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IMPROVE REVIEW EZRRE-IEERS

GPT HARXMETE BTILHIR M

F % BRE B
FEETREROERAR
IARRSEERE ERRRERAR

BE

GPT-4 (Generative Pre-trained Transformer 4) 2 Open Al J& T GPT RIIREMEFNMR, XB—FARZIESERE (AL
BREGNXAEN, HREXE) , EEZUNFATIRIE TS5 ALK THLEEEBEALKENEND, XERBATE
BEAR ARV IR BTk A A ST F SIRIIARIRVIERR, IBEANFRBZHARemENRTRMm, UNRENTERMHENERE .
FEE BRI A SREF S (Deep Learning) IANERE, BRIEEYEFNETRRMHEEMR T BEMNSESEUE, e
SFR. WIEMHEHABATEREERE (Large Al Model, LAM) TEAEX GUSAISRIRIRM 7 RSCE G, SIHEN, NEFERTW
M=, GPT RANHIART ZEEBA Al KEERNA, HAFECHIGITHERTHIERERE. 5—FHHE, GPT RAREFD
FEREFIERAGEENRERNA ©, UHREHRERS. BERASEFTEENCENTIRENER. AXEEHRR
GPT RAMETFERIT U AR EMERRMN, HWEEET(E S NIUSNETTRE S RANERHAT T HIMEND T 5ITIE.

REABNER, EFVMEABREBFRAERSL (Electronic

N §|_=\_
- Medical Record, EMR) REIEERANTEBFH. Sit
[, EFEERS, NEREEARS (Hospital Information
1. BENAE . ;
System, HIS) , IE{EE R4 (Laboratory Information
11 EFEETLNEE System, LIS) , ®&UIEF@EARS (Picture Archiving and

Communication System, PACS) H2EI T ZRNA, KMTHR
BEEITNARZBNEIEERSNHE, X—MENBERZRS
¥R AT AR —B0E, SUETRRNSERNR, MM
E, EFERAFRRRIEEETNBET . AR
BMEA, BEUJUBIRLATAHAITNY. BONRNETF
WFH%E, FRBHMETNA (mHealth) FIRRM, BENE
E R LUBRS FH S TR RS S nh B F i & M st Bl E
ER. R—MEBNETRRRSETRSNIRMEMERE, &

ETERUEERESTEN. WEE. MESFERNE
BEERAMEEETITI, MMESETLFNENETRE, &
RET R EEMA. BT ERTINARBETESNE
IIE, REMEMESASRETHIENBE T ERMZ
PRIt ENEERENENER (INER, 15, Fig
%) o Mo, —EREANEFIZRMAFBFFREF K. X—
MERRY BT B EIRICRNEZME, REMEEENNER, £

O REFIREE—MHABRARABEHEEESR, HEFIFIMERETF, BLUAALAILUERNESEHR, RERHLE
RUELIRER, fRAELEXEMReYUERRRITAHNINARZE EAL.
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RETRRNATESY, TENME, EFEEMNERERT
BEFRREIR DT BEIATERE (Artificial Intelligence,
Al) , #2823 (Machine Learning, ML) F1BEAIE=IE
(Natural Language Producing, NLP) FHAK, Efrs 8L
M7 IZErEEN. FIESRAAIRRINEZ R A, thoh, X
BIBRATETIAMNA, IEFBETUN. FITRERRAA
MATE, WIS T EEMR. Y5, RINEESAERD
MEE, EFERUREHR—PLRE, SIMEMMIMEAIEEEK
HWETIRS. BEFERAY, ERRAFMAGEFESHIE,
MEUETIR AN BEREEERNISHAAT A5 o, 8
BEETNBRATEEFAR, REINGNIFEEMERIEEER
F, GPT (Generative Pre-training Transformer) FARFIE A
TEERAEBREE,

12 GPTHRAMMESERE

BEAFREESENIERENMAMEERIES R,
Al EEBEHXTWNBERIBSEM (Natural Language
Understanding , NLU) #1 A #1 3% & ( Human-Computer
Interaction, HCL) BHT—AFW, &E GPT-4 WHILA,
OpeanAl FF&# ChatGPT B8 #im%. MERA. BENIREN
BERREE, GPT RAERN—MET NLPWATEEERA,

AXEHMEERBEFNNDXRBNEREIEERR Lo HR 1
BIFl, GPT RETHNRMMRERIFIIESIEE Transformer
MEZRCHRHE, EAATIEEERIRHITMIISE, Bidi

FIRIBRFEESHITHE, FEESINERESREESE
EVS EERIMEEIRFY, 2019 EHHM GPT-2 FIATEX A4
. WE. MF5REELMS LBTRERANGES, 51K
TTIzREs, BRFEOEBENEAXK, OpenAl &1
FARAFF R GPT-2 MSTEREY, 2020 FATH GPT-3 #HE
1750 2158, BYNER ERANESEE, GPT-3EEM
BREEAEAS LR TS ARBBENRM, (U@ 20
KBTEEARTES), ATESEHRTEBIINGNERT, ERK
NESMERNXALER, GPT-3 MEIIFEEESEENE
BHENT —MME, BEREERTRAETESERT
SHMERED, S EERE—TRYIN ChatGPT 5127
EHAMRMELEH, EEHEEN GPT4 RTERESZ
5, EXRBEASEHRIRTAMAI MRREBHEE. HIE. WM.

EF. R VEFENENITAMEERNES. EREXE
EEHR, GPT-4 BMAEEIRAMIEIRASAKE, HETRET
LARTRYIERL, @3 ChatGPT. HAEHNKIFALMENBNIEREX
—REIBERIMREN,

£ 1. GPT AN L EHZ

Bt R HER =M

20174F Transformer | RABZXENNE, EERETHEMEBENIEKIERKFIDRNEESN, KERAIGERE;
2018464 GPT-1 EF TransformerZRigiEtt, EZMEARAESUIBEAS LESEEN MR,

20194 GPT-2 MEELGPT-1TERER, ISR EIEEMIERE LEE TRARH;
202058 GPT-3 MAEZALNHR FRARIESHEE, HFRANMEESIR T ZRMRMELRAE;
20224F118 ChatGPT | GPT-3MIERE— &5, NAFMALIER;
S02aEa - OpenALR HERHGPTRIIER, M ESKIAZR— M BEERIINRIATNES, BiEtiBEE

B10H1Z2 M58, thChatGPTEAB Z iR

BIUFIEE, REH GPT RFRELGITME. 14H5ER
SR SR, GPTRABNES KRN AT ERETES
kT EXRMVBMML, HWET. BB, RAFIEER
A BUEBHHEFMESESEFEEEZNEM, ART

2 [ x#SiE | Article Reading Guidance

WHRTSMEATR, BFE:
1)  SESEIMETALA;

2) REREBSHSHE,



3) REXESSHIHE;

4) TRBEMSERCESFS.

2. HRWENSEX
21 D GPT BAREEFERTIHNNESG R

GPTHRABFHRBANMEE, AFENETESTUL~ET
SRARAE, BTFESHEESEDANZEARNEN, R
SXHENBAmER, UNEIENEHOTAE, XEHTER
BESEWENER RS, EPREENRTTEF=RE
B E, DHABAESIERERERERSR, MRESIRRRR
SXEFRSENIRARRHARAX = ALMIR (FEHE) BEER
%o

B, BARABSERERSRRRAX—XFRAS5BAE
SHEX, FERMENTMMEUNRARSEEANT LS R H,
LW FRA RS KIFDERZFE, TRERFEFS, H
FHUBRARMAZIHIR, ARFNHENTIHRE®. MM
AIIEESHEE (Large Language Model, LLM) HFEHIEAX
WBEAESERSEMESN, ETEHN=YREBSSII TR
EMS SIS R, SUBHRTIRIE X iR, BB BTh
WERESE, BEENE, XLERNNEER, HAFEAEE
¥}, Zero-shot, Few-shot™ LUK —LEfE &K BAB S IREERL AT
LUREIELRRGFURIR o

HR, BHRNAIRES RRRARZHERABERAAL
FE, MEFHIE. IGFRIEMMER SRR, X
B2 RN ERBY 2R F1, MEAEMEMH, BIMNTEMNEIRER
FRAHER—, MHSRLEEN, TEREEFEZRMI, LLM
S A EIRHARATRE IR AT B T HIRERGNIDE, MEA
BERERMAERATHIRENR BEAN Y, [ LLM B
BRENRM T SREEFZIUAAT A RIBEFEN AT, B

IMPROVE REVIEW EZREEE- LR

=, AILUEE ChatGPT BIFFIRAEZE LangChain ®ERFITH,
UKz ChatGPT BYEF Zero-shot $HEXAES], IGRIGEIEIRENA
BERGENER. B2, LLM XFEENFREEURRE
PEZEREENE, WaRIGRARSZIFSRIER, AR
EORREREE, IMERIRE. IWHIENE— SR TSR
SiEHIRIGRIER,

BE, HIEFEMARSS, LLM NEZTIRTIEX, #
BRRREENMNRENERTE, EEANTENITER
AiREFR (Case Report Form, CRF) BII#EA, FEREMAX
Bk, HRERALEIEFRLC (Research Data Repository, RDR)
ERIEREUBIREIEBTENASR, XTEIEEEALNEEMN
Ri%, BIREREIRIIRER, KREBSENER, o]
LOBIE X X ERAY B chER 1, RISFTREMIFAR A R F .
EE, WABHE Al BMRANEZEGNRELERANS,
GPT NEEEHEBREXARME T IR, BXF HIS,
LIS UK RMSE. k. RMRERSSEREET USRS
FREIRZIEY )\

22 B GPT HANEFERTLLZEBNREM

B, GPT RAWHKEMNETREREFE=EEKRHH
tho B 2017 FESRRE (F—RATERLKEAX X
¥, REMEEH BB ATIERIENERBERMITHS), £
EJVENEEH, XFAINEXNEERERS ABIFHT
EIREH. 72022 FH ( “+HE" ERBEAN) &, #
H—#EEATEREIRANEREETIRE. HIIFS
FHNATERETRHNGKALRANERES, M GPT-Al
RBRIRAERRENTKE, NEELFEENETRERX
BEEMFEEER AT,

O EREFEIR, RHTERREFS), HRIHAEFS] (Zero-shot learning) , MRRE—MREREZ, WFRIT One-shot

learningo

@ LangChain @—# LLMs &S, AFAFRESARESEERROENBEZFMEE, ©EEHES OpenAl B GPT-3 §l GPT-

3.5 #&8Y U Kz Hugging Face BIFFRER REMK.

©2023 IMPROVE MEDICAL All Rights Reserved
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HR, GPT BATEHMHRSIAERRH#NETEEHIT
W, EFERAFNEE, ERETZRESINETALSRE
MEE, Al BEEEETPNSMAEEER, RRELe
b, SEHR. ARMTDBEDLS P ES1EE S BTG
BERERAT, HEMRMEDET GPT-Al WEFTRSM
REAR, SERSICUEELE, RUETAR, BREET
B, EFRPESELNERREATTE. TEUNEEE
TREBRSRE.

RE, HEREMBNNRE GPT AR ANETEEIT
HREAMEE, BRELENATIRKRE GPT-Al IETEHER)
EFARBOXBIENEENTHES, LESHEEBEL
BE, ZNATMRSABENRSG. @8, GPT RAthEE
TRATLRIE, 25BE2RERREE, MBELERT
RIREAEEHHITHERE, BPELTSIOMITHEE
BRIBRRASER. Z—FHH, GPT I@BIFEIKREBETH
R BERA, AAEFRRFZIN “BR2E , hEER
EFPaRUEIVNEFES. GPT RATRSHKRNEE
FEETUIRENEFMAEMIIERE. AN, ERXIE
ABEFE—LEHA, FSOFESETTHITIFAER,

—. GPT HAER

1. GPTRERAFRESHR

GPT 2 H OpenAl HIBAET Transformer AYfRRS 28521, 7£
REENBEEIETIIGMARIESRE, KNMEIRTE
REENEERBNLREN. NEENAERE, BESRE
EXEEFTINBERAXESHNER, FAEEMNET

(BArT A AREFNEE) ERRAFKYSE, FTUNT— 8
ZFREEAEZESESHMNBERS M. GPTHZIEFRE
#&: Transformer Z244. FUIIGRARIE. AFMREIRINL. &£
RIVRE., SEAT BRENSESF RN,

7EGPT REHRA (GPT-1, GPT-2, GPT-3) H, OpenAl
BB RINGR IR SR M B E NS A TURIRFHER A
73, 383 Zero-shot. Few-shot, 4§3I2%E Prompt iER T, R
R BRLF, FHEMELBERARE, NI THBERES
EEIEMRMEREE ], Eit—F M, Open-Al ATIRAER
ME, M GPT-35 FIASIAALBUFIEAR (RLHF,
Reinforcement Learning from Human Feedback) #1{Tilll4k, X
7 EET AL FFURIGIEN 28F SRS BIFHIR. 7L
HER, ARNEERERFMALSEDFNAR, 8
iR E % (PPO, Proximal Policy Optimization) i
1A, MMEREEE SRS ALNELT.

4 [ x#kSig | Article Reading Guidance

2.  GPT&E&TENMA

GPT AP GPT-31EA—MESEMRE, TETXR
NEEBYNARE, BATUNSRENRREESHITES
FIMES, HITERIN, BHFENKRERENTUENE
IR BIERRS RIS IR T I 2% E, b, ChatGPT
M GPT-4 WHIMN FHESWATERERERANS (AIGC, Al
Generated Content) MARBEEE X, 5Ital Webl.0.
Web2.0 BIEHY UGC (AFPEFAZ) Ml PGC (BUEFM
&) H8th, KRAIEENBRNEN AIGC, BH—HHNEE
EARNEE, 2% Al =l EFRFEEATM, MolEY
SREVEIRMBEAL, EESRAM. RIESRATERITEN
KBRS AN ELN, FLt, EFER GPT-3 #HITEHF
RERNALEEREMAMBIIGR, A, EETRETR
R GPT BAMAR—MNIMIIER, A RHEEENE=
THEOTH, WETREFEPES GPT HAMIMBE UK
AR RS SRFTEIGAYE 2 T A SRk 1T T iTE 2.

=. GPT EETEERKPIIRA

1. BEHBSRRH 2

X2 GPT BAEARERFN— ARSI MBI, B
INBAEZIERNEG, SORXEAHERSHEES,
GPTBINABEFZNXMRARETIREHITREEIG, #
TREAFEERBFRRICEF. ATEERBERBENR
B A TE IR SIS R A BIBERFRE S, ATLUE
BERIHERARS RIFVEIRILMAETIREER (human-in-
the-loop model) 13, & EimitIGKREIPAMEER EHR R4
) GPT-3 AT, Lhoh, XAFHEIREEMIAEAR
A GPT-3 KA, LURSHAEMIENMENE. SIHtF, K&
BEHIENINIE, AIRREERKIK. BAKRETHREEX
BN, HHEERBERMERR, KW “Al+ TR WE
BX, RELMREIERE, BE, GPTRANAEEE.
SN TIRESHELISHEE], MRAETKFE. &



AME, GPTRATERX—TENNATEEUATAAE:
PRI, WBIRARISET. WOEMERR. mEBEE
REIA. MEARTEN. FEITHS KPS, IRRRAE
X5 BERHIRRE. IR BERIMESESE,

2. EEXENESHTHE

EEFEEATEF, MAANMENEZEEMESRK
PIEREHBIRG. BE. EREFMIERATHA LSRR
B—MEHXENET, EEENLE, MEAREBESRE

(Large Language Model, LLM) B9AXE, L& EHR
PubMed ERNHEXXARENEE, ELRENART
BioLLMs B9, EIM Bio BERTISHfEH LIS, —PFFAIE
B BioLLM ESMENEZXAIZREES WMEMEFS
KAIRG) ERRWEE TRARSSENKE, FEREN
BioLLM JE FHE—AZHY LLM X744, B3 Clinical BERTMI
BioMedROBERTal'! | Med-BERTY |
BioELECTRAI®! | PubMedBERT!® | BioLinkBERTY
BioGPTEU ] Med-PaLM, FRILHFH 89 12 NS ¥
GatorTron®UEAY F£Y 820 {ZFRIIGARN A#TT T Fulllgk, &
Iy KRR LLM EL2SBAREFES ESHNEH, 1§
BN F—LERES, MEFZRBEIZMHERE, HuhE
NEE, Agrawal E ALK M, RIEW LLMs, W
InstructGPTIN GPT-3, A LURIFHIIRENIGARIZS. AT
TRIEBEMNAMFRMIGH LLM X ER AR, Lievin AR
LREEMERIENAE F&EN GPT-35 &%, W
InstructGPTE, LT RREFEEF M EE LRGN, GPT &
AEA BioLLMs EEFIESES LS AMKRRZIMERI, B
TREERTHHIERMANERZXHOENERE . It
9, GPT BEBSIRIERBMAMANGEEHITES. D, 13
X, RELFEEIEET ARERBIERR. EEBERAIT
LRIRE, RETROETNRAIERBAR,

BioMegatron®

©2023 IMPROVE MEDICAL All Rights Reserved
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3. HBmREBEFXHESIREG

REBTRAFNEENBREXERSZ—, HETEE
AEMEEFIRES], GPTHAIAETRIBESHNITIERER
X—ENERS, Peng HAPLEEXEEESLA EMR IR
&, MRT CMedGPT2 REBTBENEMIERNPNETFH
FLUSBEETIE, HMEEERE B, Liu EAFE—IH
HIETF GPT-4 B Deid-GPT RENABIFBPRIRZNE SR, EHE
EEMLETXAPHAANEENEN, R8T XRNERIR
ZEMHENX, NHE—FHRMFAKEI Chat GPT / GPT-4 &
LLM ZEEFUSENEARMET BT®,. GPT EEr LIHIfEH
BIZR. WAPEIR. S, IR EERSETIEMEMY
HIRRESREEEHIXADES, B, EE&T GPT
MR B I, BFA T TIFNE, HRBEELNBIR, 52
UBZEEEZINTUNETRR, MMBHEEEXR,

4. BEBESRELEH

GPT RAEHERERRSHEEABEEEEE.
Lyu FAFRRER ChatGPT ST FIR S ENEMIEMR 2 EHIE
=, UMERANETTAER, WERESHE, REETR
£00, BHRBATLLELFER GPT METERZH, 18 GPT
HHNBIMIMBEIEETIEN, SNEEHIRSENEE
TRERRREHTSE. NREAESR, TREERETHAL
LRERNMAEENHAZEE, EENEHRENIPEZSE
T Al FENTERBINANE AR EEBEREEHER
B, BAEHMEIZWARNHELTIRE, BEREIRKREEE
SHER AT AL, EYERRIEZA, BAIRRZLEMET
TAEERE GPT, FMIZFHCEMIIE GPT ML, LUFRP
RAMBE S

5.  HBaESLESHEMDE

GPT AL B LESMIBENEAMMES ER & EERE
Bo UTR—ERGKNNATR, HAT GPT WMAHhBIET
FA#ITENESRIESHME: BohDECES. ESHER

X SiE | Article Reading Guidance [ 5
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E5EE. BRABESIME. XEBEHERSEE. Shlk
5@, SIEDTERESS. BRI SBNEE. T4
BISENMME ERBISHIREZ. EMBFSEREE
EBTAISRENTESNRERSEE. BEULNAG
5, FATAIUEER GPT KATEBESMIENEAAMNIES
EEABI ZRAE. A, GPTHEMELUAIRALIE
ERITHES B, MELD ITIEEMAL, RRHbEehE—
AR A ARSI B TR,

6. FIRIRENSRIFT B4

REE AR AILIEE! (Large Al Model, LAM) RIZFEARHAVHR
RAUTINGE, FRHOEFHERAEHEETE LAM BIFM,
ChatGPT M4 RLRE /BT RERIESREF EMF S F], HEEENMA]
MATEREERNANBFREELARNY, RILHGPT-41E
BEEERSIN, 5ISFE—SHTEIHIER, X2 LAM
EHE AL ANEE—F, ChatGPT % LLM NEFH
REEA R AT LAFEBY B FIRFERS M F A F B, ATLFAN GPT
FARERIRKEMF BEATER ZHNAESN, BHE
BRIGWHIAER, XHX—a, Mitchell FARPHITT —
BUR I MERRS, RH T — N2 DetectGPT WS SiiNIE, A
RX AL LLM R, EFIEATHIZIF S
HitR T, FEFRR GPT BABEAETTIRMEMSH. B
ERAME BV EIRIRE QI B A 1S, HEIETTLHNARE
FelHT.

7. BRREESHERD S

GPT R LURARAELINIZUE. hEBERE, EET
BEMRELXEEMN T, GPT4 AJUENch R EMREES
&, FMBENERPRIUFANESR, T AEE6EE

FOIE, SERBRNEERENER. EXEE. IFAS
£, EEUUAARNEEIFRAPHNER, KT LEE
BIBB D TF. XIFRAZM T4 LRMWIES), BRT4&LA
WA, UERSEREZLABFTHEZTELLELT,
GPT4 W AERFNFERELAETHAR, TRUFREANGE
itz

/g,  GPT &RABPkELS PR

1. BEReSRAREP

BT RENHMF LR T BT EIENHENBRA, Bsl
BT WREMEMRFANE, HIPAA AR OHME, EEEE
fricxal, YARBREERRINERS. ALIFEEFEERH
BRAFERERETHENSMHER, SIS EUBBEXER
HEFENEER. B, SMHEEETANNETEISEN
HHENHENRR T AEEWIT L MR B FempIsked, E
XEDRMARZEERYE, AEFEREFEANBERETH
B, URREE ZHEAR A ESIEmK BERRE.

2. FASESAERE

EXS GPT FEM LLM BIX—3BERA, RETREHR
HEPERNE SR ER, ERESNERANCENIER
EERXBROXFRAES, MEXFXERAFMERR
BRZENEEXEM, AMIBRETHEXEXR, EX
XX RN EMURAARAERIESR, IR GPT HANRE
SR REAE WA, BAKHESINIGREERMTARIRER
MBASEENXR. A LLM REEEREARAEEK
&, BFEFERES. Ak, GPTAEAEMNE WIZINR
BE, ELABRNEAEETHENZRERZEN GPT &
A, AR Al BEETEWXER, fliNmARBERC
EfERrE, IMREEHITOROISAIEAR, XRHE
ARESBAT I HE, ATFRZEZWEEM~ERNRE, UK
XERMEMETEEREI, GPTANZATXEASR, BXLE
ReFH & B HELE—EABEET RENFIAMO S X ER
GPT,

3. EREHESTENR

EREEE, GPTEE—IMAREIES LIIGME, HX
LIRS RS FEIT S S MR R IR MBI ZIR ENR A X B9i)
BB, GPT REMSFIRLEHWNBEL S HHIR

© HIPAA 2“Health Insurance Portability and Accountability Act 1996"HWEFBEE, EMERFEMBSRAER, RHKIBEEM

REEFRURIFEERER.

6 [ X#SiE | Article Reading Guidance



FmEE, MEFEEREETRERLBOEEEEN.
Korngiebel 1 Mooney™ 5818 T E R4 FEHER GPT MK
i, HEHTHRSHESBUHEERENNR, BEESEE
BRARES, BREVMRINGRIREEEETREUIN, 7
AR, SIANNLEETHIEGIRFEELRIRNRE,
WMIHAGALT ARSI, S MERIGAREEE, HEm
MRBBNERSINRE, EIFARNREREIMIZ
WA, HREEIRKIZRHAM, MRBEBFIIEK
GPT, A rIRER MR ZRVIEEL,

Lth5h, ZBE GPT B F57A AR, Watson HALIEH
BEMAIRRERYI GPT BREHERINLSZ S, BR
BERT, FOBE RN A AR KRBT R R A,
1B GPT FRERRMES TG AR, TOEIET, Wi
REEFBAMEFUNEH T AERRHAt RS A E BRI ERME, &
ME B AERKIENR, 0 BLEUWIF] METEORMHZE 5 BH
XANEL, BHARTANEELOEXS, SEHIERE
EEN HEEXRTFNFAANXSEXNSE, HEEREL
thERREFZIREITNRERE, X TEEIRE AR
M, RMRASSREARGEEIERE, &) GPT WHBMH
BEtE,

. LitS5RE

1. GPT HREETEEAPNRREM

W GPT BENMIREMES, EFLURSMIEMAILEEE
I ENER. BFIME. AARESMESNARERMS
BEHBERIRAMERENRER, HERREMS, GPTR
AEFHFAR—NEN, MEITH T —REEHRrTREMNE UKL
HBIRPEBIART), FERKZHIERK, EHRENNATERE
R4, FATERREN ALNETRE,

2. HEREEE

B, GPTSENEANATIEREETRE, HENES
ENEREARRTSZ, BItBEEEA, BFREIFNHITHNE

©2023 IMPROVE MEDICAL All Rights Reserved
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REY (SEERAERTHKENERT) HEET BRSE
MEFF TR, WTERERRSFRY, FIERENEMIRhEH
TEIMRE, USRAMMEERER,

HR, $TERMLKH EHR RAIVR, GPT FARBEE
RORSESHARIIRA BEERHE, MERIERAESD. A
HERE, —MEENRAARESERAFANTITETA
S, S ERVERESITHEERAENE IS,
HEERMM B ENMEMDS O H TS, MR GPT
EFBHMBONNIE, A, IENEHEFEREEAE

SEIMEE .

&a, GPTEA—MRIHRE, Hil%HZRENERERAE
BANIAREESD, HRENAETRENAHITIIZG. H50
GPT AZ 2B IRIEMEEKN EMFREE (MMAFLERNE
FXE. HRIEX. DERGEMIE, DEESTIESE) #1T
R, NEEBIERH A BEENET IR FRRICRAS
PEERTAANRGIRVEIE, JFETEFREEMAEMAR
BOFA AR HRE,

3. RRERBEZSHANR

XK, ALUMBA. 7. EFW=1"5EaEEEH
D) GPT RAEETEEHMENERE, B, EHRE
H, BESTEEINEE HIPAA ZEREN T ERHIBRENE
ERFAEXMEEHES IS, EEIBERGIEENRETS

, RE—RBRMNERSHH, WREHN GPT MHABRE
&, MRLERXNENESS, ST GPT NATFET
T AT BERL A — M EIREIFTIR. HUR, BiiamE, RAMN
BN AETELEX T GPT KAEANTRNERANRE, HigH—

TENHEETER. RAQBFEEREBMNMETIEH
FOEE, URIEF SRR — S ERS T SE MM
WiE. &, ETHAREEEIRKEIE BFHRARER
B/ MUATREENEERE, RAKEEASHNEE,
YR ERBRRE,

BAEF—LEARELER GPT-3 HATUNE AT B HH™
mF, ERNEEET ARENARNAL, FRESRHIN
o ERRIERD, —BEEEFFREFRER GPT-HANMN
BERIRIE, AIRMENRERTUEEAETNEFANNG, &
SRR FERI—RKEFIVGIRESITHHEFIIR
S, BROETDERAERR, HIIFBESS GPT F
aphE, BEME, XERBNFRERIFETHERLA
BH, BAEME, MRK GPT BRARATETEREMLME,
HERS5ET R EBRMNRREFHE—RERE, BEZM.
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SENBEEEF

A commentary of GPT-3 in MIT Technology Review
2021

MEETFPR 2021 FRARBFEHIY GPT-3 RIE

BEFFREBIMENTHERE NN AMIEERBESIEE,
AIEHE (A) ERABEEFNERESER (NLU) 7
ANRE (HCI) BH—KF. &ZEB#I, B OpenAl Ff
EH GPT-3 IRERSHRL. MIERA. EHRENIE
SIRE, EIFAASNE BRI ASIBRNEUU T
XEREHITIRENNGR, GPT-3 AU FSestthizin A %KM
BRBSEN, BTRAEBE, GPT-3 #HIAARHLE
RS NRZINREL,

BAGPT-3 RERANEENERES], EHEEEAN
BIRAMBRY. 5, GPT-3 RARRERIFHIERE(F
(BRAESER) , BRNSFERAIENRE. 2R, il
A GPT3RAFEAREBNE . BIENAERAN, HEF
EREBN_AMHHN. FRSEBMIEEREEBA
RN EATIREST I, M5, BT GPT3EERARR
BHEREENRENERN X AIIER IS, EEE~
ESFEE— TR RENETNNEE.

©2023 IMPROVE MEDICAL All Rights Reserved

A Large Language Model for Electronic Health Records
NEFRAMENARESER

MIFFEATERE (Al) RFSRMBFNBRFRTRR
2% (EHR) HERERGE, BIGNESRER
HBMBEAESAE (NLP) 2F AIRKNIRNET AL
BEERFHXBRA, AMRKESRENELD, HAp
FlRARFHINFNRRBESRERE 11 21988 (5
—MRFEHE 2N SERELL AR o BRIERE
BABRTZNSENARIGRIE SR N EST
Al RGFI ALY EHR, EXMEARA, FHITFIA
T 900 1ZFMIXA (BB 820 1ZFMEIRFILHY
AR A) MEFIBALT — M AREIRRIESRE-
GatorTron, HEEMER NLP ESHHEITT RAERIT
iy, BIERAESIRR. EFXRIRI B XCAEM)
M. BRAESHE (NL) MEFEZE (MQA) o il
HRT (1) FABHEEN (2) ¥ KINGEIEIEDM
AR FIXLE NLP £5. GatorTron RELKIGKIESIE
BM 111228 BRI 89 2188, HRETAEME
FRNLP £S5 (130, NLIF1MQA B EMIHRE T 9.6%
M 9.5%) , XAINMATET Al RAUNEETR
%, GatorTron #EEIAYAFFMLG hitps://catalog.nge.nvidia.

com/orgs/nvidia/teams/clara/models/gatortron_ogo

Al-Generated Medical Advice-GPT and Beyond
AIERREMMETRIN — GPT KHft

ZER, TRIN—EEBEVAIEE (A) EETRE
TR RIEA, —EATERIATERIN T, REF
MEMMENRETS LT UESES, X517 Af]
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A TEREAREERLELTRINEL, —EABOA
THEEIRERERANIGKREEE RN, T8 A

BAE, MREEFTRATIEENIERE, tilE
BERERVEBATLER, SERERBAIEENG
REERBBIEITRET SENET RS,

Attention is All you Need

ARNRIRFRKN—]

LI HIEESMUNFEIRSRE, RETERE)3
HERBEM BN RIS 2S- RIS BE AN, MAERT
BSEELETEE S (Atention) HEIGHREDETIARIDER
EEER, ASURH T — M HRE 2SS — a8
(Transformer) , [EFERNNG, T2AEEE)I
MBR, BILER I ERENRES LTI RE, Xk
BRERE LEH—%, ANEGESNHITYE, iR
BIVNRET BB R AR R, AR WMT 20147
HIREEIRESHIXET 284 BLEU @, LhIIERES
R (B1EE%) RS 7 2BLEU LLE,

Avrtificial Professional Advice

ATHELEN

REZIWENEREFA? AR, IREK
SFRARTNERNERE L, SHEANEIZ RN
REIEDR, BEAIEFTALL? TURBNEEFX
REENEN, EAFEETWALTHEXRMFIRZ IR
8, TWARBEEFRRZHAIR BRAEEHT
REEHAE W IN R AT,

EXRXEEETRHATLER (A) SIABEZXEREH,
EFEVHNRAHREE— T BENGETE. BE

TUBERERERBEATRIFERXAERNNE
Mo AXEFLERT T W EANBERR, ERXEIN
BIERERRIFHNE. AEZERTWRESEXR
NERATH, WETHI”ENEK. REHRT
ETERET ATE NI ET ZINEENE,
B4R T I ENREXANERNER. MRAEH
BEVREBUXYXLETN, BATMZRE TR, B
RAIZRSINETRNOIESD, XANSELE
WERAENENRL, RHEERHNEENE,

AugGPT: Leveraging ChatGPT for Text Data

Augmentation
AugGPT: FlFE ChatGPT #{TXAiE1E1E

FIFZBEAESLE (NLP) E53H, XA#HEERE
SARE PRI A BB, X—TEMEEF
SNZRPLARE, FABFASNMEEEENE
ZAREBRIK. ZEXMMLAN—DBAN ZERN
REGRHITHERY G, UEIPhR SRR T H 15
MEEER, A, BRIRNXAERELRGEEATRR
REMMEBIENERITIE (RZEBXMN) , BEATEER
REMNBIEERBHNSHFE (RZEEN) , HER
ERE. IREARBEESRENRYER, [Hi2
ChatGPT Y%, HRET T HMIESIEMEES], £X
RET —MET ChatGPT MINXAEIBIEERTTE (B A
AUugGPT) o AugGPT BIIGHEAFNEMIFEERS
MES EARCMEBEX ERRNEE AR, AEXLEERIRE
KA LUBF REREIIE, ELEFINEDEMES
EHKRERRE, SRAHNXFHIELRTS AR
tb, PRIHEY AugGPT 75 iA7EMIRIE EAIE R AR D
A EA BT

© WMT2014 $IBEERMGFITEN SIENRITS  (Workshop on Statistical Machine Translation) MR ™=4, F 2014 4%, IR
LEEAE, HEEETFEXIER,
© Bleu 2 IBM 7E 2002 iR, BFIFNYISERFESHIEN, BEEMTFLSTM, B FBEMRAITFRHLREEENE
EE, ARFIPE 11 5 Bleu EHIEIFHE,
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BioBERT: a pre-trained biomedical language

representation model for biomedical text mining

BioBERT: ATF4AMEEXAZRENTINEENER
BEERRER

MEEMEFXEHHENTRILK, EMEFXEEZRE

IMPROVE REVIEW EZREEE- LR

3 (SOTA) . BIoELECTRA 7£ PubMed 1 PMC £ X
BT TRNG, EIRREIEE LthRMBIEET.
BioELECTRA £ MedNLI EEY{E 86.34% (EHEKIES
1.39%) B9%T SOTA 5318, 7E PubMedQA ¥UES LEVS
D1EH 64% CEAEIES 2.98%) o

9. BioGPT: Generative Pre-trained Transformer for
TITUREEE, BERABSLIE (NLP) RI#EF, . ) . L
Biomedical Text Generation and Mining
MEYMEZXHPRENENEEELFITHRA
RNERR, MREZIMER T BEUNEYERE XA BioGPT: HFAEYMEZEXFEMMEZEAE AT
RN ER, AT, B/ NLP HEBNATEYE SR
FXAEZRE, FEEFEFTRMABRNER, XEAN N .
- X . - T = R R E R A B AE S M E AR
TAC 5378 OB A U AV IR EE E TR E M EFIBEE, o e
o T : 1), EEMESTESIRT BRESHXE, BAEES
AXHRT RESIANBFUILRIESEE BERT dNfMiEMA .
o _ \ FENTNEEREBEAR S, B BERT (RHE
FEMEFER, HIINET BioBERT, XE— MY
~ T o ) A GPT (REZH) , D HBEEENE
BEMFMNIBESRTEE, EAMEEYERBREL ) _ .
o ) FHREFSH T ZHNMER, WM BioBERT #
#HITT . ERRESH, BioBERT HIZIG/LFRE i .
\ o PUbMedBERT, BIATERMEIIMN TR EMESES
HEN, SELEYEFERE L#TMIILE, / N
N LES T ERMIRTH, BERETRZEMEES, REITH
BioBERT EERMEMERE X AITIEAESHIRIMEAR L - ] !
. . \ . N FSEE. AAXAIRHE T BioGPT, —MMEHXTHEE I
83 BERT MUIAIRCHAVER, 2R BERT RiHM N
T o MAERRBRIESEE, EAMENENES R E
BES LUER M IISANRY, EEUT=MERNE o o
o o U BT T, BIVEAMENES NLP 5 EFET
MEFXAEZRESTHERTEN: £EYMEFHESX . o
. N BioGPT, FERAANRIRATERSHES LR FUEN
KIRAN (0.62%H F1 B¥IRS) , £MEFXRIER
_ ] 1RE), 4557F BC5CDR, KD-DTI #1 DDI Ml EIiR*< 3
(2.80%89 F1 N¥iRS) MAEMEZRZBRIE (12.24%
. REVES LD RIENIG 44.98%, 38.42%71 40.76%H) F1 15
B MRR 28) . RITNDINERKA, TEYEFE .
. . 43, 7E PubMedQA LE15%] 78 2% EHER, liET—1
KBRS BERT BB FIRME RIEMES Y i o T
& WRER. BNXRFXAERNEGARH—FIERT
BioGPT EEMEF M LM, BALEMEFRKIE
BioELECTRA: Pretrained Biomedical text Encoder SRR, ABEITE https://github.com/microsoft/
using Discriminators BioGPT Wik E3#%3,
ERAAFI B ERIIGNENEF 5 10. BioMegatron: Larger Biomedical Domain Language

RIATE NLP FU))IZREERE /S R BRAE, BEEEMX
AEREESENRABETHENNRE, BRITNA
ELECTRA A “B#ARicN” il A, FA
EYEREXEMDCMETTNEEMEFIESEE, &
XSTBT BIOELECTRA, — MISTEMEZVHMIES
{miDesiEE, fFf ELECTRA ERATEMEZRMH. &
BLURB ®#1 BLUE 4#IES NLP B4k BITEEA18ER
A, 7£ BLURB E4RFE 13 MUESEMN BLUE B4
FiE 4 NEFREIESE L, BIOELECTRA £ 7 NARREIM
NLP 5 ERRIMATF LRTHIREL, K5 T RIHMIK

Model
BioMegatro: KE4AYEZTUHESER

HWEYEZMHESREAERANX—AR, KA
EEYERXA LFIGE S RATEYEF RN
B4 FHEEAME X AIER (AEEERMNEE) &
NENBESHEERNETF. AMASHRIEHRERAN
MREMENMHESMANREAR, b, WHFE R
RERAAR B LT RE. AXEIERRHITET L
MERER IMUEIE S A RERIREER, NFIMCE. &
BRI FUGRERIEMTERS, BR 7T ERANS

® BLURB BREYEZESIEMAMIEEE (Biomedical Language Understanding and Reasoning Benchmark) B9485, Bl BLURB
HIs BN, S 13 MFTANEIESE, Tk 6 M RRNES.
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11.

12.

13.

14

IHIERE _ BIIZRAY KRS BioMegatron 1REITEE L FRY—
B, BABTFRITNMEIES RN ANER, T
BEREIRG. XRRMBBAEENREEYES NLP
B4 E, BRTHUERAHERE (SOTA) MR
B, AT S MAE A E httpsi//catalog.nge.
Nvidia.com/?filters=&orderBy=weightPopularASC&query=

#0 https://github.com/NVIDIA/NeMo %15,

Bleu: a Method for Automatic Evaluation of Machine

Translation
Bleu: —# BRI ENRENFHNAE

M SFEIENADTEERER ZMSHEN. AT
AIRER B/ AMBEAFUTN, BESNEITRES
ERNAT, IIRH T —M B SSEIR T X,
BIERRE. BN 5EBESEX. SAITGSEM
X, MESRBITHLRRAER. BIPEXMTTEME
NG LTH RRBEE, EREREIINERN
RN E=av S

Considering the Possibilities and Pitfalls of Generative
Pre-trained Transformer 3 (GPT-3) in healthcare

delivery

RiTERNTRINEFFE LS 3 (GPT-3) EETIRSFH
aIEEMERRRE

BABSHITENNAESSEREESR, BESEE
RTINS K2R 3 BRM, AILKEBEHASAZ
EREARNETREBEXNERP. A, TEE
GPT-3 MEMMNBREFBFSREMEXNIFE, FE
XA REME R T R BB RIRER, X HhHANEE
MATHEELRFETRXTERERAESLENAN

JIZa

—ENSMERE,

Domain-Specific Language Model Pretraining for

Biomedical Natural Language Processing

AFEYEZEMAES MENRE R ESKRETI
%

TR ARBEZIESHEEY BERT, BEEWEBAE
SAE (NLP) ESHEET S AMSRZBIMR. R
M, REBFNETIEHEPDERMHBIEREL,
WEFEAMNSE, —MEENRIZE, BEREIEN
TRt AT UM — AR UAYIE S B AR, EANXH
B X—RIRREE THEL, REAWFRBFERTFIE
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14.

XARME, NEMES, MEFBRMIIGESHES
EREMNABAMENESHEHREATH, AT
HXTEE, KITKNAFRBIEESRRES T — 2|
HEMES NLP B4, HITHRIORAE, FEMHIM
MERATZHEMES NLP ST T 7 IBSMER, 5
STLEMAHNER. I, ENNFNRETS
ARSI THRITEE, BRI — 2N
BOENF BERT ARG ZBARNER, FIMNTEerE LA
IR5 (NER) RERAERMRESR, AT EBMRE
YIES NLP R, HITELAMKEZR T RIHNM
MEMBELSHEE, H7E hitps//microsoft.
github.io/BLURB Rttt F8IE T —MAARX 8y BLURB
B (EYEFETERSHERSZ) NFEHNHEHT

%o

Engineering Education in the Era of ChatGPT: Promise

and Pitfalls of Generative Al for Education

ChatGPT NN IEHT: BFHENERAALE
BERY T BFRERE

TRRYBEEFMEAR, UBRLEFNRARE, #HE
ITETITHTEUNER XN ERRNEA
REEREMIATERRA, 1 ChatGPT XHERIE,
ChatGPT BRIEERMMEMMBRNFEIZE, hFEE
REERUBRBRIER, HASNFEICNENENE
MRS, AT, ERNELEEERXTRANBRME,
ChatGPT FIEMAEM M AT ERERLERMENIRIYIZRER
E—#F, JRSTELERE, EEFEMEREERE
Bo b4, EHERERERNATERSSIREERS
ERVEI, tbINFErERT BB WSEER, U
RAETREZRANRATMRES . BIALL ChatGPT AL
ROEMNALERRANIRS ANRZRZ, BHE
G, XRBRRHN—IE. TREAFTELN T FEX
DA, FRARNABEBIRHEEESRE, U
BRT IR MEBFBERTA TS RREHNT
&, FEERERMERAERM.
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From Conversation to code: Microsoft Introduces its

First Products Features Powered by GPT-3

MITEEIEE . RRiEHERE GPT-3 XM~ mI
g

£ Build FREAS L @, WIERAT T H OpenAl FFEH
BABAESRE GPT-3 RepWAFA ~=mE#tThEE, X
REDRAAETTENBNARES T ENABRAEN
BRTHRNBERF.

GPT-3 5B A EIEAI Power Apps 1, XE—MER
BHNEAFAFES, AIUEBEERVERIBEHRMA
—B “BEAFEE HAEERERET WHIRAERL
FRERUNA, WRESEVEFHEFIE. XEIEH
EIFEFIEILRIBEINAERF, £ COVID-19 HlEE
EBRITIOR IR R R T R RN,

BN, HFeYA TR REIREIRITIRER R TR R F RIS R
EFMATEANEESER—MREE, 0 4XE
B ‘%HF FERNTR o RAE—1TEIHIER
GPT-3 HREURMIAIE, TR ARERM Power Fx 2
=X, BN Power FEMFREEES, W “Filter ( ‘BC
Orders’ Left ( ‘Product Name’ , 4) =" Kids” ) o

BRFR, XZET GPT-3 MATERIR Azure® LiE{TH
B Azure MISFIRMUSHFTNERIRLREZ—, B2
HifNWERn e NN EH A ERARZ—, FJLUE
RIS ERYSERRL SRR,

Gender and Representation Bias in GPT-3 Generated

Stories
GPT-3 &R AR AT AR RE

EREARENETRENENCAME, RITLXAH
GPT-3 £MHERMHTZENNMFIERNZ, 1§
& GPT-3 MR AYMRIRTIAR, £ ERES
FENEAMER, ZHABETRS KEMINERE
X, HEMEERTHSENENIEHEX, HEERA
tEEMAREERDNE, RITOMRREL T XEREE
8 EERAARIESRAE R ARERN, M7 ae8
REZIRH R

17.

18.
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How Contextual are Contextualized Word
Representations? Comparing the Geometry of BERT,
ELMo, and GPT-2 Embeddings

EBIEYHNBIRREREHEN? b3 BERT, ELMo
GPT-2 BRANBIJLAI45H

B ERIER AN PIRREBASH REITERN, 1L
% NLP E51357T BEEMNE. 7AW ELMo #l BERT &
BB 1 E T RIERIRE SANXE? §MER
BELREZNETEIBIERIE, HEWIAEAR EZWIE
IERBENRFRIEFH—D? Bk, RITLEW, Fr
BEANERCRITECERCERENEA—BHIEE
BEMER. BRAR—MIEREIEERHRETALLFR
MEENREEBANRZEMNE, BXFhESEM
BELRBERSS, XRALTXREN EEF4ES
B ETSUSERIE, #& LSTM M EEFEEZMES
HERIE, 7 ELMo, BERT 1 GPT-2 MUFREES, F
BRI, —MAN L TXRIEFRERE 5%8745E0]
BUAZIARERS BRORIRRE, XA £ TRIENRIHR
T —LeEH,

Implicit Bias in Healthcare Professionals: a Systematic

Review
BXEFARARREN RS

BR: ARFEERIEERIRZINMKE, SEX—1TA
BFEXRGE (MRS BNAmEmTh. AXHR
TEFASIHEARRE AN RBERIERE

77k KT PubMed. PsychINFO. PsychARTICLE #
CINAHL #2003 £ 3 A 1 HZE 2013 £ 3 A 31 BHf[g)&
BITHEARNXE, BEEBARBERIANENER

© HRMIART 2021 F4& 30, HENHIFEERNANZIEZRR, MEFEEPALELNE I,
O IR Azure EMENETE, EPEEIRNAELERBAEANEE, HIRETERNABRST2RRNAB RS
RMHM—HFRISLA, BIEIX 99.95%.
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19.

EVETEHBENIEXXHNER. WHERHIEXHNEE
XEGHITTHE, UAEESTEFENMAR.

ZR. HPE 2 BXERWIANFTEHRT. 17 BXE
ERATARNE (15 BARRERANE, 2 BABRR
31%) , UNRERF ARNIRE. 256 RXEXRBTZi
FZERIR, ANEERARBABENERAR
WBE, PENATRENZM. M EREEE
N, REERETARARIARCEF AN
BREEANRREEN—TS%E, MTERBRARSE. 27
BTEARER TR (REK) RE; TRETHEMb10H
fRfs, BHEMER. FRMEE. 35 BXERATERFA
REERRREIEE; FIERTAEXERNRRE LI
ARREKFEHNRENFEREZ BEFEHRENIER
Ko

Wit IHEXRA, EFARKIHNRRREKTESE
[TZRABER. SMBERIEZEUREFARSE
ERBEZENEEERETR T ARRERRNERER
HWIRKREES BEEMNIFM, EAXNERS, &
BURRNINARRES T IAT “HINELPraTT RER
Bt BXRIHERMA, RAETRELEELTAEIEMm2
WAATRORE URIPIEKTE, BREH—DFE, &
R EZ A LRI BIFES, QAEENIESER
AREBAEMNEEZ BEIN A REFEEERE,

it RIMRERRE T BT FERRIAR
REEETREPIFER. FEELMAVFERIR R
TEZNMMR, HENRETREPHARFRENRA
BEHRRESE.

Improving Language Understanding by Generative Pre-

Training

BEYERAMINFRSIESERES

BABSEREENXAERMEIN. RB. BXAEM
MR D KE-RIIFRNES. BAKENT
FREXFEHERES, ERTEIXLEREESHR
EHEAERL, XEFEILEFNINGERERS
FEHRM. HINNER, BIETRNEREXAFIER
ERESRAEATERATIIE, AENEMIER
SHITEFENFE, IEXEES EREERNE
o SLAERAEMLL, HINERBANSERFATE

20.

21

SEIRNBNEI RSB, RRERIER
SEMHITRNNINE. £ ZHBAESIEMAEM EIE
BT HAGENER M. RN —FRESIZEHERMAT
FEAEINIASTESRITHRANENIEINGEE, 7
FREAZEY 12 TESH, B 9 BIEAEHE TR AKTF,
a0, FIVERIRMEIESEEST 8.9%MIBX D, 7T
BRI E S HEIG T 5.7%NENH, EXAXEKSE
ST 1.5%94EXI A

Language Models are Few-Shot Learners
BERRR Y IE

RIEAAST TIERE, TSI NLP ESHEL L, B
I ARBXAER EHITINGMSEESRE, 7
REEARMNNE, EATEEN LBESESTRN, B
XM ENMARTENTH/LA MEEA TR EESHH
RS, SHERMNE, AXBETLUMNLMEIFH
B RIES TR —IAIES £S5, MERIAINLP &
SKERAEZE LMARUMEIX—R. AXBRTBED
FREBESRENIR, KKHESESTXRHN. LEN
MEE, ENESARASZAIRAHNRNIER EHELTE
NE$H, BiEms, HIILT GPT-3, — 1M EF
1750 ZNSEMBETESEE, ENEIERR
BEEREZ106E, HUETHEVHER TR, XF
FrrEES, GPT-3 WNARE EAHEERHHNIAE,
airEid SEAN X AT ERIEEE SO EETR
GPT-3 7E1F% NLP #iE5 LEUS T2 ARIIERE, EIEH)
E. A& cloze £33, UK—LHREABHIERTURE
MWES, NfERSIREaFHER— M NEHT 3
IEHEE, AN, FAEKRI GPT-3 E—LEEHH
INFARZESNARM, HinESAENEEEESGE
KMFEFIER, =ERITAM GPT-3 AILIERMAZLT
MER UK SRR EF R, 18T X—KIH GPT-
3 BRI 2R SR,

Large Language Models Encode Clinical Knowledge
ABRFREAMENARIESIRE

REHEERE (LLM) EEAESEMRNERAERR
HLAMRRZBEES, BXNETMIRREZANREE
RiEE. SRIHMHEENIGFRIIAZABERBTNE
REENBEITE, BEERE —MUERTEREL

@ IAT AARREARNILE (Implicit Association Test) , LARMBSNIESR, @ —FitENUHNDEESRNERZD ERMNE
M) ZiEBMEBKANERERE, Ay MORESESZARTSIAIHTIE,
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FUNABERN 2 ES. AT RRXNE-E, RIHREH
T MultiMedQA, —MNEE T A ME QTR EHIESE
WEL, BETELEKR. ARAERETHAUAR
HealthSearchQA, FVTELIEREF R B HEIEHK
BE. RINRE—MERATRES MALTBRER
HITATITE, GEERE. BHRE. ATENGENR
Fo LEIM, FABEAE MultiMedQA EiF(ET PaLM (540
ZBEH LLM) REIESTHENETA Flan-PaLM. &
WS ZRIETER, Flan-PaLM £ MultiMedQA HIE
—NEEHIBE (MedQA, MedMCQA, PubMedQA,
MMLU IEREE) LEGEREI T RIACHIVERE, Ok
MedQA (EEEFHEBEIRNEME) LiAEl 67.6%H &R
K, BEZHIRIEKT 17% . R, AFTEHIB
T Flan-PaLM REZFHIREER, FRRXNEH,
BIBINTIESRTIAE, XB—MERBRNSE,
BT LU —EESEAIE LLM SHESRIER 37, B4R
RE Med-PaLM RIS AEE, BNLIRKEEE, &
BRIEAR ). FLRENZMEFHIEMEEEAIETNIE TR
TEPERMME, XERELLMEEZFHEERH. &
XHATEBR T YSEUNEERFRME, MRTIT
BRI AEAF R EANIGRNALER S, B#HM LLM
BEAENEEME,

LinkBERT: Pretraining Language Models with

Document Links
LinkBERT: FASCI4FEIETIIZE = EE

BERE (M) FNFRT UM AIER ERZES &M
iR, WETHES. AMMESEN BERT, JAXH
—XHFHITEE, HREEREEX R REIK R
Ho ERXMIMEF, HANMRHT LinkBERT, —dFA
XMz EREE (INEBHERE) B LM TR 5. 4A7%E
—IXAIERE, RITEETA—IXAE, FadiF
HEERXHBIERIERFREE LM BN\, AEARK
MHEMNBREEBRY LM #1774 WiBiEsE
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RANFEATIFR IS X R TN, Ffi12RPA, LinkBERT
ER NI S TESRNRIMAT BERT: @A
M (EHEREENERETH LRTMIIG) NEY
EF9E (EHH 5 XHEERN PubMed E#1TRI
£5) o LinkBERT X3 Z BHEIEA/D A QASSRIER (1E
HotpotQA 0 TriviaQA RIS BG# 7T 5%) , MM
EWES LinkBERT 7E&# BioNLP £33 _Li8E 7HY
FARE (£ BioASQ 1 USMILE X 7%) o FAI7E
XA https://github.com/michiya sunaga/LinkBERT 31k E
KT FUIERIER!, LinkBERT #0 BioLinkBERT AYtE3
FOERE.

Med-BERT: pretrained contextualized embeddings on
large-scale structured electronic health records for

disease prediction

Med-BERT: TEAKIEMLEEHN B FREICR E3HER
TN TIE R ERN ISR

ETREFS (DL) WEFREEICR (EHR) FUIERE
TS IRKRESPRET S NRZIBMRE, ATIXLEAR
BRATRERSMIILTIREMSHEHE, XERT
EIIFEIBREIRNIER T RAET DL MR, RiAH
RN A SRR~ E (BERT) MEXEREE
RIBE A ERURENS T ERRIMIN, BERT E—1MIEE
RENERIBRE ERFNEGRF= 4 TIBB(LATER N, AL
REER/NUEE DIISHNEEREEE, 3 BERT B
%, HTRET Med-BERT, BRI NNAFHIT LM
BERT 1EZAZE R (LAY EHR $Mi%, Med-BERT 22—
AME 28490650 ZRARILEMIML EHR $UBE LFUIGH
ETSCERNERY, AR, Med-BERT AIBIRE
T IR, ERIRK_E SR ERF R TN
ESH, BRERERTEMEZTER (AUC) BT
1.21-6.14%, $FRIRS5E&E Med-BERT HIREFSJER
F8LE, FNZREY Med-BERT 7EEE /NGRS &EM(E
Sohi)IFRIRE—¥ SR AUC, 14815, Med-BERT
BENTEB/NEA M) ISSIREN RTINS, &
DEIRUREEZRA, FINRA TSR ETHS R

On the Danger of Stochastic Parrots: Can Language

Model Be Too Big?
PEBEFENER: EEEEIFSAMAR?

ELEZFH, NLP TR R IR 52
EHREARIESEE, BERT, METK GPT-2/3 UKk

SHREE | Article Abstract Collection [N 17



IMPROVE REVIEW PFAEZEEST

25.

26.

HEE, MzER Switch-C @32 eI E AR
&, )T AJRERTIAR. ERXEFNFERMNRE
ESHIREENTGZE, ARARBEE—RIINES L
FRTRAKT, HBEdRENGEREENHITERS
B, AXHEINBE—FIRE: SAAEKR? SXTERA
BXNTENERMTA, BAARBITLUAERLER

f?

IR EE . BAREIMENVSRE, BHE
RRNFRIFAFAIERBEE L, MAZIEIMLE
W—1), FRFALRIE, GRS ENERFSH
RMFARENR, HFFANEEXENNEL, LUksb
57 MBS AR SRE,

Performance of ChatGPT on USMLE: Potential for Al-
assisted Medical Education Using Large Language

Models

USMLE Zi&f ChatGPT IR : ERARESER
BITATSEBEREETNES

BABHET — B ChatGPT IABIESHREIEEEE
FHEE (USMLE) FHRM, ZEZRXBE=1ZHAA
BR: B 1, $E2CKPMFE 3, ChatGPT 1ER B I
ZI PGSR BERT, ERE=XERXPHRIE
AR EILEE TR, tEoh, ChatGPT fEEARRE
PRUHEK PN —BEARR ], XELERRE, K
RS RATEERNMMEREE, H sk
R,

Privacy-first Health Research with Federated Learning

BABXHR S S o Bk AU RS FA ML S R RREA 5T

EHITREARN, RARFEREEN. AMARE
R T EEEEPAFEEDNEE, EHTOR

217.

28.

AL MR MBNEEARNS, BRFINRTHERE
EEEUERMNBEIEE M AATRE, XERBLS
HRARHTIGR. XERABYFIHERRILR,
FERABBEXEFEBARENRERNETRR. B
E—ARRNRE RN LIS ERARTER, BKIBER
BRI SCIREMAY AR, KSHMEME®I 1, HE®
SinENEPRITERAENER, RNKRERN
AR, BREEERSITERSY. XMTFRE—
R IMATLERREBILFE I S AN B FIRKIRITHRT
MR—BHERRA. RERY., EIESHNEREN
FRER, FEit, EERMASE5EERBRRUAEN
FER, RENHEBENEGRENE B FHMEEN
Ko

Publicly Available Clinical BERT Embeddings

FHREVIGER BERT ERAEE

EJLNAE, ELMo (Peters S A, 2018) #1 BERT
(Devlin Z A, 2018) FiBIFIEMNRERAMIES T
TZBERESAE (NLP) ESHIMEE, AN
HERAWIERE (iRRXE) ERRERELD; o, £
RERSE, E&EAF AL BERT REFTL,
EXMTAEH, BIREMAAIGRN AN BERT &RE
RKFEEX—FR: —TMHF—HRHERXE, F—1 %
MATERENELE, ASOERSIERFERERNEL, &
Y EERREE =N E IAIRR NLP 5 %7
MERE ERBH, XS E IR A REE R ME AR IR BE
S RUFRWAR, HIAAXZEIRFIR A
MERNIEEIRFIES XA ZBERNBRER,

Sparks of Artificial General Intelligence: Early

experiments with GPT-4
BRAAIERENNIE: GPT-4 WEHILR

BTFAEEBESRE (LLM) EEMUEMESHRIY
ERBEES, PREEBRNEEIMIAMNIERE, AT
B8 (Al) FARAR—BELCRTEMBNF LM EXSE
BIMAEXTE. H OpenAl FEMSRINIRE, GPT-42fF
FARIFRRE BT BRI IR, AXPIRET
AT YESESE OpenAl BIRIRFFAS GPT-4 RHARRAS
WiAZ, HiDBAR, (XMRHRRARN) GPT-4 BHfHi—
#t LLM B9—EB5 (B0, 5 ChatGPT F&EHY PaLM

@ USMLE Ei{H % 2 4349 CK (Clinical Knowledge, IEFRFIIR) #1CS (Clinical Skill, I&EFRIZEE) M NEB5Yo
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—i2) , LUEMAIBERRNEEZHNEREEE. WL
THRENRAERHIMEX. ERKRTHIESHNER,
GPT-4 TRERRREEHEF. HIB. Wi, EF. FE.
OEFETHNHAMEENES, MAFEERRE
BiRT. Meoh, EXLELEESH, GPT-4 HIRIEIR
AL AZEKF, BAKEBET ChatGPT FLIFR
B, &TF GPT-4 BRI EFMRE, RIVANALUEE
WRHEMANATEREE (AG) RANEH (ENHF
) hRA, EENIX GPT-4 HWIREF, H3EELZN
HERMY, LT EEERNNELEN AGI RZANE
HE AP, SERTRREEER BRI
BIER. &E, BRITNSERATTERNESZmAER
REERR S REHITT BE,

Training Language Models to Follow Instructions with

Human Feedback
VBT RE LUER AL R IRNES

IHEERATEEAHTEREREFMERAFANE
Bl i, ABVBSERAIM~ERELN, GENH
RANAFEEEDNGEL, ROiEH, XLERELE
S5APRE—B. AXBRT —Mi&R, BiEAXRE
WA, I ZRESHEESRES AP NERRE
—H. M—ITE RS HIIREFED OpenAl API 232
HIRRIBTIA, BIIKET —ARS RFABERTA
FUETHRIESE, FRBREFIN GPT-3 #17HE. &
&, BATRSEREEHHNHER RS, MAAXRIRN
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30.
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BUF SR — S HIAX NG ERE, BT ERE
BIFRA InstructGPT, TEAREATIRTAHITET,
RES#HLT 100 15, 18 1.3B B InstructGPT 1RE!
Btk 175B 89 GPT-3 MEEZ WM, Lhsh,
InstructGPT 18R SR T ELMREIEE Bt ERH
AL, ERTEATE NLP $UBE ERMRERIAR . RE
InstructGPT HARIC— LB RMEIR, BRINEREK
B8, FAAXRBHITHAREESRES AXEER
—HN—NEFENHE.

Translating Radiology Reports into Plain Language
using ChatGPT and GPT-4 with Prompt Learning:

Promising Results, Limitations, and Potential

fEF ChatGPT 1 GPT-4 S IR S8R S EIER
RTAES): AFENER, BREMBEY

AR ChatGPT MY ABUBSIRBY A H S A B9ZRIAF
WIRREDSIRE T T2 E, ERMMARAF, HKITAZE
TEM ChatGPT SRR FIREIZMERHENES,

HRAMETIEER, UWERRKAENNEETR
%, AR 2 B LAWET 62 MEFIZMIE CT fiE
FEES A 76 MNEE MRI 8 THE RSB FIR S,

RIBMSTRIEAERIFY, ChatGPT BILURLIHEMETRIR
SENEEGBSENIES, 7T 5 HIPFBHENR 427
43, B 0.08 AMEBEEK, 007 EB5HEIR. #h ChatGPT
RENBINTES, HB—RMENEXEN, NRENE
£, BYIREEEER, WFEHE 138 MREIFR
9 37%ChatGPT ARIEIRE IR BUIRM T EAEEN,

ChatGPT 7EEIE R EME—EHMENYE, BREEM
HEBCRRENES, XaUESBI¥MANIERRE
fi#o LLSh, ChatGPT MVERSHAHBAIATIREE GPT-4
HITTHE, B GPT4 AU EZRSEIFREMNER
B, BIMERRKE, ThABEFFAARESHRE
BOTH, EREH—THRARLUBRERY, HE
KIREHAZIEE B,
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FEXEET AAPETHNERRBIIGHNABATERESFRE: ERIHIZ
%1k2% 3 (GPT-3) fFA—FMBRSEANFIR

Emre Sezgin'*, 1#+; Joseph Sirriannit*, 1#4; Simon L Linwood?, TRIEEMLT. EFiEt
1 ML HR-FRHARRL, £F)LEER, SHMehmm, BZEMN, XE
2 EFR, IMMNAFMEDR, MRS, MFEEIMN, XE
* D EFEREEE

B=

ERATYIGFFE L RIEE B FHIERAEENTEEE, REARRL. SIFEZMENATERREALL, EMTIFELE
REALFEIFE B RONGEIBTHIT. ERATNIEEKEE 3 (GPT-3) BXNMEENRNRAZ—, BT TIHRTIMIESHE
MAENBENENRE, —LFHFEEXESE. BEERMNEE. FRIESZIEHENRE, URHTERIF. AMXTFHE
ETRERHEHE, BIRTERENNEIRAERNARTNERLE, NAFETENE. AXEENAT GPT-3 REHIDIE, HE
- BOEER T ETEIRRSE B A SRR R E . KA ENEEEE. (1) LBEFRNEERFEMIRE;, (@) B
TRA;  (3) REMRE; (4) ITNER. o, TERT UT=MESNEEETRSERA GPT-3 WERRMERER: (1) BERA
BREREMBNFEER; 0 SETRSREERIEE; Q) BIEZ8 GPT-3 TRMNEAN. X—MRAIUNEST
REMLAZR. FRAR. IBREEMRARERHEER, UTRENEERZANETRETHEAATEEIRNERERL

(IMIR Med Inform 2022;10(2): €32875) doi:10.2196/32875
XEE. BAAESRE;, AT88e; ERTIGELE; RKERSS; BRIEBA

O, SZEIRN ERTMREEL, AANRET BAETE
FRMESHIIERER, TICWME, GPT-3 MARRSIAZEEH,
AESETREMRZAIAEEM, HE 1 F£MEINT 10 &L
E, XEBIT 1750 2 MYER, GPT-3 BREFIERIEINEE AR
B TRARRE; BHIESENIHEHEIEALRIKTE; H
BERERAT, EERANETIESERESHRMERN,

Ju
mi

2020 4, OpenAl Xf T E=RIESEMRE, R
BIERIUTN ISR LS 3 (GPT-3) REW, GPT-32—A5!
WL EREIREE (Transformer) FRIGAEMBNFEBRES
IRITIIAR BT ISRE B R R TR — 1, FEIRER LR T 3 AR

O T 2021 FHNIRAE, HOCREGIER 3 Fio
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BEBLT, REFIESTEREMEHIIGRHE. X
—EXRBERE T REZITUBRNANES. A, BE
REMIENYT K, GPT-3 5ZAIMELMEL, AEERMEE
71, AILGHITATIBR LD EFS) (Few-shot Learning) « SR
>] (One-shot Learning) =X >] (Zero-shot Learning)
e, Pl S 755 R AN 28R B 2 R 89 I4R 50
FIlGE—MRE, EXEFHER, (EE—MESHER, W
RERMIE, TELENEARTRTES, EHREIHRTHE
K E#HITHOEINE, ERE—MERLHITHRRIE, 7
REFEAESHERNHITERIIZ,

GPT-3 IR A—MESEMRE, TEFHRAINE
FEENMEES, RE GPT-3 B LIARAEEFRINBRES
53, EE B = DT M. $FRiE5RIEME0E,
UK BATIER DY, {8 GPT-3 WX AL RBE N E A& MERE
BERRAGRESIRTIZXRE, MeREREH RIS

AR BIEEREE. RIBIRQTASEERITTEN ARG, Uk
BEEXE, Flt, £EA GPT-3 #ITRMNAERNA
FEAREMAMEIFIGE, XAME 1 7 3 MABHEGIHBH
BAY GPT-3 BISESI¥, 121X 3 MEFIH, GPT-3 M T HEMA
KRFENE NRE, BEETRETUHFEAEGPT-3NE—
PHTHANRE,

ARENARXERR T ESMERMET REFRHES
ATERE (A) FNBAIREBENSSY, AW, FE
HIRBRIEH T BRB I ERR TS RFTEIRBIF ST R M SSHE 75 E
BOBkEL, MNERZBEBAEM., BIERREREIFIRIZ Y,
GPT-3 MM E R E R RPTE XL A T RESSERITERR
1%, LUK GPT-3 REHRAEIMEE D, EXMRF, &K
BT —NRBHERNE GPT-3 EETFTIFEFHNA, HiTie
HATIRPRSE B PRI SEEAIR(EE B E T

XAHE 1. ER TG EKEE 3 (GPT-3) MIIRIZEZA!

5%

. GPT-3 =4EHNEE:

XAHE

o ARHIMIRE: “EERAXTEIFHNZL? 7

‘EEWAXTHAEBE 85, 7

o ANEHBRT: “KRERRERENERFITE, HEREXMARPREANTE, EB—MEFETE, REANKH

WFH2Zz—, BHAZAARMEEMITERELSNN 25 F. AERRTHRRIINRARNREZ—, BEF
[rseicdiat, MERGXAMRA. USDMRRGE. MK EE, AENSERMUILE RS T LAIRA
%, MARRTHHASNEEZFTIE=SNBAKXME. ~

¢ GPT3FEMZEE U1 TERFENER) ¢ “REER—THSFERNEKRITE. EFEKX, FEHER. ©
ERTHPHABMEEZFE=IE=0EF. REEWSZIE, HP—FIRELKETEK, ~

— P EIRHBA GRRIE)

A¥E: “AtaXRTREEHN? 7

+  GPT-3HRRMZBEA: “BWFHE, HERERHNPRER
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bl HABE R %
WAHLEAS &
EHR&EFJ)%F;-&‘ " GPT-3{E A —FiR%% \
4 )
| PIpAElS: -3ER AT
: i - T
o __! :
2 1
- o .
Vsl . GPT-3ffit il 55
' EHRAE [CERIEER AP 1 EEE
1
i R 1 Pro—
1
Hiifi NAP1

KEBE
JEEHR K2 HIGPT-
3 “IUARMLE” S

i PR/INEL
\ A

B 1. GPT-3 A (EIXRMBADIZHBALRRELE) o API: MARFED; EHR: BFRERIER; GPT-3: EMITIZREIZ KR 3,

— NMERREA: EFAEREHMN GPT-3

GPT-3 £ AR X AR ER RN ANXIEIER T
8, B3R @d IR AFITHNE, ERINVEGF, 5
BT GPT-3TEERMLTHL A, ERIRVEGF, ERIEE
ANEBRARE—IRNEEADIZG, LU IZPREIFF
6, H7E COVID-19 KiTHRERSIF MR 2 MRS, I
AN BABTEERIERWSE, SERENDIENEHERS
BEE, HAEHEERFRERER (B 1) . AN IERRE
PrEImAT (B , XPEGERT GPT-3 (FARERS
BI—TARSS AY B AY SC T

EXAMIFHR, FIEETURBARERLRR, UHTRE
&, BRI — RN ANGIFHITIRE, ZEE
UREBEIPRA. BEBF. BIEH SMS 585, —BEE
¥, ERASUSBIVERANRERESR, HIREEN LA
OIfRRERY GPT-3 18!, MIIHIE GPT-3 &R, ELXLMERM
&M, GPT-3 T EHR 2%, fE “GPT-3 BIARSS™ F AR
i, WAHREOLIH T EREYE, FHERBERMMNEIE
REIFI IR, —BUWENER, “GPT-3 BIERE FaBtHk
BIERIITIRIE, HDEEETHNES, URTHERNEI
SR, FREEARARAF. PRNESEIBURTIE
R, ERIEGR, BREEFEE. XAERFEXKLE
WMAESENE, URXAERLE, MEAIXE EHR 24, AR
KERTHRRERF. EDI2ERN, XUFIZEEE, MHEX
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FTWEEHR AT RDFEIEEANIHERNERIMER IS, GPT-
INXABITREE CEMTRFULS) HIREFEERANRE
RIERP. AT BRHRBENRILIA, YIEHRSEMY
RALGEEAMEERES, LB ERIRERRE RN
BISRSEIM AR BRI, HEEEmILIGRE S EER
EHR R4AHHY GPT-3 BATIE, I, XAPRIHIREIEMS
BAETLUARMIE GPT-3 RE, LURSHEEWHMENAEN I,

AT REBENKIFRRRITX—A, ETREMLAR
FURERE N E RHARU T RS HES ERIPkL.

KIS ERE R

AEFRAEBRAEAMIZE

S5EESMATERIKRERE, GPT-3 ZRERFRAEE
AE%Z, MAHEEEXR, BFREINFNAITNERE
fr—EREEAER TR KEBA RS T—HETY &
KIMFALFER. WFEAERRZRS KRR, FTREHEENEMIR
MEBHTERIMNURE, LAMRIMEER,

ETHMR, REMETIEGER, GPT-3 BRIREAIRES
BEEA-HRSFKIEZT. WTFRXMWRS, EREZARAFTED
GPT-3 A ERSIRERZ— MRS ER, ZRSKAEIERH
RESEOAERRSR, E 1 PHERKINEER T —1E
MREATERZE. RIREFTERTRE. KMNSTAEA
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ABMAEBRESETE, LIARKRSHAIREHEHEENX
BN 1B,

STERRMLH EHR RANIUK, GPT-3 ARAARIVE
FESANRANERARMIRA EENHE, BBITHE
Fo NHE GPT-3 HEMMIB, —MNEENBISRESER
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Abstract

Generative pretrained transformer models have been popular recently due to their enhanced capabilities and performance. In
contrast to many existing artificial intelligence models, generative pretrained transformer models can perform with very limited
training data. Generative pretrained transformer 3 (GPT-3) is one of the latest releases in this pipeline, demonstrating human-like
logical and intellectual responses to prompts. Some examples include writing essays, answering complex questions, matching
pronouns to their nouns, and conducting sentiment analyses. However, questions remain with regard to its implementation in
health care, specifically in terms of operationalization and its use in clinical practice and research. In this viewpoint paper, we
briefly introduce GPT-3 and its capabilities and outline considerations for its implementation and operationalization in clinical
practice through a use case. The implementation considerations include (1) processing needs and information systems infrastructure,
(2) operating costs, (3) model biases, and (4) evaluation metrics. In addition, we outline the following three major operational
factors that drive the adoption of GPT-3 in the US health care system: (1) ensuring Health Insurance Portability and Accountability
Act compliance, (2) building trust with health care providers, and (3) establishing broader access to the GPT-3 tools. This viewpoint
can inform health care practitioners, developers, clinicians, and decision makers toward understanding the use of the powerful
artificial intelligence tools integrated into hospital systems and health care.

(IMIR Med Inform 2022;10(2):e32875) doi: 10.2196/32875
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performance over that of models built on prior architectures [2].
However, GPT-3’s development was remarkable because it
In 2020, OpenAl unveiled their third-generation language resulted inasubstantial_increaseinthe model’s siz_e;_itincre_ased
generation model, which is known as the generative pretrained  2Y more than 10-fold in 1 year, reaching 175 billion weights
transformer 3 (GPT-3) model [1]. This model was the latest in ~ [1-3] GPT-3's increased model size makes it substantially more
a line of large pretrained models designed for understanding powerful than prior models; propels its language capabilities to

and producing natural language by using the transformer ~Near-human-like levels; and, in some cases, makes it the
architecture, which was published only 3 years prior and SUPerior option for several language understanding tasks [1].

significantly improved natural language understanding task

Introduction
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Ordinarily, deep learning tasks require large amounts of labeled
training data. This requirement usually limits the tasks to which
deep learning can be effectively applied. However, with its
increased model size, GPT-3 has an enhanced capability for
so-called few-shot, one-shot, and zero-shotlearning when
compared to prior models [1,4]. These learning methods involve
training a model on significantly smaller amounts of training
data. In these methods, the models are given a description of
the task and, if applicable, a handful of examples to learn from,
with few-shot training on only hundreds to thousands of
instances, one-shot training on only 1 example, and zero-shot
training on only the task description.

GPT-3 was designed as a language generation model, focusing
on producing appropriate text responses to an input. Although
it can be adapted to address more traditional machine learning
tasks, such as answering yes-no questions, matching pronouns
to their nouns, and conducting sentiment analyses [1], GPT-3’s
text generation capabilities have attracted much attention as a
potential solution for a variety of problems, such as creating
enhanced chatbots [5], answering complex questions, generating

computer code from a design specification [6], and writing news
articles [7]. As such, there is much research on and commercial
interest in using GPT-3 for a variety of text generation
applications. Textbox 1 illustrates the power of GPT-3 in 3
question and answer examples [8]. In 3 cases, GPT-3 provided
human-like logical and intellectual responses. However,
applying GPT-3 in health care is still an emerging topic.

A plethora of research articles have outlined the potential
opportunities for integrating artificial intelligence (Al) and
machine learning models in a variety of hospital and health care
settings [9-11]. However, the authors also quickly pointed out
the many development and implementation challenges to
deploying such solutions, such as the lack of transparency [11],
potential model biases [9], and financing [10]. A successful
deployment of GPT-3 would need to overcome all of these
standard barriers to Al implementation alongside the additional
challenges that GPT-3 itself introduces [12]. In this viewpoint,
we introduce the use of GPT-3 in the health care setting with a
use case and discuss implementation and operational
considerations for its use in clinical practice.

Textbox 1. Generative pretrained transformer 3 (GPT-3) question and answer examples.

Question and answer

e Human-generated question: “What is human life expectancy in the United States?”

e  GPT-3-generated response: “Human life expectancy in the United States is 78 years.”

Text summary

e Human-generated prompt: “Jupiter is the fifth planet from the Sun and the largest in the Solar System. Itis a gas giant with a mass one-thousandth
that of the Sun, but two-and-a-half times that of all the other planets in the Solar System combined. Jupiter is one of the brightest objects visible
to the naked eye in the night sky, and has been known to ancient civilizations since before recorded history. It is named after the Roman god
Jupiter. When viewed from Earth, Jupiter can be bright enough for its reflected light to cast visible shadows, and is on average the third-brightest
natural object in the night sky after the Moon and Venus.”

e  GPT-3-generated response (a second grader’s language): “Jupiter is a huge planet made of gas. It is the fifth planet from the sun. It is very big
and bright. It is the third brightest object in the night sky after the moon and Venus. Jupiter has many moons. One of the moons is bigger than

the planet Mercury.”

A chatbot (sarcastic)
e  Human: “Why is the sky blue?”
e  GPT-3 chatbot: “I’'m not sure. I’ll ask my friend Google.”

A Use Case: GPT-3 in Health Care

The power of meaningful text generation by GPT-3 makes it
an ideal tool for human-machine conversations, especially those
conducted via chatbots. In our case, we illustrate the use of
GPT-3 within a hospital network. In this hypothetical example,
the hospital is providing a chatbot triaging mechanism for

incoming patients to reduce the overhead at clinics and increase
the safety and quality of care during the COVID-19 pandemic.
The chatbot has to be connected to the hospital network,
combined with a triage text summary service that is to be
reviewed, and stored in the electronic health record (EHR;
Figure 1). Putting aside the front-end details in this workflow
(Figure 1), this use case outlines a typical implementation of
GPT-3 as a service within a health system.
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Figure 1. GPT-3 use case (chatbot triaging and patient note summarization). API: application programming interface; EHR: electronic health record;

GPT-3: generative pretrained transformer 3.

In this example, triage could be initiated by a patient or a
hospital to conduct a health screening. The front-end application
is operationalized through a chatbot mechanism over a front-end
application, which could be a patient portal app, voice assistant,
phone call, or SMS text messaging. Once a connection is
established, the hospital system formulates GPT-3 requests by
gathering patient health information and formatting this
information to be interpretable with the GPT-3 model. Within
the secure hospital network, GPT-3 is located outside of the
EHR and provided as the “GPT-3-as-a-Service” platform. The
application programming interface enables interoperability and
acts as a gatekeeper for the data transfer of requests and
responses. Once a request is received, the “GPT-3-as-a-Service”
platform preprocesses the data and requests, allocates the tasks
to be completed, produces outputs in an interpretable format,
and sends the outputs to users. The type of tasks allocated
depends on the requests, which, in our case, are question
answering, text generation or culturally appropriate language
translation, and text summarization. The response is sent back
to the EHR system and then to the front-end application. At the
end of triage, similar to the after-visit summary, the conversation
text is summarized. To reduce the additional clinical burden of
reading the whole conversation, GPT-3 summarizes the text
(similar to a digital scriber) and stores it in the patient's health
records. To avoid or address potential biases [12], correct errors,
and increase the control over patient data use and the model,
the human-in-the-loop model [13] can be implemented by using
a report back mechanism at the front end, or the clinical team
can be given oversight of GPT-3 integrated process in the
hospital EHR system at the back end. Furthermore, the error
corrections and adjustments in the text can be used to fine-tune
the GPT-3 model to increase its accuracy and effectiveness.

To be able to execute this use case in a real-world setting, health
care practitioners and decision makers should consider and
address the following operational and implementation
challenges.
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Implementation Considerations

Processing Needs and Information Systems
Infrastructure

Unlike more traditional Al models, GPT-3 is considerably larger
in terms of memory requirements and is more computationally
intensive. Specialized hardware for model training and
execution—either graphics processing units or tensor processing
units—is required for a scalable implementation. For any
hospital system, additional investments for infrastructure to
compensate for processing needs could be required.

Given its size, dependencies, and hardware requirements, a
GPT-3 solution would likely need to be run as a service. For
this service, hospital systems would need to submit a service
request to the GPT-3 solution service, which would process the
request and return its results back to the hospital system. The
hospital local network in Figure 1 shows a sample workflow
diagram for such an implementation. Such a setup would require
diligent and significant provisioning, networking, and
monitoring to ensure that the services are accessible and provide
meaningful value.

Operating Cost

Given the current state of hospital networks and EHR systems,
the integration of GPT-3 solutions would require complex
systems and high technical knowledge for effective deployment
and be costly to operationalize. One possible solution to ease
the burden of GPT-3 deployments is integration with cloud
computing platforms within hospital systems. Many cloud
computing providers offer the specialized hardware needed to
run such models and can easily handle off-the-shelf networking
and dynamic load balancing. This would ease the burden of the
major components of GPT-3 deployment; however, outsourcing
cloud computing platforms can potentially increase the operating
cost.



Model Bias

Several sources of bias can manifest themselves in a
GPT-3-powered solution at different levels. At a model level,
GPT-3 is trained on a large data set that has many problematic
characteristics related to racial and sexist stereotypes, and as a
result, the model learns certain biases against marginalized
identities [14,15]. These biases, which are present in GPT-3,
can be harmful in clinical settings. Korngiebel and Mooney [12]
highlight the risks of using GPT-3 in health care delivery, noting
specific examples where GPT-3 parrots extremist language from
the internet [16] and affirms suicidal ideation [17].

Aside from the inherent bias of GPT-3’s initial training,
fine-tuning on medical data could also introduce the
unintentional biases present in historic medical data. Practical
biases, such as the undertesting of marginalized subpopulations,
can influence underlying clinical data and introduce bias during
the training of predictive models [9]. Additionally, the implicit
biases of health care professionals can influence diagnoses and
treatments and are reflected in clinical notes [18], which, if used
to fine-tune GPT-3, would potentially affect the developed
model.

Given these biases, it would be unwise to deploy GPT-3 or any
other sizable language model without active bias testing [15].
Explicit procedures should be put in place to monitor, report,
and react to potential biases produced by GPT-3 predictions.
These mechanisms would ensure that GPT-3 can be used
effectively without introducing harm to the patient. In our use
case (Figure 1), we also added a human-in-the-loop mechanism,
which can mandate the control, assessment, and training
protocols and yield interpretable and manageable results.

Evaluation Metrics

Aside from physical implementation, there are methodological
considerations for deploying GPT-3. As Watson et al [10] notes
in their investigation of model deployment in academic medical
centers, clinical utility is a major concern for institutions.
Understanding the best way to receive and interpret model
results is imperative for a successful deployment, and ideally,
model performance should be tracked and assessed by using
evaluation methodologies and frameworks.

The evaluation of text generation tasks, that is, those that GPT-3
is designed to address, is notoriously difficult. Standard metrics,
such as prediction sensitivity and positive predictive value, do
not cleanly reflect correctness in text generation, as ideas can
be expressed in many ways in text. More specialized text
generation metrics, such as BLEU (Bilingual Evaluation
Understudy) [19] and METEOR (Metric for Evaluation of
Translation with Explicit Ordering) [20], try to account for text
variation but still only examine text at a word level without
capturing the fundamental meaning. Methods that do try to
incorporate the meaning of text in text evaluation rely on other
black-box deep learning models to produce a value [21]. Relying
on a black-box evaluation method to evaluate a black-box model
does not increase interpretability. Such a method would only
result in lower trust overall and thus decrease the likelihood of
the model being deployed.

Health care-specific evaluation methods and frameworks for
text generation tasks are therefore needed. The development of
more robust methodologies for evaluating text generation tasks
in the health care domain is required before the significant
adoption of GPT-3 technology can be achieved. It is imperative
that data scientists, informaticists, developers, clinicians, and
health care practitioners collaborate in the development of
evaluation measures to ensure a successful implementation of
GPT-3.

Operational Considerations: Compliance,
Trust, and Access

In addition to implementation, there are 3 major operational
factors driving the adoption of GPT-3 in health care, as follows:
(1) GPT-3 needs to work in compliance with the Health
Insurance Portability and Accountability Act (HIPAA), (2)
technology providers need to earn trust from health care
providers, and (3) technology providers should improve access
to the tool (Figure 2).

Similar to GPT-3, there was huge enthusiasm to use the Amazon
Alexa (Amazon.com Inc) voice assistant in health care delivery
when it was released in 2014. However, at the time, Alexa was
not yet legally able to store or transmit private health
information. It took Amazon 5 years to become HIPAA
compliant and to be able to sign business associate agreements
with health care providers [22]. A limited number of Alexa
skills was released, and there is still a long list of other Alexa
skills waiting to become HIPAA compliant. This example shows
the slow progress of legislation changes and regulation updates
for including new technologies in health care, suggesting that
efforts should be put forward as early as possible for GPT-3.
Without HIPAA compliance, the adoption of GPT-3 in health
care can be a false start [23]. However, although HIPAA
compliance may not be immediate, it may be gradually
progressing. GPT-3 is a black-box model, which complicates
the HIPAA compliance process because unlike with other types
of programmatic solutions, it is harder to decipher how data are
processed internally by the model itself. However, assuming
that GPT-3 will be deployable in the future, operations will start
with implementing the limited capabilities of GPT-3 (ie, storing
and transmitting data, running behind the firewalls of specific
hardware [security rules], and analyzing a specific data set or
patient cohort [privacy rules]). In parallel, further practices are
needed to optimize the payment models for accommodating
GPT-3 and seek opportunities for satisfying the US Food and
Drug Administration’s requirements for software as a medical
device [24] with regard to using Al in clinical applications.

In addition to legal requirements, trust must be established
among patients, health care providers, and technology companies
to adopt GPT-3 [25]. It is common for technology companies
to claim the right that they can use their customers’ data to
further improve their services or achieve additional commercial
value. Additionally, the culture of skepticism toward Al among
clinicians can place a heavy burden on model interpretability
and result in lower trust in clinical care than in other industries
[10]. Unlike commercial implementations, GPT-3 needs to be
explicitly discussed in terms of what it will and will not do with
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a patient’s data. Health care providers’ data governance
committees need to be aware and comfortable when they sign
the service agreement with GPT-3. Given the black-box nature

of GPT-3, an operational strategic approach will be necessary
for interpreting the evaluation reports and outcomes that are
generated through the human-in-the-loop model.

Figure 2. A model of operational and implementation considerations for generative pretrained transformer 3. IS: information systems.

Access also needs to be ensured. Training large language models
like GPT-3 can cost tens of millions of dollars. As such, GPT-3
is innovating the business model of access. Currently, GPT-3
is privately controlled by OpenAl, and health care providers
can remotely run the program and pay for usage per token (1000
tokens are approximately equivalent to 750 words) [26]. In
September 2020, Microsoft bought an exclusive license to
GPT-3, with plans to integrate it into its existing products.
Similarly, a number of companies are already integrating GPT-3
model predictions into their products. However, this business
model also limits open-access research and development and
will eventually limit improvements, such as advancements in
translation mechanisms and all-inclusive, equity-driven
approaches in conversational agent development. In these early
stages, open-source alternatives, such as GPT-J [27], may help
health care developers and institutions assess operational
viability. In future iterations, once the value of using GPT-3 in
the health care setting is assured, the responsibility of
accessibility could be delegated to health care and government
agencies.  Such  agencies may  distribute  the
“GPT-3-as-a-Service” platform through secure cloud platforms
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Conclusion

In this viewpoint, we briefly introduce GPT-3 and its capabilities
and outline considerations for its implementation and
operationalization in clinical practice through a use case.
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