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Tutor f— L FF 2RI, AR AR A A FE X6 Th i
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AutoTutor I P2 % 1 ( AutoTutor Application
Program Interface , & #X AAPI) 4345 X 1% 5| 25 ( Auto-
Tutor Conversation Engine, fij #% ACE) | JiIA 4 45 T
H.(AutoTutor Scripts Authoring Tool , fijFX ASAT) 1]
I RN 4 (Sharable Knowledge Object , fiij #%
SKO) , = A FEAR 0 S H AR E = R 1A B
JEIA i AL 3 42 11 (Nye, et al. ,2014a)
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SR IAS Y T BAE 02 A € Y B S IIAS 2R 1k
e ASAT-Desktop (ASAT—D)%%?%EE/‘J%?H

TH 2 AutoTutor [ 32 B2 45 T H. | $4E T A1 ¢
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(Graesser et al. , 2011) , JTFAE5 N RN A 22~
JRIBRAPE | AT 46 S A A B TSI B e K
HARGEITS) o AT MR PRALGEE b B8 s U 1Y
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HE SR AR A B 2 > ) R T S R
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oo BrT — MR 2E 2015 3, AutoTutor B R )ZE
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R IE i Sy S R K § /a1 M (3 RRRREEE S
FE” S5 O HEE TA) 79 22 () R0 el P < A B TR —
A" 5| H 848 1 8145 ( Graesser & Person, 1994) , ¥
JE IR AE SRR Jif IR (A4 3302 ] i i
() AR (IR AR5 W) , BARS: 1] (A28 X
RO, TAT T CRAER SR —AT 4) I B (X R
WRE 2 FPIE A AR IXFENR) o 7E Auto-
Tutor Z2 ¢, MUY [ 202 X 3k i DL 2 (0] 8T
U, AR 7 2 B MR 2B, 27 ) B AR — T
[1E A B LA — TR 2 (R BUER AT LA | R — &R 5
M2 s, FEXT I R RG] IR
PEIRFNWT T A5 B2 > B X R AR AS 4 THT B

(=) #HFR%

55 BA sl P 1 2 > SO 6] 8 05 S ik
LRI A RSO T 205 22 0 AR5, B
M T2 AR B L BB L e 25 2] 35 g
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FEETE 100 /NI 4 G 1. B0 S B A v G 4 1 e
), B R AW HCAREA AR S — BT, 2
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2010) 7 i A X G 2 0T 3 10 G B 53 A A
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KPR I, B G LE— B 20 ) 2027 R s T R
T AT 22,46 % 2R s R 2] T SR1EH (8
TS, PR B 2 A A 2R 1)) L 30% ORI & T ok AR
HFE T (D’ Mello et al., 2010b; Olney et al.
2012) , HABBFFEA K B, AHEL T8 T2, L& K
it T 2 S A A BSR4 E )
HE £ (Lu et al. , 2007; VanlLehn,2011) . S5
Z L FEOMAYEIRAS 2 (1 =2 B 8h = A T
DR E R T PR B g 1 e ) s Al T 2 174 [
Ao 2] I E AR AR M NP OR X Fl
AR R 072 1) R B AT DI IR 2 ]
H BB A RN

FAHH AutoTutor B & VE oW IV M (ANTEBR 2L
PO R N A S B IR ) T KR Wik
P (I AN [R) 27 2] 25 S BEA [R] 2E B )l ), 78
TG M — 5 T A B AR A 2% ) 35 Y 2 2] 5
PRiEAT IR | 53— 5 T its B2 S 2] H AR 25 57
M R A 2] HAR ] A 2] R s —
A, b 2 U N P U M EE 2L, BEE AutoTutor R4
18 4 J AR5 0 2 W3 1 M 5 RO o P AT 25
F % T Deep Tutor 2%t ( Rus et al. ,2013a, b) , %%
>3 B ] AR Y — FR AN RN R S B, RS HTR
RASHRAT R i 2 48 A5 RS W) A9 UL A5 it
DeepTutor T35 5 SCAS (2057 %40 ) H ) &t ik e 3
ity (AT 66 ) T8 30 00 2 ) Fe ) 2 20 3 R S A 2T R
& (Rus et al. ,2013b) , ZRGELH] T H AL E
38 A AR IS AN [] 2 20 PR 2850 [0 R e DR B )
MK, BT B8 AutoTutor FPAEASHITR & A8 T 21
IERR 2 AN WARARA LAY, DeepTutor & FH13H
SR AR M PR OGRS Z R AR &R, 28 10K
Ui, DeepTutor J#] 5 *¢ > # S (A B ZR BB ARy In)
R, VC P TRT B 1) LR 5 BE A 2 21 K i 4 T
YK Ry ) S B I R B iy 1), DL
PCH IR A1 i UL R

(2)FI4

BOMAEZ b R B, o 2 B A N IR B0A R
SZBEI, AR A AR SOH IR TS A, 2
H B AE R IANRIE 28 3] oy, ST
TR 45 (8] 09 BB & |, AutoTutor RGTESG AT &
i OB BAL , WA 20 2 BTN RN I 2 RS
TR GE ] DA R AR #E 27 2] 5 R (D Mello et

al. , 2007 ; Graesser et al. , 2007) , Z 57 LIFEXTIA
R 17 S LIRS 1 DAk 25 SR A0 A B SR 11 38
P AR T BN B AR O A R R R
e 2R 2R, IR ) A TR
W4 FGE— I T 7 ZE 4 B2 R AT B 2 ] & A
W, 0 — 7 T B SRR R WL SR S L,
e ) RN TCIN IR 2 FR B8 22 I 2 A Rl
2 S R CTF N

W5 & AR B Y RGAROTTE 1 RIS, &
PLITCIN O/ B R 2% 2] 5 AutoTu-
tor R H Bt B2 B 2 (1 265 R3S (Craig et
al. , 2004; D’ Mello et al. , 2006; Graesser et al. ,
2007) , JoHN PR RN IH 3 I A 4, (B YA
Qb 3 R E I AT DA AR 12 2 R O]
JE— T B A B T T B IE SRS .
AREBE R RGRZ R BUR AE O RARE,
T/ O 10 T AT 4 RS I BRI SUR | J5 3 T 2
AutoTutor JCVEREE S, WIS &, HLHH Y I3 P
18 (Heider, 1958; Weiner, 1986) Fl1IA %12 I 315
(Mandler, 1984, 1999; Schank, 1986 ) 1] DA i
THI > 15 45 1) 17 286 UL AutoTutor 5 42 $2 11t
WA

U PR B P TR R 1 L AR I,
DIy al 2R WO i PRl T U5 Sy = b PR R . IO ER AR E
HURERE , PTHEEOR AT, — R, i A
PRI AR e AT B PR 3R T 2R DO i B UH AL Ry
AN AR R S AR B B2k Y fife B e s
TAJE SRR K AfF DARAS . B LA, AT H
T B UL 2] F WA PR AR OH Ry S AR
TERER, XA ok, RIS a4 T (%5 1)
(Heider, 1958; Weiner, 1986) , N T BAZ %2 E 1
HPA T ZE g 5 > 3 O ) Bbr, [RELO &
MR Ry R A s, BB PMER], BEER
KT HHBRZBE R [EE , LRI T S AR B =
PR 245 F AR EX J7 1Y () L0 50 5 ] B8 U
FXJ7 1 HA5 (Batson et al. , 1995) . 25K UL, 24
AutoTutor RG24 2] FHRIK T FHLL 2B S E
PR R GG 2 p B At ft g ke [ T[] -, B 225 o
ZRGRE N HER, XRE—2k [] BELO S0 5
AT DA# R TCHI AT H A G IR T

IR A B R A HUA P A 7R 27 > i R b
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HEMO, FEN G e E O AR ARk
AR AN )8 9% B 5 IS AN AR AT A SR, 2 20 3
Gy A gl AR T, LA s R A A
BN —E, T AT R AR TR R A ) IR TRZ B
fi#t (Mandler, 1984, 1999; Schank, 1986), =&
— R SIAAUR AR FERE R T AR . oI BRI
Hh R A 25 1), AutoTutor R EE H SG8U % 1 # 55 )
LA FRUIR BRI 5 {5 22 o) A I ) 3 A
B AR IRR S N, RGe AT B A A BLG  IFAE A
MR IAF LT R B AT N 2R A 2R3

= ARBEA

(—) & X FAELH

5 SCRAE 70 M7 (Semantic Representation Analy-
sis, TR SRA) J&—1~38 HI A 18 LA iESE | FH DL
B BUA T AR GRS R | Anis e S HT (La-
tent Semantic Analysis , ffijFX LSA) T HEas (a2 0 A
AT IR (TN A R R BRI
ARV BY R B EE (Hu et al. ,2014) . 7F AutoTutor
) SRS RIS Bl H AR TR T, X
LT By ) RGUREAL BITR S, MY 5 2] ey
MHEWEF ML Z G RIE 5 Z AW, RS
SIS A FEAW I, H B ) E B S
P HUHA R . X2E 2] B R IR R R
U 012 5 T8 22 1 SCAURR B, O Ik H
B — U 124 B o SCARUL AR B (A SR AR DL 2o iy, &R
GE R REIA S 2 ) 3 BOA 45 OB A5 L, TR 2 2
BEBA ) o I X8 SCRABLE % BE 52 Au-
toTutor IREE AN, AutoTutor WA 1E7r 2% |
BIEAT oy e A AT R GA AR TR
SCA T, b ol AT D R Rk A A T VA
WSO IEDIZRA S IR A A AR B S 4

(=) B 3 1H40 F L Coh—Metrix

Coh—Metrix &3 [ o JE M K22 TF & 1Y SCAS b B
T.H (www. cohmetrix. com ) , B ZEMF 5T & 20T A2
ez @i, Coh—Metrix 8 FH T 3r)31 L iA) P4 4328
ar IR TR R S TR TETE U AR T
1B 5 %% 7 % ( McNamara et al. ,2014) , SR
PE TR P PR B 8 B0 BRI SR GE BT
FAE B PE AL SCAS 19 E B K F ((Graesser et al.
2014b) . BR 7 HEBE Z %, Coh—Metrix 342 HU T 100

- 100 -

Z R HAM R SCASRR AR AR, S SCAS 73 Bt MO AZ Ji 32
BT EE R, GThEERECIFR MR IOR
Coh—Metrix , F T3 Hr B A rpr 3 AR i K2 IR 7
R BRI SCRR, Coh—Metrix 7] FH T 4341 AutoTu-
tor ARSI R AL, A0SR AR Y TS BERIIR S 20 BT
ARSI o 3 1 3% BV S50 27 2E 17 2 IR S 55
(McNamara & Graesser,2012;DMello et al. ,2009) .

(=) Experience API

SKO B xAPIARIEIL 2% > 1 s Bl , L5 (i
5HAL R GEHATE B AU, 2 HAL AL I 55 19 2
fE. xAPI X FK Experience API, EEEE R A
2¢ 2] 2141 ( Advanced Distributed Learning, fij#X ADL)
2013 4F 4 F KA ) —Fh 4285 S FORBE . xAPL
PSR AL REIE B Ak T 2 1Y IR ) dRE A
BARIER 2 s I MBSt R g, 4
2] B GEM IR B R A T < B ><
E >< XFG SHTEZ A U], X 2L UIAAETE A
HARVEVER) 2 2T IE AR R b, A 2R =05 H AR
FGEY5 ) A h) AR B JE AT 5 22 /Y o3 A A n] R
b, xAPL ySEBR#CHE KA 5= T o 2 s
PRI | DA R SRR R AR TR R
BLVE (BU/INE S5 ,2014)

w9 N JH R 6

(—)EHER

AutoTutor F& T XI5 (4 022 A7 1 T 5 A= X5 AR
RS M7 25 S AP . AutoTutor AN [A] 455 e 1]
Rt JHZUE L, I3 A 2 (self-re-
fection) BfX2% > (vicarious learning) i# v P 527 |
TR Sty ) N 2] 55 . BUE R AL
IO NHIRHIE | B 3h g S5 il AR 4 B0 )
MRS RS LSS 2 T ROR Btk . SKO AT LK
AutoTutor FFEHLFE A WnHE B 3 B, i 2~
SRR B 2 AR AR AR AN A OG5 B (T
relevant & New) . A HHKIHAE B, (Irrelevant & Old) |
HIZEH 5 B (Relevant & New) , HI2K IH i & (Rele-
vant & Old) EMAZE 75K (Total Coverage ) %5 K PFA%
AR PRAR AR . ASRAHOC B E B THAE BARR
e, BRI W R AR, AT T SKO #E 47 28 B xUx)
AT B AR U B A S, R IE G IHAE BAR
AL = A T8 R AR A TE
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H i, AutoTutor &1 B— e R, B AIT4E
T fR] g2y o S U | FA - R A ) SO L A AR TR
FNTAE XA, WA AutoTutor FH T it
BRI A R0 B R TE S B R G
39— Mgt o ) 0 E TR ) VAR TR S B | T
FeRa il g m A B AT XS 5 R 1 4 U
P AutoTutor ( AutoTutor Affect—Sensitive ) JIA T %44
PUINA E 8 R 2 RE . WHY2/ AutoTutor K 17 FH 451
WHREEY R Z 2, AutoTutor-3D A T X4 Hil [H]
R 28 H 32X = R, DeepTutor i FH 24 ) HERE {2
Xt PRAE 2 R 2% 2] . Operation ARIES F1 Auto-
Mentor FHF YNGR A P B 4EH7 78 | 2T = A S, IF
BHFNEAZF W, AutoTutor &8 H T3T
FHLEAS P A R s B AR B
AR ARG, AT S TN BE I SR 1 R R
BfEbr 3D BAUSESLE S (Nye et al. ,2014b)

55 B 3 (AR I (] A8 AR R S VI 2 R 1
NEHUMA L, i AutoTutor P F=A= 24 0. 8 P hnifE
221 2% S X 25 ( Graesser et al. ,2014a; VanLehn et
al. ,2007) , 7E5% WL & R M ( Bystander Turing
Test) H1, SR B W B0 A b g X 76 2 i Au-
toTutor X — T HEALAUIN 4= | i 2 AR Y N KL
U= A 1y, 25 B BoR A BE X 43 (Person et al. |
2002) . TEHHU AutoTutor PJ AR F5 XT3 45 2 | 1 #
NG | B RZ G 7 ) 5 s 4, i R =R
& BT XHRENEUKF 27 > R UL, 1 245 305 F
P AutoTutor FEFRAER) AutoTutor AR (D’ Mello &
Graesser, 2012) , Operation ARA il it 2 & iF Xk 1%
I 2] F WA B A R 5 R ST AR DY
TR, WEFEERE 1 A% 21 07 s 22 A A S 4
B2 2] Y %5 (Halpern et al. ,2012)

(=) A a

2015 4F 10 H KA i S50 2 2] FHL BE 14
AR ( Technologies for learning and skills) f¥ i 5% i1
), SRR P2k 20207 (Horizon 2020) #1412 —
ZITRIFR YT 2T B — R PO A Mk aE )
M ENE > B Q1T AR B R G X BN
25 TR S5 1 0, S0 e R0 e W] 1 | A3
N . 2 0 ok 7 AL AR S B A ) i AR
7 s A SRR IR S SCE S, B T
. ARE S LSRR 2R 18, v L 2

Fheg )oK WA A NS, KRR
CA ML BE- BN R G, 7T LAk 5 J0 i (19 82 52
578, SKO ME NI BT R, nlHik A
TEATFEL 24 ) PIZE (A0 MOOCs) , 2% 2] 35 AT B Fifi b
PR Y Bl O 3 5 2 ) B3R

PIHIRZS [B] 74k 55 2% 2 (Assessment and Learn-
ing in Knowledge Spaces, ffj#% ALEKS) ], & J& 2
THIA A (R BE Y BRI 2 ] R GE, LTI K-
12 80 (CAREO) #ee . B AR R 2 18] BES PP Al
PR RE R AR R, R AL T A R R R XN
M H , ALEKS J&5& T 25 I E 4R 7 ) 2 A ml D
PAFFEFPEHCRE (AR AN SRS 5 T Y SRR AT BR
HER %) i A BRI 70, ALEKS W] DL
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Abstract . AutoTutor is a natural language tutoring system that simulates a human tutor by holding a conversation
with learners in natural language. Most tutors in school systems are not highly trained in tutoring techniques and have
only modest expertise on tutoring topics , but they are surprisingly effective in producing learning gains in students. Re-
searchers have dissected the discourse and pedagogical strategies these unskilled tutors exhibit by analyzing approxi-
mately 100 hours of naturalistic tutoring sessions. These mechanisms and other ignored learning principles are imple-
mented in AutoTutor. AutoTutor presents questions and problems from a curriculum script, attempting to comprehend
learner contributions that are entered by keyboard, formulating dialog moves that are sensitive to the learner’ s contri-
butions (such as short feedback , pumps, prompts, elaborations, corrections, and hints) , and delivering the dialog
moves with a talking head. This conversational structure has been termed expectation— and misconception —tailored
(EMT) dialogue. Tutors give feedbacks to students according to how well their coniributions match the expectations or
misconceptions. In this paper, the rationale for developing AutoTutor was outlined first and the advantages of natural
language tutoring were presented. Next, we reviewed theories and technologies behind the system, together with the
applications and potential impacts that have evolved from AutoTutor. Theories on early versions of AutoTutor absorbed
cognitive learning principles and practices of teaching strategies. Systems that evolved from AutoTutor added additional
theories of emotional learning that have been evaluated with respect to learning and motivation. The technologies that
support natural—language tutoring includes latent semantic analysis, part—of—speech classifiers , speech act classifiers ,
Coh—Metrix and others. The structure of semantic messages is based on FIPA ( Foundation for Intelligent Physical A-
gents) and the Advanced Distributed Learning xAPI ( Experience API) specifications. AutoTutor is designed to assist
college students in learning the fundamentals of hardware, operating systems, and the Internet in an introductory
computer literacy course, and uniil now it has produced learning gains across multiple domains (e. g. , computer liter-
acy, physics, critical thinking). On a ‘bystander Turing test’ , AutoTutor was indistinguishable from a human tutor
when individual conversational turns were evaluated by third—person bystanders who examined transcripts of human—
tutor interactions. AutoTutor can integrate and largely enhance existing content with its interactive and individualized
tutoring conversation.

Key words : AutoTutor ; intelligent tutoring system; natural language dialogue; latent semantic analysis
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