54
VRN RY) mERLIE R XA VER

e To7EL. ZARBEVY —REARMNZETEZY. BRTEFI N2 B35%5E
. AABHROEDIEVORBEN SEELH D)

| Step1: Instruction Dataset Construction L Step2: Instruction Tuning

—

Zhang et al. 2023

OU2027
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LLMOF A - 3R

* Prompting
 Retrieval Augmented Generation (RAG)
« LLM Agents
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Prompting

e EFINOHOZEL =HICA—F—DSIBEINDZITEAMNASD (FOVF
N #5123k

e BRIF I A B IZEFED=OHICIE. BYILRTO> T2 ANTHIHNELNHD. F
OOV T REHRATI IOV T« T2 TFT )T VWSOEHNRIREIC
HKELTW3S
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Wei et al. 2022

» RO /Ot X%Z/R{E (Chain of Thought : CoTc‘:ﬂ?ih%—E@m

SR A T T2 ) 92928 Ty LLMD EM# G HRE

(T2 N TEDZZRLICHRA

Standard Prompting
~ Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

~~ Model Output )
| A:The answer is 27. x

\
N

J
/|

Chain-of-Thought Prompting

| Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

L

~ Model Output
1 'I‘ _

.l A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They

J bought 6 more apples, so they have 3 + 6 = 9. The

| answeris 9. ¢/
\

VA

1128

~ Model Input ,} —~

AR

OSAKA UNIVERSITY

o

ik

\
\
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Kojima et al. 2022

> ATRAS:

OSAKA UNIVERSITY

e YZa7IITHEZIOEX%E AN (Few-shot) T25DICxT L. EIZ lstep by
step] ZANICIERT B I1FTDZero-shotd 7O 7~ THLLMDMEED AL

SEBREHNTETBeHmRLIEHSE

(a) Few-shot

éRoger has 5 tennis balls. He buys 2 more cans of tenb
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(b) Few-shot-CoT

ﬁ Roger has 5 tennis balls. He buys 2 more cans of tenﬁ

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

L% .

(c) Zero-shot

6 A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) The juggler can juggle 16 balls. Half of the balls are golf

balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
blue. So there are 8/ 2 = 4 blue golf balls. The answeris 4. /

(d) Zero-shot-CoT (Ours)

ﬁ): A juggler can juggle 16 balls. Half of the balls are golf balls,\

and half of the golf balls are blue. How many blue golf balls are
there?
A: Let’s think step by step.

(Output) 8 X

X

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls

Qre blue. That means that there are 4 blue golf balls. v
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Translate English to French:

sea otter =>
peppermint =>
plush girafe =>

cheese =>

Brown et al. 2020

loutre de mer

menthe poivrée

NN

OSAKA UNIVERSITY

@

NRALLMTREDEMRDEENZ5| SHTIOICRES NI T O T HEEE

In-Context Learning (ICL) * Chain of Thought (CoT) - Ensembling (#8%&
§%) 707 h2ITRT 5T AALLMA

D EHh %D &R LIS

task description

examples

girafe peluche

prompt
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Retrieval Augmented Generation (RAG)

e LLMOEHMN « FEM - —BH0RE*NXNET D7 T O0—FD—2D
o LLMASFDHIFEICT AR THEEZDTIEEHL, 2R ZICEIL THASRORH ==
BYB_CT. XRVDMERE (BERRY) #BIEY

. BEKOETFTILICEKIFELAL TCompound Al ((EEEIAI) | OFFEr LT £
ICHDORETETHFEHINTWS
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Retrieval Augmented Generation (RAG)

1. A—%—-0I7T)—H56. ASBOHNFE SR L. BYREHREeHMET 5
2. TOEmE 7O T MIFAL. LIMIZINEZEREE S

Question Response
/N

l

A
. ooo Query + -
Embedding Relovs it ChunKs }—% Completion

Query Relevant
Embedding Chunks

Ta
Ay Vector DB

https://truera.com/ai-quality-education/generative-ai-rags/what-is-retrieval-augmented-

generation-rag-for-llms/ 0 U MASTER PLAN
2027
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+ RAGR—ZDLIMT7 L —L7T—% (Almanac) ZEZR
e PubMed. UpToDate. BMIJ Best Practices® ™V T 7t b ZNERKIEH & L TEH
- BB S TClinicalQAZHFEL. —EMREDERMDIEEZETEREZ R LT

Input

[

“How effective is the medical treatment of

myocardial bridges?"

J

LLM rephrasing

Simplified query
Browser
Web portals Literature

@,

Search results

(e.g., calculator)

Embeddings

Retriever

Q

Vector database

g‘"
——

Calculator

Context @
LLM
@ N

Dosages,
quantities

Output: grounded in verified knowledge

N
([ Medical treatment of myocardial bridges is effective

in reducing symptoms in the vast majority of patients,
Beta-blockers, ivabradine, and calcium channel
blockers are the first-line therapy and have been
shown to be successful in reducing symptoms.
Nitrates, however, may worsen symptoms and are
contraindicated.

Source: www.website.com
.
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Gao et al. 2023

o LLMOHEAICEFREFOREE S 7 T& S Unified Medical Language System
(UMLS) ZFR L (7O XDOEEN « IEHMICOWVWTEXRL., MHEE
E7xREH LTSS

Admission to Hospital Screening and Examination
23 B Y P
Subjective: Chief Complaint: PNA, sepsis 24 Hour Events: - Talked to nicce

re: planned extubation. Assessment: 90-year-old woman with history of
HTN presented with hypoxia, dyspnea, found to have a LLL pneumonia...

? Hi Al, what are the most
likely diagnoses ?
Inferring diagnoses from a

(=

E .= knowledge graph
<_ - °

(=] - BB

oy

Foundation model predicts final
diagnoses
Sepsis; Pneumonia (Sepsis

-> Communicable Disease

-> Pneumonia); ...
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M Agents

LLMOFERBICL D 2IRICEKED EHA->T
WA RDEFD—D

LLMZZRLIENILFI—2c 2 D
KIRICEKD, O—I)lz5x6NnNcI—
I b ENENOEFEZED
T, BELBIRTVDOBERZHIEY

N/

Planner

Write a novel about the
awakening of artificial
intelligence.

&K

[ Actions

&K

> ATRAS:

W Eh

Researcher Story Character
Planner Developer
=
=
~

{1V Researcher

Gather and analyze i ion about artificial intelli and its potential
awakening. The output will be a summary of the key points about artificial

intelligence and its potential awakening.

a Story Planner

Using the information provided by the Researcher, create a compelling and

cohesive story outline for the novel. The output will be a detailed story outline,
including the main plot points and the progression of the narrative.

%J' Character Developer

Develop complex and relatable characters for the novel. The output will be detailed

character profiles, including their roles in the story, their personalities, and thei
relationships with each other.

Writer

Using the story outline and character profiles, craft an engaging and immersive

narrative for the novel. The output will be the first draft of the novel.

Title: "The Awakening: Dawn of the AI"
Chapter 1: The Creation

In a world where artificial intelligence was a common tool, there was one
scientist who dared to dream bigger. Dr. Alex Hartfield, a brilliant and ambitious
Al scientist, was on the brink of a breakthrough. His project, an Al designed to
surpass human capabilities, was nearing completion ...

Chen et al. 2023

OSAKA UNIVERSITY

Observers

Agent Observer
As an agent observer,
I have checked the
created Expert Roles
for compliance with
the requirements.

(]

Plan Observer
As an plan observer,
1 am checking if the
created Execution
Plan exactly follows
the requirements.

Action Observer
As an action observer,
| am checking if the
response of actions

follows the
requirements.

r
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« EESBHTCOIOSHRL—3Y (MC) JL—LAT—0%IRE

« LLMI—Y x> bZERAL. FREXA 2D

I L 7=hA3E

SHESA
A o

L. H#ESREE

NESHB s

A 66-year-old male with a history of heart attack and recurrent stomach ulcers is experiencing persistent cough and chest pain, and
recent CT scans indicate a possible lung tumor. Designing a treatment plan that minimizes risk and maximizes outcomes is the

current concern due to his deteriorating health and medical history.

@ Expert Gathering

)
@

CR e COQ A
...... & & »
cf COB ......

Collaborative Consultation

(@) [ )

X
Summarized
Report
X

#.7
.

$

@ Analysis Proposition

D

: Gastr

logy

Analysis:

logy

Analysis:

D

in: Surgery

Analysis:

X

Summarized

Analysis:

Summarized
Report
V| v

(o)

(3 Report Summarization
A

!E\, a %
' vV,

ﬁ‘ 2
7 Key knowledge:

Total Analysis:

(5 Decision Making
VIVIVIV]
Unanimous Report
ot A
A4
Al

Answer
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H 7— d) ;%A ij d) W N 9: 7 7 K % E’E}_I_ Clinical work activities Task type # Benchmarks
Y O —
A ? i VA RN -I:I/E\ -7 /\ / AR ; I : directly relevant
— . /\ (indirectly relevant)
TR R2Y DX vy TR
7 w b n 5 d) # / Write reports or evaluations Administrative 3(0)
Enter patient or treatment data into Administrative 0 (0)
computers
Ef'r*— = ~ - ~ : i
°® [ Kfﬁ,i - z\\ d) j( :§ 7’ E L 7’ -(' L\ 5 E Develop treatment plans for patients or ~ Clinical care 0 (0)
A 7/7'7_ — d\ —~Jl=V- d\ o clients
L E /J ~ Y i 1 t S % % — & ;I:q EE 7 Prepare official health documents or Administrative 0 (0)
ENRNEBPEET —HEEDY woas
Verify accuracy of patient information  Clinical care 0 (0)
7 =\ -a— W N 9: 7 7 L i ‘ i t /1/ Schedule patient procedures or Administrative 0 (0)
|:I % I:l:l: 1@ 5 /\ / appointments
< -_ . Process medical billing information Administrative 0(3)
a: r; fj: L/ Z 3:5 b a E’I:I_ '7k IE iE L - j:D\ cj— 5 é Inform medical professionals regarding ~ Clinical care 0 (0)
S AA 7/7-7_ — - patient conditions and care
——t— Sk —— B3 <7 v N Prepare scientific or technical reports Scientific 0 (0)
HERHE EEBILTBODHFLUVAF i
Verify that medical activities or Clinical care 0 (0)
SN operations meet standards
~
; ’; d) T/E }ﬁ 75\/ \g K 73\ 5 Review professional literature to Clinical care 4(9)
maintain professional knowledge
Order medical supplies or equipment Administrative 0 (0)
Process healthcare paperwork Administrative 0 (0)
Gather medical information from Clinical care 109
patient histories
Process X-rays or other medical images  Clinical care 9 (24)

> ARAS:
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Wornow et al. 2023
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» REEARNDLLMOEADERIRE DT DEMANRIERZ 555t

’
Metrics: Ranking-based metrics for prediction tasks (Top-K Recall/Precision/F1, NDCG, Reciprocal Rank, etc.); HELM or
Better predictive Med-PaLM-based benchmarking for NLP tasks (calibration, fairness, risk of harm, scientific accuracy, etc.)
performance R w 2 ’ 2 :
Justification: Almost all clinical workflows are capacity constrained. Thus, what matters is not the overall accuracy of a model across an entire
population, but rather its accuracy on the subset of patients a hospital has the capacity to treat (e.g. the model's best K predictions).
|
[ Metrics: AUROC/AUPRC/F1 @ K training examples; Zero/few-shot evaluation; Labeling effort avoided (USD, time)
} v Less labeled data

[/

Justification: By allowing models to achieve higher performance with less data (e.g. better results at lower values of K), clinical foundation models
can substantially reduce the labeling burden of curating datasets in healthcare.

Metrics: Cost to train model/generate each prediction (USD, memory, FLOPSs); Cost savings from avoided IT integration/
Simplified model maintenance (USD, FTEs); Data preprocessing avoided (time, lines of code)
deployment Justification: One of the biggest benefits of foundation models in other domains is that they have substantially lowered the barrier for building
R Al-enabled services by offering predictions via AP| as an ML-as-a-Service (MLaaS) offering.
Foundation
Model
Benefits

Datasets: Tasks which assess novel clinical use cases (e.g. insurance appeal acceptance rate, SOAP note generation accuracy,
L clinical trial patient matching success rate, etc.)
Emer gent_chr_ucal Methods: Clinical workflow diagrams that connect model outputs to users, actions, and outcomes
applications

Justification: To prove that clinical FMs unlock use cases previously infeasible with traditional ML, researchers must clearly define such
applications and evaluate FMs on their associated outcomes. Most existing tasks (NER, readmissions risk, etc.) simply rehash well-trodden ground.
|\

Datasets: Tasks that demand multimodal reasoning (e.qg. text, images, codes) to achieve state-of-the-art results
| % X . Methods: Ablations on including/excluding different modalities
| Multimodality
\ Justification: Though many datasets already contain multimodal data, most evaluation tasks are capable of being solved using only one data
\ modality. New tasks should be developed that explicitly require demonstration of multimodal reasoning for high performance.
i
\ Datasets: Tasks that use "prompting"-based inputs; Tasks focused on active learning capabilities
Novel human-Al

Methods: Observational user studies (SUS scores, user satisfaction and engagement, human feedback)
interfaces

Justification: It is impossible to know how effectively humans will interact with clinical FMs without actually observing clinicians interacting with
these models. Such studies must attempt to replicate the underlying clinical workflow as realistically as possible.

OU2027
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Thirunavukarasu et al. 2023

« ERICEITBLLMIGADOERMAFRIFITE A CITTHNTWVRWZ®H. =FTHY
R (EFH) %% 3REE LIRAE S 2 Tc D DB RHAR MR KRO 5N TS

» BANICIF. XEDOE (BUWLZmEFMHINE) . EEMER. BEVCEMD
MEBRENEZBND

s EFEZRARDHORINSDH. LM77 TV Tr—2 a3 > OEAOERNMRNL S
WCCZIGET D EHKRHEND
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Minaee et al. 2024

LLMOFERICEITTCEREZ LR D 5 DICEE

e RNAE
B2t - XK 7% (Distillation) GXickb. EOE=tL. IR MEIMRASNZIETILA

T—XTUOFvDINSHEA LT TransformerBh5DFEE (Mambak & DIRREZRIETILA)

RILFE-HI THEXbL - EHR - BEREREZHEAEDOEIRELEOISVETILA

LERFEORERE NERY — L EHABOELLMDYLER « /N—Y F+ 51X

t¥al) T - REEANDER B RYIRE H 5 DRAE. RIEREN /N1 77 A DXL
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i1/ R=2 3> 0=2B0H L&

The Gap Between Al and Bedside (Olaye and Seixas 2023)

ARZ—LT v TITHhBEEFTNZIAM /R—2 3> FORMAERKIRGICEREES TN
BZREICELD v v SICDOWVWT. UTD4DDFEXEITTWLWDS

1. BRIV RATLOFETOLXICEY A - B

2. B L WRHIPRMERAFICEET SR K

3. BV AT LORZETOLRICET 55RE

4. RERCHERLIG, X2— 7y TRIOZER A
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» JOYT7HCEANEHREZUHRE. BAABHRDIEEE (Krad) HLLM
T -EXRHESBEZFICEABHRE M (B=FRM) LLcCRadh

o 7577 FHIS (Q&A? 53) BEZEAT 5. T—ERREESBEEZIEANE
$E%Hybj:&b7‘c—}~ \/\ ’ﬁD\ 'ﬂEAlﬁ%ﬁ@Eh_:%ﬁE'f/\ L- nxé L@L\ (\:_ Z_W’Lé

77 R —EXDFEN. KAODRENKRELRE=ZRMICZHTIHNESH
IF. 95O R —ERZREITBIFEEBICEVLWTEAT—FZERORS i
STWVWEDHESHDYITOREY BD£Y, UK TV R —ERIZHEHESE
H HEEAT—RXZEWOFPHBRN B> TVBIGEEICIE. HZEANIGIRE
WEEEIIBEAT—AERELIEZCICIEBRSBRVD. [AADEE] #1835
WMBIEHD FTH A

EANEREIIREEZEDEAT —2ICEHT ZNAET—EXDED LY (Q&AT-53)
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BAT—2=za3CT7OYThe AL, SREAT—2HEXTOV T MINT
BINERROHIUNDENTERO HMbONB5E. SXEANGRIREEE IXE
NBEHRFREEDREIOER TSR BZAEED H Do

A Y —EXRDOFBICEH T B FEMEEFIC DT

OU2027

EI3HVEFOHEOEEE


https://www.ppc.go.jp/files/pdf/230602_kouhou_houdou.pdf
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