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Large Model-Driven Intelligent Learning Systems: Development Trends and
Key Technologies

Liangkeyi SUN

Universtiy of Macau

Abstract This study explores the application of large-model-driven intelligent learning systems in
educational cognitive science. With the rapid advancement of artificial intelligence, intelligent learn-
ing systems based on large pretrained models (LPMs) are reshaping core educational scenarios such
as personalized learning, adaptive teaching, and intelligent assessment. This paper first analyzes the

role of large models in key technologies, including natural language understanding, multimodal
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learning, knowledge graph integration, and adaptive learning optimization. It then examines the
practical applications of large models in adaptive online learning platforms, intelligent tutoring sys-
tems, language learning, and intelligent assessment, highlighting both opportunities and challenges.
Furthermore, the study discusses critical issues such as computational resource consumption, data
privacy protection, algorithmic fairness, the evolving role of teachers, and ethical considerations in
Al-driven education. Finally, future development directions are outlined, including the integration
of deep learning and cognitive science, the application of Al in the metaverse and immersive learn-
ing, advancements in Al ethics and explainable Al and the expanding role of Al in global education
systems.

Keywords artificial intelligence, large models, intelligent learning systems, personalized learning,
adaptive learning, educational technology, Al ethics, explainable Al
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1.1 RER

BEE N TR AE (AD) BORRIPEE R, B ReY ) REIEAEBE DB A FE AR 5, i
R, KRBT A ( Large Pretrained Models ), 4l OpenAl [ GPT-4, Google [ PaLM
LI K DeepMind i) Gopher, EZ/MUSEI T L0 HARTE S LAE ) . 2 GUEUEZ I
G AL BB (CAD) BIEETRBRIK ) R e > 5248 ( Al-driven Intelligent Learning
Systems ) 5%,

KAEAY I RZ O PE AR T HROR B8 & B . FRER A AL sRE 7, X iR HAE 20 Sl 1
SRR A RS, Blan, RESATLUET A i 8er A . A I e . BIReHS
T RS RS 2T, S S I RCRRYEIR, AR T 1A IR

RGeS~ RGE T EAMM T HE TR YRR Z R T, TR Ay I A X 26 2 48
FE B ARE S HRAR . F 3G ) RV RO TR SE B T 980 o 38 el VR 2 ) B B I 25, B0
AL 7] REEREBRHUBINRY B TT30, RS A A F5 AT S5t

SR, A R By ) RGP R I AT S R, HAE ST DU A v H TS 9K T e i 22 Pk
i, IR IRINAE . BUREFAMRTT . AT AR RN ATE R L B A PSRl I, RA
WFFE R IR 1R e~ RGRASREH 5 RHEEOR,, BAT B A AR S 3o
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1.2 REX

AT B FETRDT B ANl A geo IR, FHRA D HEAE A2 2) L FE R |
REVEINSE 7 AR FHAN (R, Bl AT TEHCE U Z N, Qo] S8 A R0 A1 R AL 1Y g
R EIEIR S THE AP Brm e T, 2 s A s

BTG, KARIGEAEHT R AL 2T IRSG S o2 A 0924 21 AT M R AR, ., AL AT R3]
DV H LR, NASRIKER22 ) B E S I 22 2 B4 . XA AT AR S 2 I R0CR , i BE
Wang~f > 2B 242 hE

Hk, KEAER R S R4 (Intelligent Tutoring Systems, ITS ) H¥ A H, ffi5 Al AL
YERHERAZN, Rp AR SR RS SO e T o & BE I R 58 AT LIBLL A ZRZUm ) B4, R4
A B RHTR ER G OO H AN, IS BURE T2 .

i, REORIBRSNA2E > 07 (Learning Analytics ) AI LI ¥ & R B AR B RO 08,
8 RIAE AR AT AL B B e . i, AL v IR A 22 2 s, = A, I8
SR A IE )22 S R

YA, KARRGA AT DS R 2epl g S A B 22 | B EH AR S N LR ERRER G . 7]
an, Al RTUATS B2 ) H T . B S RRER R, AR RIS sl

%j

1.3 B CEE

AW AT
55 T EBA A G KA IR B R e 2 ) RGERIMEIR , AL RAFA ) S AME & AR MR AR L
BE2F 2] R G0 0 T EA RE B
55 =H B R AT AR E R BE s ) RS R R AR , A ARIES AR (NLP), £
B2 RS HIREE S RBIRIZE S | [l 2 S AR AL ZE 25

55 DU B E KASRIBR Bl ) B2 ) REAEAR R HE s RN, W H &N AR 24~
BReSIMARS: . BT ¥ S5ERERIF. BHeiEn 5% | shib %,

58 R o M RORR R E 20 7 A0t e s Pk RS A S B m) R, Ao B R TR R . SRR AL
P AL AN ERAEE . BRI REINS AL EMEXRFR .

NI BT R ) & BT 18], AR R A AL HEFRRE S . U SUUR AR S S .
Al REE AL (XAL) ZEZE PRI, DN Al TESRETIERZ M6,

BJE, LR A AL O, IR Sk KA RIBR B A Rl ] R G011 R Rt
AT,

&
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2 KRS R R

2.1 REIRIAYREAME S

KIS YN Z5 #5580 ( Large Pretrained Models, LPMs ) & it 472k A T4 RE ST Y 5 2580k
JEFAE A ARIEF AP ( Natural Language Processing, NLP ) HIZ S P 7 IHT 1 1035 10t o
RBAVH FH B TN, AR S A, HEBIGR ), JFTER AR R ki%
B AEH

RIS SR FHER P A 2 2655840, N Transformer, HAZOERMEALRE A2 IHLH] ( Self-
Attention Mechanism ), J47H RS RIS EAL ML . BN, OpenAl 19 GPT-4 A4 1750 12
SR, BEME AN B R SOR N, IF SRR Z4MEST, WA S SR B AR S Google
f¥) PaLM F1 DeepMind FJ Gopher #t— L4 Ji T RBERIRY N FH 5, B4 1 5 TH 5 YR ALk
PIERLRE

TR RGh, KR FZ R TEENAEAN (AIGC), ME I HER: . H 3l
SR, DRSS ERERER S RG . SEGEET N SN2 BB R G, K
FRAIREAE SR HE T A AR ZZ 7 SRR IR, LA S R A o T 1R

2.2 BEe ) RGN A A

KBRS A RS ) RGLMH H 2 % OB I, SR TR, DA mas I SR A
Il

1. IANF151% ( Cognitive Engine ) ARG Z 2R 5% ] RGMALOERSr, TTT B A AE i
HIRNES . B IR, NGV RT DA ] AR B R, R 21 35 A K,
FFA AT AR TT R B NAS . lhn, AL AT LIS 2220 F B4R A shA s Ean i s, AR 3E
R SR

2. i@ 2B ( Adaptive Learning Module ) [ 38 W5 > iS5 > BL 00
SRR B, IO HRNG . AL W] LIE T2 2 B T s (g . F i)
LHACKAE ) PEXER AT, BB RA AT “fii &K JEIX” ( Zone of Proximal Development,
ZPD ) Witkt757 2,

3. 7201595081 (Learning Analytics ) “7 17 9 0 AR FI AL BORERER 7 ) 3 15 >
HERE | A MBS 2R THREALIE . ASRME TR AEW{E 5408 (41 EEG., GSR) %4
ARAT LIS B R GE W= > 8 0 B B L NI DL B 4678 4, IR 3R 3R

4. 2 HAE T (Intelligent Tutoring Systems, ITS ) & B T R GBI ZHT 2L
R O E R BEEEE T BN, AL B SILAY AT LATE22 A 18 31 RIMERT S {5
e d5t, Bl Socratic Questioning FEARG |3 E TR E %

5. AHREE S KRGS (Knowledge Graph-Augmented Al) AR E & AR BB > &
S HEZEA AL TR SR, SRR A HERLRE ) o B HRIEE, KB BRI 7E e K YRR R
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AT R, JFEE SR MAHER, RIS ER 2~ 2L

2.3 RERBITER B ) RGP AL

RATRANRAE AR BE 7~ RGLAA UL PO E

1. AR & SR IR THME SR e ) R GEAE S T ad A vl A [ e A, I R AR 5
FrE HAR . TR TASC H., Biln, AL TRFEB) T T B UM ok oy X, 5@kt At
Xt [ ORI

2. A T RIS I TR A 2 AT oA, RASESRENS D B0 2 ) B SR I rE il Ak~ 7
Fo Biln, R R G b, AL ATLURE =~ F AP o T8l RS B i IR Sk
R S

3. FEERIBEPFINS S5t AT AT LSS PG 22 A ARl 3, Bk, JHRBLRAN B B
an, BT NLP 1 A 3P RGen] LI Ars A SRS, PR S o 2Ral, Jfan ot
L

4. ARG SRS DT LG MR SR, e Ret TR, BN, 7E STEM AR
e, AT AT RIS A, JR2 VRN i i B

5. W Em N PR R B4 2R 5 A HRE T, " DSCRr BB EI N iS22 . Biln, AL A
PATEZAE 5 0 MR OLSem B, ARRDANRDNE 58 Sy s A s e N A

2.4 HHITFR SR KBS

AR, ABRIER e~ RGP RN B LU A s

1. R3S AL BORERG RKBIE RE: ) REEA MUK A, RS &TEF . BIR,
TS 2SS BRI 38 B, BN, AL AT LIFE VR/AR PR PR IESCmiiB S ke, JEarresdan
BT A L TR

2. Ak ) 5AEAHER: AL @167 ~) (Reinforcement Learning, RL ) fEAb AL
AHERFRGE, (i A EIRS . BN, AL R DI AR R RIE S, T HOR R~ SR B
P RZIEN i =S E R

3. ALEHS - FHENTE RS AL TEBCR SUHITR AR, Al afif AT RSERY AP &
PERCON B0, RBIITOREC T AL, 271 ALHERE R G - F

4. RFTIR AT 7 IR Y FO AR ISR 2R AR BT, ARRBOITE 8O TR
Al ALY, RIS (kAP ER ) WakZ 4T ATRER~ T REE.

5. HHEEURY AL WA BEE ALTKRERYE RES: ] RGAE R PREH R rh A H4 BOok Bl i 2 04
M, #EBUGMBF I IEZ L HIE AL ZFEHRECR, DR Al BORTEH T Sk nl#52:K
J&.
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2.5 /NG

REERIR ) fESE ) RGUIEAE AT VAR 2 s, A Pfess~d . BRI
A AP RO TRTARA R AT RENE . AR TORBR A S L B e RS
RO, DLECHATRIRTTOE S . T —ER B IR AR IR A ) RGP RGO, 61
FEEHRE S 2R ARG RL S DL B S I I A

3 KB IE R ) RS RA

3.1 RERIRYRAME S

KI5 8 ( Large Pretrained Models, LPMs ) & it 475k A T8 RE ST Y 5 258k
JEHAE A 9RIEF AP ( Natural Language Processing, NLP ) HIZ S P 7 T 1 1035 10t .
KRBAVH FH B TN, AR RAE S A0, HEBGE ), JFTER AE S R ki%
Ve

AR H R PR A2 25 5848, 0 Transformer, HAZ DAL A 132 IHLH] ( Self-
Attention Mechanism ), IFA7IH5RE T AR ML S EULAL . 4N, OpenAl () GPT-4 4% 1750 12
SR, BEME AN R B R SOR N, IF SRR Z4ME ST, WA S SR B AR S Google
[ PaLM #1 DeepMind FJ Gopher #t— 3" Ji T RAERIRY N F 5, B4 1 5 TH 5 YR ALl
WIERLRE

TR e RGh, KR Z R TR BN A4 (AIGC), ME: e . H 3
SR, DRSS H R RER TR G, SEGEET NS N2 IR R G, K
FRAIRERE R HE T A AR ZZ B 2 SRR IR, LA S Ui A o T 1R

3.2 BREY S RGENY T s

KARAYIK SR e > RGUEH H 2 MO AL, S AR, DU mas I SUR
LYy

1. INAI51% ( Cognitive Engine ) NG| 2R REY > RGMIAL.OF 5T, T od B AIA L
HHRNZS . B NGRS, A5 [ EEn] L brae ) FH i ARG B, HELEE 21 35 K,
FFAEBFFEMRTREEENE . B, AL ] LIET2 20 35 f98E ) B s B g i Rs, I
R SRR R

2. HiE W 2e e ( Adaptive Learning Module ) Hidfip2g > fiEum bl as s > Bk b
R B, ISR RNG . AL ] DI T ) B TR (B . SE ]
LD ) PR, B2 A T “ Bl KRR IX” ( Zone of Proximal Development,
ZPD) Wit 7%,

3. 222170511 (Learning Analytics ) 27 A7 AT HRAI T AT R BRER 2 > 5 22 )
B AT RS . A . AARIE S AH ., B 5403 (41 EEG. GSR) 454
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AT LAHRS B RGeS 22 ) B B R NN DL S 45284k, A2 R

4. ZHAEGEH T (Intelligent Tutoring Systems, ITS ) B fefHi RGBIUN L AN ZL
P, A E RN TE T BN, AT HT LA AT DATE A 18 21 R XE R {5
S fst, sl Socratic Questioning FiAR G| T L EATIREE % o

5. AHREE 5 KRGS (Knowledge Graph-Augmented AI) HIHEEE A F GBS > &
SARMLAE AL TR SRR, S KA R R HERRRE ) o @t FR S, KRR AE e K Y TR R
I TR R, I A P IR, PR TEOORS T 0 >

3.3 JERBITER AESE ) RGP N LS

REIRERY R e~ RGEHA LU P OIS

1. BARIE S S AR THE SR BBy ) RGUAE S HL i A rhl 5 A [ e A, TR AR TR 52
R AR TR RS in, AT BRERBY T nT IS BOm R R 75, Soed bt At
X, [V TR SR B X PR AR

2. AL I RIS TR 2 ST AT 000, KASTURENS v o~ B S e il fk = ~I 7
o Bln, fERReeA G, ALATLUARSE =2 F i P s~ 2 Bl , HEfF el A 1o T BEIR L 2k
I REMAEA I

3. AR REVFIN S Rt AL AT USSR AR AR 1esC, i, IR BB B
4n, T NLP AP RE AT LI A GIENE, WG S B . BB, Jha ot

4. AR S SR AT DI R MG (AR, ARt TH#ERE, filhn, 7& STEM BRA%
L AL AT LUBNT S 2808, 40 R AL 3R

5. W H BN R R B 2R S ATy, ATRISCRr kBN =204 . Bildn, Al A
PITEZ TR 5 P00 PR BESCT I, W BN RIE S 5w 007 A i s B AR N A

3.4 HHIFR SR KBS

AR, KRR e~ RGUH RN B DU A RS

1. 285 AT BOREES AR IE GE ) KRG AU SCR R, TRE SRS B,
M5 RS EARA T2 H . Flan, AL P]RIZE VR/AR IR R AESERHE S iR, Jadrsdm
JBUATE & AP R TR

2. srApsE 2 SAEIHEYE AL #5815 ] (Reinforcement Learning, RL) {1
JMEERGE, % BRI ME. BN, AL AL R AR A SO S, B AR R~ 3R,
BB A NE

3. ALEHS PN AL TEBCR SUSTR AR, AT s AT RSERY AP i
PO BB, ARBETRGEC) T AL L, $&71 AR R R A

4. fRBEIR AT 2 AR Y Fif SR B YNGR Z TR IR, AR E0) TR
Al ATER, AHRGIRIAE (AR EPEZ ) WAk 45 T ALRAER) ) REE.
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5. HHBORS AL WWERE Al BEEAYE BE: ] RGUME R BRIEH A5 h R 4 OB 2 1A
H, # EEIFEE I EZ L HE AL ZEMRBOR, DIt Al SORTEZE S nl 1580k
}%O

3.5 /NG

RAETIRE B8 B ) R IEAE T I HF BB, S fes > o BREPH
HE NPT AL TRIPORA B AT REVE . AR T RBIR AL S | B e~ RGN
BobH, ALCHRETIIBISE S T —ERPRIR AR S E R e~ REEPIRHEOR, £
FHRE S 2R AR BRSPS BB s I R A

4 FARBERAHE BESE ) RGN 55

4.1 HENELFIEE

H 6 N FEZR 2 2 6 e KA ALK S R BB ] RGuacH W HZ —. XEF-EHIH AL £
RO A2 2170, JFEhaS R ACENE, DI ST K5

1. ATTRRERY =R S (LMS) YT R I E RS (Learning Management Sys-
tems, LMS ), 4 Moodle. Blackboard 1 Canvas, BTG5 Al $iK . KRIEERIGENWE /0 Hr27>)
B, B R T B, IR S SRR L. 140, Coursera Al Udemy
I AL TN 2 R SEER , JFHRAEAH R % 27 ST S pIL R

2. Al A AR %8 (AIGC in Education ) A T REAEMNE (AIGC) HA R H
TR AN B . DY AR Re o Bilan, AL RIDL A B4R il . AR
K, FRPEZ 2 2] K sh B UR AR ME

4.2 HEETINS Ash ks

B HEFI (Intelligent Tutoring Systems, ITS ) Hl H ZMbHF KRG EERE L E, 2T 714
(e e N KR

1. AL ZUm B Fanfar i fb iR T gl AL BUM BT AR08 5 B 20U & IR A, 3RS EEER0E, i
an, ALFTLASER e A iR 2 58, Hhid k@, IEAZUR R PR Z 3, TR
[ Reading Progress 1 Google ) Read Along /2 H] AT HEATTEE U A 24 O 5= 407

2. BREIRE RS S AN IAARLIK S 1) R REIR & & SG8, W1 ChatGPT for Education, AL
SEH A1 2 A TR, SR PR LT R, LR ERNE B A L . i, 7E STEM
(Bh2z, FoR . TREMEEE) GU, ALTHES Rt A AR . AR S g
o
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4.3 BT HEE

Al FEHE 5 24 S RO N i, s s ) na ik

1. AITREERYE g HIEPEN AL EEAIEOR (40 Google Speech-to-Text Fl Microsoft Azure
Speech Services ) REWE /AT~ ) FH I & S HERA M . TEPANRMGEE . #IU0, Duolingo #1 iTalki >R
Al BRI AL DB R, 15 Bhae ) B i ar RIR 6 ) o

2. MlAsBHPRAIITE S 2 AL T H, 41 Google Translate Fll DeepL, R SE B =G BE 1Y
SCAEHRE, TR cE ) AhE L AL, AL BRREIRAL ) FESH AT TR A IR, (2 2 H IR A
PRAFTE S A

4.4 FHEVHNS %A o1k

Al TEZRIE 3 F A S b B B = 7 208 PEAS B HERR PR FIRICR

1. AL 725100 5 E shiFml i pz 1 B 3iiFor REEREWE 7 e A VRS . B i D 3R |
IS5, 1N, Turnitin A AL AT AREVERI, 11 Gradescope KRN wEHA B
SN FHAE,

2. ERREE S ERI ALZR S RS (W ProctorU Fl Examity ) REGS @ THE AL 5
BRI 0 KRSl BUASU FCRS #5555, JSh, AL R
ZERSCASHRLRE , PRBEZ I AP

4.5 /NZ

AR T R B 1085 B2 ) 7R S LS HOPT 0 B O , 38 )
T BREITRG . T SEI . WA, B AL AR URI T THCE, W
HoT T3 T WA BT KBRS SR P S 1T, G SRR . Hh
RV | R T RIEOT i (10251 5

5 RARRIREN R e~ RGPk S e P ]

5.1  THREFESEARIYI R Pk K

KBTI ZA58 (LPMs ) B AR T i H A IR R KBRS, (A I ZRmnER &
(eI SN S 7 =) NS

1. PR IRT RS Al Rt KRR Il 575 28 GPU ., TPU & mtEReiT i, THFERKEHE
J1o BN, GPT-4 YIZ—R ] BERT ZACE IR ELRY (MWh ) RYREE, XFIAEE il fFLe i e Bk
R R Jr it S AR i, anniRZ&48 ( Knowledge Distillation ) FlZb AR -]
( Few-Shot Learning ), ARSI 4.
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2. BAEATAE S AL PR B SR e~ ) R G ZAT AR A B MUSE Bm Bl , s~ 2170 AR
WAdsg . ZH HEAF . XS AT 2 = A ek, A AL PR AT R AL s
B ATRE ST o BN, 312115 ( Edge Computing ) AT LUS/D A 2R, &R

5.2 WEEAAS et

Wi AL TEZE N, 2220 38 BB 26 4 o AN AT ZA0 A [ R

1. N ABHERAAR Y 22 2 I R H St . B shid sk &8s | TaUsds B, onis )
JEREORAP BN, AL A] RE SIS 22 A A TE RS, DA ar M Ho R T B, i mT el S AE Ui £
PR FARES: o R A FEEAR % | 2247 Fa AL ( Differential Privacy ) FIH:>) ( Federated
Learning ) 457745, LA/ XS N BE 9 EL3EDTIR) .

2. B 5 R KU B £ e AR XU hn, - AL -6 Rl REFR T P B A 75
FEEEEIL, MoRFE M. A, SR B8R S MMEECE,, inffG GDPR ( By i@ H]
B 249 ) o CCPA (JIHE 2 & BRFAER SR )o

5.3 BRSPS i L ] i

RN SR B b rT REA R B P L, AL PR FRK.

1. AT B AFHERRER AT 7] RGE 0] REX SELERAAR I WL o lan, R RN 2Rl 3=
Bk A —H B SRR, AL ATRESIUSEHERR R E UL T R i T N, 2R R 5
Ko DX AL, LR 2B ( Debiasing Algorithms ), #fi {27 2] BRI 2R

2. AR B B 315 R G0 RT RERT R LE TR RS . 18 5 RIA T AT R G
o i, JEESIEN Al ATReXAERRES IE & SRR A IE T iniE. X, 5%
NGUEAEIF A B AT AR ATRORY, DU AL FIE A Y PE o bn i

5.4 HUi @A S ADLEME

ATRBERY R A~y -~ RIS BARCRI IR, W TSI A .

1. 2S5 AT AYEIMERCES AL o] DURHHE B YRR S5, Rttt JEafinindibig, 1k
VA B2 I )L E T ey . AR, BUMAT 25 T Unfuf 5 AT AT OME, LAREHECASCR . B
LU ERIDP e SERiVE S €/l B2 UL e M e e € e

2. HAE AP A EPOEEE AT &, F03Es AT 55 T Re s A sh e U, SEicdi
PAREIA o BN, FELA BN R BEf G AT SIRRYSES . P, AREE TAETERIT A
AR SR, S48 AR ZC Ik, s Iksh#ey: . AT BRI

5.5 AI{RHES Al el n) et
B AL FEZH SO RARL , AR EUSON L2 G R R A
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1. AT AN ARG B AL A U252 2] N T BB AE R SUm L. fildn, AT ATRESAE RO
WER Y24 ST W), R S2pk . RTRPE AT (Explainable AT, XAT) AT LA AT A2l A 2155
JE, (BT RIE ) 2 BE R AT AR s SR B

2. HIR S HAE THUE AL EZ A P IIYSR AT e A AR, anTh2A3Ers . Bl 5.
IR AL PSR HURIA BT, PTRESS IR ANANIER, ik, 57 Al ZHRHEL, 5 AL
WEB ML R E L,

5.6 /Nh

AERII RS T ORBEIAE R e ) RGP PR S e G, ARSI R TR OR . B AL R
PR BB AL K AT BIAE T T, X SB[ AL 1EH0H SIS AT 528k R
HAHRZGLW . N iR R KR Tr ), ALFE R pHERAE ) . o S IR AT iYL
B LUk AT RIS alfig et AT YN FHSS

6 AKIKRETT )

6.1 REFIHSHFTANANME

BEE N TR REHOR B REE L, TREE“%~] (Deep Learning ) TEHCE AHIBFHh 1) 0 K2
— PR . AR RBEBIALRE RS AT SORFI T & BEAR , 3R B SR HERRRE 1y, filan,
A5 S PIRHERE (Causal Reasoning ), AL ] LARDL Az oy > AR T 20, DA S (AL B ks v
HUES &S

BEAh, RKHBITR S Tl AL B ) E R e 4 . CUEEE RN, DU Ay
SRS, filhn, AL a]RLisd EEG (KA ) ZdlaSem Wi~y ) 3 rE B PIRES, JFshasimsgy
ANE, RS MRTKRAY - A it

6.2 JUTFHSIRAE

i LT (Metaverse ) SORIYAE, U5~ (Immersive Learning ) K4 Al lKAE
HEMELII, VR CEIISE ) FAR (BERILSE ) BORMZE G, A28 RS TE A ER s
HATHE ST PN, BRG] IR AT A B 3D D RS it AT B AR , sk
PRIWAT a1 B SCHR B D 2 5, b By HEs A Iy s 4

Besk, ALE R DU TR M s BEB 2, e AR PR 0 Bin, TR
PR AT Sl ] DRS00 5 I3 SRy, MR e BRiE N 95 ) F AT RE SRS = o
R B
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6.3 Al 5 n ket AL 090 H

Al TEZH U A B IR AR 2, AT RErE AL ( Explainable AL XAL) B AKHSE B E
LT, BE R H B AL A S NS RGE W ] B, JhEfe “PRAR” RIRE

AR AL B S & B T A R AR, (BRI 2 ) 5 RE A T A8 b 3L A
MRE . B, AlVFor REETE SR EMT A PE MRS, B fhaa2E ] DI B S50 rY s
AR R A7 — AT R AR

UEAl, AT ASERARLIIE— 2D i, & EEUG MZBE PR 1 S R AR, AR Al
TEHE PP, Biln, @57 ATEHZE G 2, @i & ALTEHE RPN, iR A
2| KA

6.4 Al TELERHBFEURAFIIAE

ALK ERRRAT AR PO BORBER 2R, D9 AR E R A X SR A 22 T BER
i, AL AT LS B AR i DX AR 2 A 3RAT o o A R 7 WU, 3T B RN B FR A

BEAh, ATkl AR ERs SCiey I FIE PRS-, flan, AT B TR R DLSCH RN R 5 00
HEETORE, SRR E R i 22 A RE R IL R 2 5 e akfb iy =2 BT H .

6.5 /INgh

R, RETIKEE B~ RGUBAEIRIEE ] | OUTFHEE . nIRRE AL IRk T
BRI PR RAE . B AL BORIARE, HE ARG EIERE . MELRAF RX
AIDFTE s Bt — PR R ALTERE PR IRAESEER, Bk AL BORBEWS I IESE T & AN BE )y,
PAEiiFiEsez 2 GE /AR RS

7 HiE

7.1 W5 RS,

ABFEHRGT T RIS AR BE 7 ] RGCHY R R IAT S BN o BEE AL SRR A %
A WHREHEA T RBARIR S A REIL AL BT B . KBTI R (LPMs ) J9-PEAes:~] |
FOE R BRI 2 SR it T %

BYE, ALTER R~ RGP L T 9 KRRy BARTE & BEERE S AL E 3N F SR o
BN, KA BEA T R A AL 7R RN, B T e T py i .
K, ARREES ALZ5G, (615 AL B HRpg iR Bae Jr, oAb 1o~ AR iy S5 RE I
BEoh, SRS HORRRRE, 15 AL BB A SOR | ihF . BGR . WS EE, =400
DR A R
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SR, AL FEZCH SN A G5 2Bk, PIanm R st oR e daRR R, 5
T LSS A BRI R B, R T SEEL AL TERE NIRRT B T2 N, TR R R
TRERALR ALY, siflb ATRHUEAY, JFERTT ALRRERES), DISESRECH & M) &R ALY
frfEo

7.2 RAREHE

ARA, KAEHIIRB R e~ ] RGORARSAESh BT R BRI S M A R . FEIRIE 2] 53
FINABRARRLS T, AT ATRES A J8 S A A IR RE T, Sl PR AHE LS AL e 1Y
WRIEES & o AL, BEECTHEARMIEL, ALRAETUR A B rh R, ik 42
SR HhHrEAS A

[, AL AT REE AL BSOS fR AL RSO P T, s/ 5ik
bl , PEREE AR, AN, ALERRREF R T REIR S — 2K, fedtdm st =,
e = BT IX A BF K-

7.3 /NG

i LRI, KATUIREN R B ) RGUETESUEHE NIRRT, AR E &
JRRAL TR TR SRR IS 2Pk, BRER TR AWTEED: AT FEHT Gk N H]
REAEAFHINAGEA . ATFERIES AL ARIIBTTE N I AT oAl AL TR0 FRAIILE, RIS E A
BN BOREAS N, AR 2 et mT iRt
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