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Abstract Cognitive diagnosis (CD) has become a fundamental component of intelligent education

systems, aiming to accurately characterize learners’ knowledge state and cognitive abilities for adaptive
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and personalized instruction. By offering fine-grained insights into how learners understand, reason,
and apply knowledge, CD supports data-driven educational decision-making. However, most existing
CD methods primarily rely on modeling learners’ answer performance while neglecting the underlying
cognitive mechanisms that drive behavioral evolution and contextual adaptation. As a result, these models
often struggle to maintain interpretability and robustness in complex learning environments involving
multi-step reasoning, reflective behaviors, and diverse contextual conditions. Moreover, their reliance
on static representations of student ability limits the capacity to capture dynamic cognitive change and
individualized learning trajectories, which are critical for real-world educational applications. To address
these challenges, we propose a Generative Agent-Driven Framework for Teacher-Like Thinking in
Cognitive Diagnosis (2T-Agent). Inspired by the evaluative, reflective, and explanatory processes of
human teachers, 2T-Agent introduces a generative paradigm that emulates teacher-like cognition for
more interpretable and adaptive diagnostic reasoning. The framework incorporates three interacting
modules that jointly realize dynamic assessment and reasoning. (1) The Belief Modeling Module
performs task-aware perception by integrating question structure, historical learning trajectories, and
contextual factors to generate contextualized cognitive beliefs, which dynamically represent learners’

latent cognitive state and support task-specific inference. (2) The Cognitive Behavior Module
incorporates observation and reflection mechanisms to adaptively adjust diagnostic strategies according
tolearners’ behavioral trajectories. It applies corrective reflection to revise inconsistent estimations and
summary reflection to consolidate accumulated knowledge, thereby achieving continuous optimization
of assessment accuracy. (3) The Causal Explanation Module leverages large language model
(ILLM) -based generation to automatically construct causal explanatory chains that connect knowledge
state, behavioral processes, and task performances. These explanations enhance interpretability and
provide actionable feedback for targeted educational interventions, bridging the gap between algorithmic
reasoning and human pedagogy. Extensive experiments were conducted on multiple cognitive assessment
benchmarks to evaluate the effectiveness and generalization of 2T-Agent. The results show that
2T-Agent achieves an average improvement of 1.61% in accuracy (ACC) and 2.94% in F1-Score
compared with existing neural and statistical CD models. Furthermore, it demonstrates stronger
adaptability and reasoning ability in complex contextual scenarios, indicating robustness under dynamic
and heterogeneous learning conditions. Ablation studies verify that the belief modeling and reflective
behavior modules are key contributor s to performance improvement, while the causal explanation module
enhances interpretability without increasing computational cost. Qualitative analysis further reveals that
2'T-Agent can emulate teacher-like reasoning, producing coherent and logically consistent explanations
that align with human evaluative logic. To facilitate further research in this field, the data and code have

been made publicly available at https://github.com/xinjiesun-ustc/2T-Agent.
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AR SRR . S P K S RS B
NHEIR, RGEISHEEAHG], (5 AR
BN B, DA R B S5 SR
43 HUTHOITEIER

NI T 2O A REAE L AL 502 3] § 547
NBUEE F1, 2 T-Agent HH A B RE R B T %17
FOATEIMLL. ZREBAE 5 STt R b R B T 24
SST5EEE, B RAT NN, S
T 5T 30 o Bl TSSO P AT R —
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A “RERE-IN AN BLA, DRSNS S UM TR B AT
o I 0L C g SRR VRS E S & AL D K e ST
FAT N R AR BEAT & BRAENT 5 TPl AR T
AMZ TS
431 fi#

Y AR AT R A H Y L 0 R
M PARCHHT TS e, AT ENIER T HEFR 22 A A
AR S5 AT BER B AR ALK o, JFHE T sRIg A
FAH R R A2 a, , DUBERRB T

7,a, =LLM™ (M e \H™ ) (10)
Horb, n, FoRE S WRMRBURE, o FoRIETIZH
HEAE S IR 2R I AR B AR BT 2 AR
A RE R T2 S A AR, AR AR AT N e
Oy AR L i
4.3.2 N

FESRA i rBUE B S BHUMER IS, AT st —
ARG AR A S S HTE S HIE 0, R
FXE B B2 e P R RS ORI 1 T
AMURTELE R W IERA I, S 5RO 2 A A A
SRV RE ), BARERNT

# =LLM"®(e,,7,,a,) 1)
Hrp, 2 FORBUMR 2 A TN A IR, S
FEHFES N RRE S ILECAR R . ZHLHIAIL 1 A
CRBER B B OHBT BN, 2
MR BEAR LI 28 N AL B B A SR B 2 AT 7

5 X I

AN R T I UE AT 52 AR ZE B e . AT
Fe /v I S ) LS EE EA E T, B S
BT LI RZ Xt 8, B 2T-Agent. 765 T ik
LA R G LL R, FRATAMOSGE: F B A 1 R
T, TRV HAERTAETYE. ¥ 8 3 J7 AT &R
BEAMMEER S . Fgex—Bir, RABEHET
RERRT TR, FEHE I RRIRNIR DT, TR 4T R
I 2'T-Agent 7RI AR 7 TH I8 115 90

WEFE I L s AR TR J7ik, 2T-Agent 7E24 )
LTI 75 TH 2 B R A R ek S A

WM 2: 2T-Agent FISSHUMN B 4E A4 %A ]
RS R EZUTINFIZ H?

IR R 3. 2T-Agent 75 FF & KR A TRl
XA 2 W T B (n CDM 25 ) 14 R 8 dan ] 2

WEFLIA 4 . FER R S5t T, 2T-Agent 22 15 68
8 A 28050 R B ?

WS 5. 2T-Agent HESE Fp R4S H A B4 14
RE HF IR F Gn ) 72 75 A7 78 QB TRt & Skt 3=

SHER?
WF 9% 6] 8 6. 2T-Agent I\ %0 E U &g /7
wifer?

WEFCIE 7. M TAEGAET, 2T-Agent f£12
W7 &35 SR (10 ] R T L A TR B B Y
5.1 BUREE

fE 2T-Agent HEZEN, JyA 5k pr i A
A R, AR T — MEFA RS A
BHEEESRIEELIRE . 28I % H AT R
SEERILFEME™, BA RIFHARRESHIR
Bril. BT REEMZ RN, A TR Hrva IR
TETEMUIE /1% (Mech) , N LB RE(AT ), gmFE(Prog)
EATEIEE L, DUSZIE S AR v i B AR VA A B
PITHE R . R 2 JBoR TIX =T RIRERN AR
HEE.

*2 BIRESIT

Guil /B e Mech Al Prog
B RTah 4 22 286 1634 13 386
EE x4 754 126 294
R H 137 22 120
HTRAE & EL 162 27 131
PRSI KE 29.56 12.97 45.53
PR KE 29.56 12.97 4553

52 XWRE

FAT S5 v 0T R B AR (2 T-Agent) 2T K
TEEHAE, ZOAV AR A S 1 DeepSeek-
R1-7B, PL i it OpenAT APTRS5 3 FH i GPT-40-
mini 5 GPT-4o. AR RIIHES TE
P, BTE GPTHEAMIRESHEIRE N 0. BRIE
B9, A0 2T-Agent RiA#E ] GPT-40-mini;
MAESEFH GPT-4o IBEESLIGH, FEH] APTK
A, BAVHEL T 100 442 ] #3474

ENGREHELEE b, BT B8 R 24 S HCR
F Xavier 5 BT WAL . BATIEIEFRUE N2
IR, B EEEERRIR 70% CGNZR) . 10% Bk ) Al
20% CIRO) 1 LL I BEATBERLR 20 BhAh, FRATTHEZS
H R T B KN () B8N 56 BT 52561
SIS TE R — BRI EE N kAT, %3R5
N— G Intel Xeon Gold 5218 4bF #%(2.30 GHz)
APUEE NVIDIA A100(40 GB) &R 1= HEREAR %%
8%, ¥AFE A% N 64 A7) Ubuntu 20.04.5 LTS, 5

@ https://github.com /bigdata-ustc /EduCDM
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HESR 4 —Af F] Py Torch.
5.3 FEER

DR A THT VP fify BT 42 285 B R 78 40 W7 2% 3] 3 R
RS IIAE R, RABER T 2ASH_ENF2
WSS R sk LR . i Rl b ASE B 35 B TR JRAR
R, MR L B4 SR (A P 5T A5 1 o AR
FHEFF(ACC) S F1 4 %0(F1-Score) 1 N E EIF
fliahs, DAATHI B 2 B Y M RE R I

(DHDKT™: 2B 8 UK 2 ST H AR 5N
VOB ERAIIR, SR KA IO IZ M4 (LSTM) X 244
TEAS 5] 60 VR ST P 2 A2 5 2 R 1 15 1 AT A 5 T
W, B RS

(2)GRKT "™ iR R — b I T J&1 ) R B
Jiide, eI PR A 4 0 4% R A U A T AR LR R,
FHEEETFE DI = I BB B AR 2R . 5k
23] /3RIS) , MNTTTFE B8 A BE I Bk 2 A R A 1 [
I, BETE T TR .

(3HDyGKT™: izt RE M @ sh S, iR
TARE S I 1AL bR AN SRR S R IX = KBl AR,
FOH T ARG AR E B T

(4O THKT™ : R E YOk A2 IREERIBIN
KB ERAT S, WA [F 22 AR 1 B AR R 2 K
X B VN FRFAE AT @A, SO T o LR
B Bt R

(5)IRT™: T H o 7 S A AL i 3 W 2 A A
AFEEH FREERIL, i FETER K, 2
Z NS 2 — .

(6O)MIRT": 1E4 IRT ™ e iR, MIRT &
B[R PPAS 2 2R AE 2 A RE 4B BRI, & T

# 3 1E£ Mech. AI #1 Prog ##E& ERE 5 ERIEREXTEE

ZYN IR

(7) DINA™": Z R A8 R K 22 AR
S I A IR R LA T A 5 RS )
R, KA on 27 N Rk, ZiAEie
WA B T AR T2 —

(8) NCDM™": iZ 0 5| N4 R4 454, Ens
B 5 W E R HRR, TR
INHNSIBOR B2 R, 808 7 BB (] Ak, 2
PN FTZ I T B M TAE .

(9) HCD"™™: iZM M@ IE 5] N JZIRGEH, *f 2
A RS R AT A 20 0R, (LG & 18k
MBE Y. EUmEBRES, 2R LR hrE
(RS0 2 2 AP VSIS, A B T3 - AL 2 3]
5z tkhe

(10) EduAgent": iZHERLE — A sl e 4
FEZE, Eb AR IR S0 B0 R N RS & A,
51 S HI AT FEE AT AL, A SEEUN 2 A )
BT NS U E
5.4 MEEFUN(EFZRIE)RE 1)

R 3R TRHANMEHE ) 2T-Agent HEZLE ZFh
F IR BRZE Mech ATHI Prog =N ESEHH #
A LIPEREXTEL, P TRAR BRI (ACC) 5
F1 7 $0(F1-Score) . THEVERME, REFMIFIE
DA TRINRE B e 2% H b, (HIEETE 2 804 L
MTRIAE S5 AT VPG, AT NN EBE IR R 2T-
Agent TE @A ] F INFIIRAS 7 H 1A 20 X Fl
EAVPE 55— P R e R E A En s . H
& N B 5 AT O AR R A T TR B AT R T R s
£t
/%

Setting Method Mech-ACC Mech-F1-Sco AT-ACC AT-F1-Score Prog-ACC Prog-F1-Scor

DKT 79.63 £ 0.28 78.42 £ 0.30 7713 £0.29 75.20 £0.27 72.80 £ 0.30 71.25 + 0.28

= GRKT 80.03 £ 0.25 77.96 £ 0.28 78.62 £+ 0.26 76.59 £ 0.29 77.44 £ 0.23 76.59 % 0.25

K DyGKT 81.35 £ 0.19 79.13 = 0.21 79.22 + 0.24 78.49 £ 0.22 78.47 £ 0.18 77.03 £ 0.20

THKT 82.16 £ 0.18 79.95 £ 0.20 78.54 £ 0.25 79.46 £ 0.19 74.11 £0.27 73.43 £0.29

IRT 74.56 £ 0.30 73.28 £ 0.28 7729 £0.27 73.36 £ 0.30 73.42 £ 0.28 72.17 £ 0.29

MIRT 76.41 &+ 0.26 75.32 £ 0.29 78.99 £ 0.24 75.03 £ 0.28 74.13 £ 0.25 72.73 £ 0.27

CD DINA 74.26 % 0.29 71.35 £ 0.30 78.21 £ 0.28 74.07 £ 0.29 76.15 £ 0.24 74.88 £ 0.26

NCDM 80.26 £+ 0.21 78.99 £ 0.23 81.88 £ 0.17 79.03 £ 0.19 76.45 £ 0.22 75.25 £0.24

HCD 81.58 £ 0.19 79.83 £ 0.21 80.85 £ 0.20 78.52 £ 0.21 79.61 £ 0.17 77.73 £ 0.19

Agent EduAgent (GPT-40-mini) 80.26 £ 0.12 76.47 £ 0.14 79.32 £ 0.20 77.92 £ 0.05 78.46 £ 0.18 74.93 £ 0.16

EduAgent (GPT-40 (100)) 79.45 £ 0.14 77.21 £ 0.06 79.11 £ 0.15 77.07 £ 0.13 7851 £ 0.17 74.28 £ 0.08

2T-Agent (DeepSeek-R1) 79.56 & 0.16 78.44 £ 0.18 80.49 £ 0.14 78.60 + 0.17 77.46 £ 0.19 76.93 £ 0.20

Ours 2T-Agent (GPT-40-mini) 83.12°1+0.08 80.73"1+0.09 82.11 £ 0.10 80.29 £ 0.11 83.26"£0.04 84.93°10.02
2T-Agent (GPT-40 (100)) 82.26 £ 0.09 80.49 £ 0.10 83.89°10.03 81.31°%0.05 82.26 £ 0.06 =+ 0.05

e P BUEET 5 3758 IR IE R 2 95% BAS X M1 58
FEXV RS ¢ 4036 By Gi it B2 1 (p=<<0.05)

AL RV R, LSS R L R RIZ AR o * ORI 45 R T R A4 SR 5T
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M ELSE ok E, 2T-Agent HESRTE & TAT 4
BRI AR, AR TS R E ER(KT)
FESINZBI(CD)Y R, 1Ak, S5FAHE R 6
PREAI ) EduAgent FHEL, 4R FHAH [H] () KA & 458
Bt GPT-4o-mini) fE 2 BEwS, FRATH) 2T
Agent BBYLE 5 TVFAL FEA5_E 35 i AL HE B 00k ) 44
. Hr, 2T-Agent(GPT-40-mini) fEANMEFRH
A VYIS e LR 2 R, Rl R AE Prog B¥i 4 LIk %]
83.26% HIHERAIZE AN 84.93% ) F1-Score, &3 H
MR (p<0.05) o BE4F, 2T-Agent(GPT-40(100))
IXAE GPT-4o JR3l R XFFEHLIEEL 100 4 L3047
TEET, BIEAERE AT T AT AR
iE. REHIEEMAE N, HIE AT EIEE LKA
AT Hem ) AI-ACC(83.89%) 5 AI-F1-Score
(81.31%) Fahr. 1X—25 AN EIHIE T AR/ /INRE A
W N AR, ik — DR T Rk BE RIS S A
RUFE BN Be R R I B AE o aE— 2D SRR I,
X ) 2T e A 1 K8 5 ALY R o B R R IR
AREE . AFERBSREIH LLM 1 B A &
SR R R I AN R B SCRERE T,
BT ORARRILE AR L U RIRN R SR A B THI T
XWFERTAT, MRS RN INRIRE R
W, AMUTESEM RAEW BT, BN RIE
TS MR £ 2 UGN SR P AL S . R IE K,
M 95% EAT X 1] %6 AT WL, KA 28 77 v CRe il A&
2T-Agent) 7E =AM K8 45 b (v RE I 8 B 5K 4%
4t KT/CD #8Y, X3R5 NRBRIHERLRE ) )5
T g5 RAEAFMRER] 3 PN —8, B
@ 5z a3 28 B4Rt .

5.5 2T-Agent & p{RIAEREH R E A (BT 2)

NIENKGAEA I 2T-Agent 7ERILZUIT
YR T FE R A B S Bk, BRATBETH R
177 — T A8 1 & RATAG 5256
55.1 THEHE S &R

BAVEIE T =AAETHEHLECE 5 A 512 Wb
A% 5 FU EASEF LRSI LRS54
PPl o PR AR AR AR SCIR ) 2T-Agent 15
R, EFXF Prog B4 4R HHBEHLIMEL T 20 445 2 H 1
3£ 200 ZKZ BIC S AT AR BRIV AR R SCA . I PR VPA
IS A, TRATIEIE T ™A% B E
2o 12, AT =ALE FIREE T EAHIVE o B
OB SR 5) FEHEAT T HRUIL, DARAORIE 3 % 500t

AT TE o bt A7 2 R H— Sy 3. bajs, 3k
AT 200 261 2T-Agent A2 BRI BB SCAS 5 5% )8
P H . SN —F2NA TR, ALK
TE EANFIGERT 7 VR B OL R, AT 73RS 13 %)

P

EHL/ T BEARA T/ AEH /K
74.56% 15.17% 17.27%
59.24%
2T-Agent 2T-Agent
Vs vs
Expert 10.27% Espert

23.49%

(a) TR R 2T-Agent £ MR A FIEIVFAN (b) % TN 2T-Agent £ R RE VAN 14

B3 EFSF 2T-Agent AEBUE R F& 3 M 5 L I MR,

5.5.2 —EUMERIR S 45 Rt
EWEERIFT AR Ja, FRATE Jekeis 17 =A%
FIPr R —8 k. AR TEH T 2460080
& IR Kappa RECRETEIF 0 & EE. 1HEAS
H ) Kappa 5 0.796, #3#E Landis and Koch*"f#]
ZMFRUE, ZAERA T FATE S A SL i —3
PE, MTTESE T AR PPAs 45 R T S 5 (5 .
FEIE S — SR R A TIPS R T RS, IR
AT BT A BB HEAT TI0 M, 5 BnE 3 fis. giit
SERILIR, 2T-Agent FTAE BRI A 3RS T &
FWIm AT, BEEA 7 B AR GEREER)
LLB &k 2] T 84.83%, iX R IZE REMRTE 2 4t
LR RS AR S N R L OB AR . I FR I B 00 A
FREES . EELTELERE I, 59.24% AE 4 RN
NEARER L, AP 2T-Agent 7ER
FRAT S USRI BN R E T A &
THILEEEEAE ). SILFEIRN, 17.27% K45
PPN AR, W RBERIEAREMH . RE
5| FEERIERE A St 0] Z PSS R E
PLIGAE T R S5 e A R R B A R,
PR T R GUHLH S5 506 45 SR B R AH L EPAIE . IR A=
R RBINARRERE Sy, R R A ] R R
PEL ST B I R etk —5 ) & H B AR
(PSS E
5.6 2T-Agent B T BRI 5 (R ICIRE 3)
N T BRFEAS N T2 W T H 6 AR SRR
2T-Agent TEAVLIRAS TR 77 52, FRATBEAL
WHL T PALE R, FEE Mech Bl 4E iR T 3%
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T P41 (HStat) . IRT(Item Response Theory )
5 DK T(Deep Knowledge Tracing) —FHi2 Wi T. B K]

‘@ 2T-Agent (HStat) ¥ v v v |V
Aih 2T-Agent (IRT) v %X X v | x
5 2T-Agent (DKT) X X v v |v
Actual Responses 0 1 1 1 |0
Exercises 19 20 21 22 |23
Actual Responses 0 0 1 1 1
& 2T-Agent (HStat) v X v v R
&ld 2T-Agent (IRT) v X v v |V
S,
* 2T-Agent(DKT) %X v x v |v

Kl 4 2T-Agent F T AREIRE 12 W7 TR0 S5 SR (v R 8 R Tl

HStat ORI T 1 L5t

o, TR IR G P B, 2T-Agent 7E =
P2 T 2B T 2 Fzide T —8, R
HA R AR e T S E R . IXRIAIREE 2 3] (st
RN, 1207 T B0 TI0 45 S e i s g, 20
B RRARLE VPl AR R ORI R AR B B 1)
153, MEHEANE TRA4E S, AT AR H 2
T REfR “RRENE” B, JLR, 1RSI
BT B ) FI0I 25 S A RT DA 2 T-Agent A2 T
BARERRME, TR AR KRR Fdue T
BRI AW Fln, F 315 S, M S, fERTFAN S H
(Z5 19 BUAIES 20 ) b (it &h 3R LF 58 42 5212 W
THRMSS, ARTE4T 05 A R T4 .
X—&# 5 2T-Agent I ITHHLE]—5, RidEd s
SR ST ML A WA A B TR /). 56 =,
BATHMEER] 2T-Agent 7E R L1545 N AR RYE.
Bln, )% S, (ERH 64 I, LARZES]E S, (5
H 32 FITNEE 3, 78 =iz T oA R 555
PRVEZAAB UAH B o X R AE FE A5 0 S A5 e ik
AR AEAT AR R Ze 0w 22 1T fg AR IR
THUNEREEE AR, MREZHOHERE. BIEXL
A AR EBER R e, R 2T-Agent 7E
LTI O ROBHZ I TR, AN R 2 A R BT
REARATY RER AR AN AR IE AT A 28X 45 PRAE T
SERUR R Tz A BRI . B0, fEEH
23 I, 2T-Agent X 2 > 35 1 TR0 2 B0 o B 28 /A4
ZERE . RS A S EE SO AT Re 2 2R e
BRI, (HIX— M A 3 “H

N 2T-Agent IR I AR, RCRINE 4 o,
X EESE R 2B TEA RIS .

X v v %X X |v v X v
v v v v |v v v
v v %X %X %X |v v X v
1 1 1 0 0 1 1 1 0 1
27 28 |32| 44 45 62 |64) 73 77 81
0 1 L0J 0o o 1 0 1 1 0

X v (v X v v X v v v
X X |v X v v X v v v
X v |[v % X v X v v x

AR R, XN TN B AR T 2 A S R

FHIWT” WEAS, RERIRIE T “FUMidiz 5 x
R Bkt I HE R R ) 5 H (B
IR T R B AR . BRI S, 1%
H@E N R “m B 5 «mgh 8 P b
FOKZ): A 5 S8 R T i 22, J5 38 DR &
ML RPN R TR S Mt A N1 SR L X
ZH A FBIE,

5.7 A BEhFRIMFUMEE SI(WFZIBIRE 4)

A JE BN SREG B T Rl B — AN G ) . TEBR = %
A7 A B S BT R, 2 T-Agent S 75 BEWE 2%
SE RO 25 AR R BB S T 2o ok, AT
THTBRA B S IR S0 5, LRSS A )
BRI RAS H AT F I ALRE D FIHERERE 1. AT
AR IREIEE, BATE Mech 5 Prog MM ¥4
SR A R AT A B, AR B AL 2 ) AR %A
B RIS () — /N A8 Hadsk, PR AT
Ak, HARAE HALS T EREVEAG . 7RI PR b 4
ERER IS N, AR IR AR e B S AT A
H, A AE A R B TE BOA AR @ S R I
T, IR AL RE ) Az AL RE 1R T
R

R 4 Fos, B )IAE B RS e4 R . 15k,
2T-Agent £ Mech 5 Prog PN 4 R I
BER TG, A T HAE T A T
AR B 5 R ILTN B8 /1. Hk, T eAW
KPMPLE B DKT FIEBARIR T IRT M

NCDM, X W] fef5 o T HJE A g A v o B 5 i 2 AR

ab

He
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AT RIS TB] PP BUARFAE , - AT L 2% B 5 (1 72 Ab

MR, INFIZ A 4D IRT A1 NCDM 8 7 1K
R BEAL A AR IR A RE R IR S, DRIRAE YA
JE S T EN R . BE, BBk 3k
2T-Agent 75 MNMEHEAE_E R AT LRI, HAERE
FEA B B H A AR R BORE A b B2 U R B, T AR
R E R BRI R SRR R4, B
5 A5 0 SR AR AL TR A I B BRI H IR AR (g R A 3

RE/T
%< 4 Mech F Prog ##E5 £ F1-Score 1 ACC 1% /BE
XL o4
Mech Prog
Model
ACC F1-Score ACC F1-Score
DKT 68.78 66.80 59.75 58.78
IRT 55.72 53.45 54.27 52.03
NCDM 61.85 60.87 59.52 58.21
2T-Agent 78.81 77.33 77.41 78.92

5.8 HRASCI(FRZIDIRE 5)

JPEAL 2T-Agent &4 A D Re sTk, FedT]
w7 PURE R CE, 2R BRBUNE & (w/o Th)
HIMidtZ(w/o Mem) B (w/o Ref) BL A fif
BB (w /o Int), IFAEZ AU 4R B aEAT X L 5k
5. SEIOEE R 5 Fon. B nT DL SRR e B
TUAE A AR 55 T RS AR ERE, WAIE T 2 A
[EIHL A R s Rl e 72 B AT 5 Fe 91 HORURr P 1
I, SEERAA T MR, RUEEYYE B
X EARINAUE S A 2 G 2

B viech [N [ ] Prog
80 (] - -
70 ]
60
50
S
240
30
20
10
0 Full w/o Th w/0 Mem w/0 Ref w/o Int

5 fE=ANEn A LT BB b

o, B TTHREE 20 AT B - BUTHE AL (Th)
T Rl B A — S PR REAR G, (HERWRTE SRR AR
TR ZREN R 5 N AEHERLRE ), T FE SR = B 401
IRSEI AT DL B YERFRE T AU BE . XS5 AL EIE
T LM EZE SRRz 1, EHFER
PR 1R S R S AR L . UM
fLAEH (Mem) 75 5 SR AR A4 P SE R B R 5 %

OER, HAER SEWE AT A VRSN s
Wrek )R R XARIL T SRAT A M ETHE
PSR SCEAE R, U AR R0 iR B AR AR 55 (i
Mech) FRIITAEE . EVLHI(ReD) X F A
FIVE S5 B HE R R B2 B B R, Rk S B A
TEHT VPN S5 TR En I HIRE T BTSSRI R 1E
XM T e ZE AR 5 4 E B A TS R
TETHER, Rl e A3 5 A il gt e ik 72 R A
FIEA  REBLEL (Ine) WIAE SSHAT AR AE TR ) 5
BEIETIVEDT RS E A, U RANVN ) 55 74
R AAT AR T, HERK T i2as ]
PRI o X SO T fR e AE i FE N R R i 2 5
RF AN, JC AR EANIMEREE
Y B EEANE.

B, BEHRTTERIR B A U s FERIR GG
FAAFCHE BB AR (B0 Mech ), OIS & ) 57
R BERUAIR, T 7E 75 208 BE A3 N iR A R 3 5t Clan
AD W HAERE N E; A2 BERTE B A 587 5K
FRFEIOAE 55 (g AR ) h B VR B2 4R, RI T
ANF AT 5506 75 s A BRI AR 2 57 . IXFh T
RE AR & VEEIAIE 7 N 28 B0 DA i 72 1 48 44 4 Ry
fE, BIALEE. W, S 85 OB I AH AR
5¥E.

5.9 2T-Agent BIIAZIE R RREIRE I D HT (AR

] 6)

SNBRATE AT ) 2 T-Agent 76 A% E RIS 2L
JiEERIRE )], BATHET Prog HfE#iE Bk
TF 7 AT E I (Bloom) A1 4r 0N 8255« 254
HH 4 B 2 2] 5 (E LSRR h VR S B, B
R H 35 S & F AR AT G S AT I 2
UhriE, WEIRIZ B RO A PR 56
EANER ARSI T, FATFENLIEI T 20 445
1B R EARE AR, A o0 18
H AT SN RZE IRBREE, DAL & 2T-Agent X}
I H LR (3 T R

Kl 6 Jon 1 RN E FERESS . B AE TR i
REFH S 3 AP DY A J2 4 L 1 00 A 1% 22 7 il ik
P 83.5%+ 82.1% 84.6%FH 82.4%, FKHH 2T-Agent
BEA AU T H A RRE, DR T K hn i TEE .

FHABE R AFAE— R, Bl “PRME” GaR
FIR R (7.6%), “RIF” BiRERHAN ot
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1 NULL NULL NULL NULL NULL NULL 8
GEtz)
70
2
4 5.2% % 7.6%
(FEfR) 60
i{?] 3 - 0.0% 50
S (A T MY
7 4 i
i 4 1.2%
(5 L.
5 4 0.0% 4.2%
GEY T © -2 -2
(ﬁlj;‘@-)é < NULL NULL NULL NULL 10
T T T T T T -0
A 1 L b 9 b

@@@ C@W &@‘@D k’f‘)’@ (%@ @‘@
TR
Bl16 2T-Agent TRINAIAT & 4N K1 = 2 RTRIE FERE CAR S50 By
FRMGEIREN T X b E & “BAR” 2 “PHN” A
IHIZIR, 9812”5 “QN&” ZIRToxT M ER)

(7.6%), JBEH AL FE A FEBORIA A B Bk, [
I 754 Bloom )z ik idE ANt Rtk o I E B 2 9%
FIR >, filhn “BRfR” AR DTN “ P B A
&7, U A AR R AR R AP INAT
5.10 =B HEFRRIEIRE 7)

AT AT Bl e I i 7 — 727 21 % VR
s, A —IEW R REBHERE S (F(X)=Y
B MR 2RSS ER AL DI X F4
Y BIRTHRT, MEEB AR R F, DIEBE G
IR R o BERNZAESS, B TR L 7 =M A R AR
R TRINEE R S MRERE /T ARG Z N FIS TS
(NCDM), AR T K0 5 A AL AT S8 B4 )
EduAgent(ZEMA) 5 2T-Agent HEZL(HUTHLAA) -

-

Find two real-life examples where problems are analyzed using the form F(X)=Y, Ground Trutl G;nund Truth
2 where both X and Y are known, but the function F is unknown. EEER 4 ERSIER
A
l TELE RS B AR IRII BB EduAgentBHdi2
Diagnostic Tool Prediction 2T-Agent @ & -Although this was the student’s first time encountering a @ Even when facing a
N B8 task requiring the inference of implicit function W new task that requires
i[}k‘iﬁﬂiﬁﬁ: 0.68 —— relationships from known inputs and outputs, they were inferring an implicit
[RIRENERE: 0.72 { T RR ’ able to flexibly apply their existing knowledge of 0 relationship for
(ﬂ#’ 0 EH B function mappings and rule deduction, accurately the first time, I am still able,
i i) identifying the logic behind the function and ultimately under the guidance of 'Cognitive
Tt e S predicted to s fully solve the probl Priors', to flexibly conduct
Con L Q { R -The student demonstrated a solid understanding of function }::;J:::g:h:?::jf;?;;i r;llf:l_v
st | (¥ 4FE) | mappings, accurately identifying the corresponding relationships ; 5 %
EIEER A T e T e between inputs and outputs, and showed good mastery of 10%‘]( ;1?“"{“ ]k’nown ﬁ;amework,
HES NSRS ER S A TE pattern recognition and rule induction. Although the specific e ]lm::hei, genle:']n & Q
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abilities in previous exercises involving function reasoning, input- (s S s
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PRAIUSHEAE 55, B HLAEAH SR H Hh B ) ARy R
5B AEHEPLRE J1HE 2T-Agent A BUHFIT R
F AT T A BRI W o 12 R R L T 2T-Agent
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answering performance, yet they universally overlook the
influences of cognitive motivations, behavioral evolution
patterns, and contextual factors in the learning process.
Although deep knowledge tracing models (e.g., DKT) and

neural cognitive diagnosis frameworks (e.g., NCDM) have
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achieved phased progress, they still exhibit three core
limitations in complex teaching scenarios: insufficient
adaptability, limited depth in cognitive characterization, and
weak interpretability, making it difficult to construct a causal
explanation chain of “knowledge state-behavior process-task
performance.”

The 2T-Agent framework proposed in this paper achieves
key breakthroughs by emulating human teachers’ cognitive
mechanisms, innovatively integrating a task-aware belief
modeling module, dynamic observation-reflection mechanisms,
and a causal explanation generation module. It significantly
improves assessment accuracy and interpretability in complex
contexts, enabling the automatic construction of structured
cognitive diagnosis logic chains to provide scientific support for
precise instructional interventions.

The research team has accumulated fruitful achievements in
this field, including student knowledge state modeling
frameworks and educational agent systems, with related works
published in international authoritative journals such as IEEE
Transactions on Knowledge and Data Engineering (TKDE),
IEEE Transactions on Industrial Informatics (TII), and
Knowledge-Based Systems (KBS, including highly cited
papers and hot papers), as well as CCF Class A academic

conferences like AAAT and IJCAI As a key component of the

team’s cognitive intelligence technology innovation system,
this study aims to tackle the core problem of dynamic
contextual cognition modeling in next-generation intelligent
educational systems, promoting the paradigm shift of
educational assessment from static label diagnosis to dynamic
cognitive reasoning.
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