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Abstract In the field of education, cognitive diagnosis, which aims to understand students’ knowledge
mastery level through their response logs, plays an important role in intelligent education systems and
has a significant impact on downstream applications such as exercise recommendation and personalized
learning path generation. With the rapid development of deep learning, cognitive representation modeling
has become an important paradigm in the field of cognitive diagnosis. Although existing cognitive
diagnostic models have made significant progress in accuracy using methods such as graph neural
networks, existing cognitive diagnostic methods often assume that the data is trustworthy and ignore the

impact of noise, which may lead to the model being misled by noise and reduce the credibility of cognitive
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diagnostic results in real-world scenarios. In particular, with the popularization of computing devices and
cloud computing technology, more and more students are learning and answering questions through
online education systems, and the errors caused by erroneous clicks have exacerbated the impact of noise.
Existing cognitive diagnostic methods tend to ignore noise-induced misdirection in the data, which
makes the diagnostic results may seriously deviate from the students’ real knowledge mastery status. In
this paper, we analy ze the process of generating educational data from a causal perspective and analy ze
the impact of noise in the data modeling process. To this end, this paper proposes a causality-driven
adaptive denoising cognitive diagnosis framework named CADCD, which improves the robustness of the
cognitive diagnosis model through a two-stage denoising strategy. First, students, exercises and
knowledge concepts are constructed as heterogeneous graphs and represented for learning using graph
neural networks. Faced with the complex noise present in the real world, we categorize noise into two
types: institutional noise and occasional noise. We use a causal graph to illustrate the differences and
impacts of these two types of noise, and design methods to remove each type of noise. Specifically, a
causality-based denoising method for student representations is designed to obtain more reliable student
representations, and then unreliable response logs are adaptively removed using Bernoulli distribution
based on the reliability of the computed edges of student and exercise representations. Finally, we perform
self —supervised alignment between the denoised structure-based representation with the original
structure—based representation to improve robustness while ensuring model accuracy, resulting in
accurate and robust trusted representations of student, exercise, and knowledge concepts. We leverage
existing cognitive diagnostic models to perform response prediction based on node representations to
evaluate the effectiveness of cognitive diagnostics. In this paper, we conduct experiments based on three
publicly available educational datasets. We compare state-of-the-art cognitive diagnostic models and
frameworks, and the experimental results show that the CADCD framework effectively improves the
performance of existing cognitive diagnostic models. Extensive ablation experiments validate the
necessity of each module. We demonstrate the rationality of the denoising model through a case study.
Furthermore, to verify the robustness of each framework, we artificially added different orders of
magnitude of noise to the three datasets. The final experimental results prove that CADCD has the best
robustness, especially at a noise level of 15%, where it achieves an average accuracy improvement of 32.82%

compared to the best existing method.
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J2 FH A E BETE A B R B B H R S ST R
WA 51T, A FRATT T LA 0k 3 o Bl
7 SR R R M 25 A D RICER A rp 38 8 DA S 5 A
U, HBAMBE BT FAE R T ULAER LS H 5 5,
ANSIRUNAN N8 7 1T e 5 B A 0 I BT, B S
KOV E AT, FRATTAT A T2 R [ 8
RESR S 2 AR DN R IR 1) 25 e

H::Hst[Hs‘Hx] 7)
e, Hy NEMGREENRER.

SiBUBE PNy WD & &1 55 SR I E=E RN
ENERAR . Al E R 1 EFE FAFR T X A
SFFAFE RS FS (K35, BF N AR AR B it
A7 Hhta A Kb B DAY B AR B WA Y, B H —
E[H]. EERSHTH, TATGIAN—NEELET
RFRFE M E IR, X — AR ZAT AT
PRI EAR R R . T A S R FRA T A B 1 2 AR
TR Hy 25t T B — AN Ak T, AN ] ik 4
TR, B Z=T—H,, firh Z A E5 R
(25 o AT 0 H bR IE R B3RS — N ROR T =
WFT Hy o SRR CEE B, ZET 400
(1) 2% Mg FEAEL A A P TR G AR o ) B S )
Pk, 0 1 KB, AT E MR B, /E1E L
BHSE H AR T, BISZE) T 20,

EIB 1. BRSNS T A H AR E ST AR
BEENAEE T, Hy, Hy, DL FHIEARZ MO

E((T —E[T]—(H,—E[H]))"]=
E[(T —E[T]— H,)] (8)
M, H,=H,-E[H | H,].

L. B, ST RBENLAE R H , iR
JiZERE S, AT AR E:

Var[H, |H,]=E[(H,—E[H,|H,])"|H,] (9)

FE MG Ab AE H 4 B 8 € (Law of Total
Expectation), XK T H, BUAEA13:

E[Var[HS | HX]] - E[(Hs - E[Hs ‘ Hx} )2] (10)

4 7 =T—Hg, ALz 5H, HEER
H AT HEIGARORE T 1w 2 . 2SOt
WAESANEN(Z B Z|H )" BaiEao,
AT LR ES Ny
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E[Var(Z| H)] (1) L HEMN SRR LR G, AT AT DT A

K(®) i B AR F AR AL T EE K R KRR AERME EH R B . B
E[(Z —E[Z]]= Var(Z) (12) RS, AT IR A RS L AE R R, A SO

H 4= /5 % € H# (Law of total variance) 7] %,
Var(Z) =E[Var(Z|H )]+ Var(E[Z|H]) . HIL,
A (12) A AT LAy

E[Var(Z| H,)]+Var(E[Z |H]) (13)

BT TR H, AR, X Z =T — H (%6AF
HAEE Ny E[Z|Hx]:E[T‘HX]7E[HS ‘HX] , ATEL
W RN E[T] - EHH ], HI7%H

Var(E[Z|H]) = Var(B[T]—-E[H | H,])=

Var(E[HH,]) (14)
Fk, AA3)ATLLES N
E[Var(Z|H )]+ Var(E[H(H,])  (15)

i F Var(BLHH, DN ES, Fil

E[(Z —E[Z]Y]1=E[Var(Z|H,)]  (16)
gx BRIk, AT LS 2
E[(T —E[T]—(H, —E[H,]))"]=>
E[(T —E[T]— H,)] a7
EHE.

mtl, AT 7w RN FIRE R R
H,=H,-EH|H]=T-E[T]+n, Hhnft
FME LU I B BR R S o e B 1 UER T A
AN R IR 2 /D L B A 2 AR A R R B
T REIGAANRES T, XU 17 A 7 RN
FM ARSI T BT X RF SR R A ) M X T
M IR PR IR P, AR SE T T ) R A LA
oy W TR AT i — B A B
3.4 BENXEZEWERE

QI35 I A B 1 [R] 5T A1 2 K e R A S AR
[FA UG B AT 8, I P P o 7R I B AR i3
SRR ORI EREMa 5 RN, AT P AR DA RN ZRAIE 1Y)
ke o £E P s S8l i 22 B R 2 2 il Ag
FH T FR S 22 40 0 7 AFTHGR A P08 000 e 7 () 2], g
FE I AMY W] i 38 B2 AR o A H R R BB R
2], BV REHL R H 5 AR A

X T NENS TS5k U, WA 1 28 R 3 Ak T
A S H AR B A G R e WL
FEMAT N RRT A (BEHEETFARRAEH
TR R B ATE B AT EER), O +F
BEVE RGNS FIRERC G AR OR . Bt RATE

R i = PRV AR Y AP N Y RPN W RPN = R ]
AR H RS AT PSR A, AT AR
FXF BB AR B AT RE . B, ASCH AR
R R TR, SRS L AN [R) AR AR R
HZRELSE AT 22 S 4
e =W [hE © by ] (18)
loga”, =W,;* - [h% ® hi] (19)
Horp, WS W RS R — R H IR ST S O R
R R, s s, AEZ E x, ORI
RO T A, JFREAT IO REE, RS 5F
AN LR FEE R
w, =u, +eo, ., e~NCO,1) (20)
BORH AT SEMEAR A X 25 L SE E 21 H W 24
WeOR B, A E AR B4R B A B R AR 2. T4
/INFR T A 2R X 2% 3 B AT RE S R O R A T L 3
), BENLEN . BRAER R Rt FEER R B
I, AR F A ESF 29 A (Bernoulli distribution ) 2K
H 3 N BEAT I 25 . FEA SO, R BRI oA
KRB A2 0 8 1, HosidXeD) AT
‘H‘ﬁ
o(w,)
Hrr, 5 04 sigmoid BEL, ¢ AR (0,1) R
BT IEB A A IR E B RA AR R, A
SCHEH TR IR LI — 7y BRI ERS R S g . IE
WA BRI B T 2 AR IR AR R E B2 R Je
FREIRATAE Sy, 7R I i B SRS I Bl i 1 A2 7
AR . IERH A B B R R R T BLER IR
ay = py o R HERE T ERREEEH
TSRS RN ISR R B R SRR A, 75 40 1) H 4 2K
Ry H BB R SBR[ B, RER
AEH ] ER RSV AIRIE N a), = pl
D7 Ak 2 e e v B G R R R0A T BUE B
PO, AT —> B W L ROR s ) 25 R AR e AR
Wi 5 TR0 S R I A 2 A 3 8 TR R — Bk«
L, =—) log(exp(cos(h{'h$)/t))  (22)
5,€S

b= a[logt —log(1—1)+log

Horr, cos RERIZMMUE, kg AAFRIET LML EL
TR s, KIARIZROR, R AR T JRUR 1R
R s, AR .
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3.5 AFZHTIE S
TSI ENZ W SR G g, ASCHR )
CADCD HEZE R F AL g5/ Wit T S{ERIA
FIAFIS WA Y s RN RO A 021 &, BRELA A
HIZ W R o] DA R RESE R VR B Pl e .
26, X TE o 7 B 4EFE PGS LAY, AR
BETE T HRFAIE 5 4 2 SR A WA 28 11 4 i DG S [ i -
H' =ReLUHW, +b,) (23)
H, w eRY AMEIMRE, b, € RV M R
B,
TEMRAEFEX S5 2 fa, 1 RPN RS
Wi A s N, RIEAT A2 5 H A8 B«
Yo —CDM(HO HO HY) — (24)
HAr, CDM(Cognitive Diagnosis Model ) & 7~ AT = A
HUZWIBIA, (o) AR AT BEAFAE B RFE 5 46t o
7 CADCD HEZYII 25, FRATE B IIZRAL
S B oAl . BAARSR UL, A SCE Je R ot
BAAIR R L RATRARZ TN GE /7, W2 F]
SRR B H ROR A ETR R IR R T A R B AT
DU 8 H
— > [y loga(3)+ 1=y log(1—s(5,)))]

(030l
(25)
Hrp, LREMEZFILR, v, AR P T2 R
R REA LS
SRIG, ASCR TG K 5 B0 S 40 R AR 4
B DA 31 B 2845 2K R AL
L= Loy +A4Ly
Horr, A AR E S

4 W

N VIS UETE R R, ASCHE=AFH S5
MIRE B4R LT T RESERIIE. AYE L
T SERHR AU RV E B BRSO, SR e %
TIAT f e MSREREAT 7R E WX LESESs . R,
FERTREMREGEAT TSRS . N TP Rk
WETTVE MR, FA T8 B0 MGE TR o
Wt 1R A H IR . O T SR A TR T
VERVEREE, SEE N R AN ) R ) e 7 D
BEAT T BRI KRR SR HE R ], AT
H ) CADCD HEZ3 35 1 BUAT DA RIS WS 7R () 1
PERIEETE, JFEE T IREERICR .

(26)

4.1 LR

RXAE=ADAHEN TR A itk Lty 1
KESLE, BHE5 Assistl7. Neurips2020 Fl Junyi.
T 1 T RERE T R RIS B

N T ALTEE AR R B INIE M, ARSI T
BRE - IR AR Q FE % B =AM R IR R R
AR RRE Ao PR MEARER Ak - H S8 B AR R
FOMLINAE B3], A BT Hafs i 2R 2 R B AL AR A
T O R IL SR |/ (|5 AR X H %
B o FRIERR S T E KA. 0 HERE
WA AR R H %R, H TR 5 AR
RIKH B ARFEE

x1 BIEEER

o i TR
Assist2017 1709 3162 102

Neurips2020 2840 6000 268
Junyi 10000 734 734

P QR
Ewi%_#
390311  0.072 0815 1.22
214328 0.012  0.631 4.14
408057  0.055  0.687 1.00

Hidlide

Assist] 7 HHE 4" & B ASSISTment % f 52
RGM RN MRS, BA =%
HH g e 1 38 TR B 2R AR B B2 o Neurips2020 £
HOURYEF R A — T4 N “ The NeurIPS 2020
Education Challenge” 5638, BA =AM E+ &
e O H A QIR EAE Eedi BT &
R ZEALE PN 22 4R (2018~2020 4E ) A X $ 2 1]
B EER . Junyi BHRESRAY—HE T4,
HEA =B E D &2 280 iR
Zr il R E =
4.2 1FMERR

Bl o IR A IR AE AR AR AR T A%, (HAEH
B E Y s0h, BT 2 AR (et R g Fnil
RO BRARVR FE) oL BRI, AW ST I8 E W\ HZ
AR AR B AR T T, A DA R R 2 2 A
25 2 DL (I A6 755 TE 000 i 2 AL I ) Y 000 8 1 SR 6 11
INFIZ W I RSCR o OO AR 2Rk vy, R AR AR 0k 2
AEWAENFPIRAS R BB . A SCH R IR R
N H BB L 7:1:2 5 BN YIRS SE SR
MPREE . Horb, WZAELTIH TEMSHGTS
FANFIRSI ], WIEEA T REBESE, &
AAENMNAEE BB —u sy FARPR AT IERESE . A
SCAEEFH PO A 7R B 1 i A R — S T R 4 bR ok 4
JiTHPFOY SR S5 R

XETNES I HER I, A SCH AN R FR 70l
AR 4 2 A 6 4y RS R U PR RRARRAIE: (1) A2
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(Accuracy, ACC): TN IERIFEAR L, B
B AR B IR 4 R TN RS B2 5 (2) P 33K i (Average
Precision, AP): RIS & -1 [3] 3 i 2k (Precision-
Recall Curve) FIIIALTAR, 14845 B f OV IE B
AR E. 5 AUCAE, APXHMRIEFIR T 5
TR, LEAEIZ WX M iR A B e R B
B RERE L AP(EBEIT 1, RUIBIAEIRSF
e Al R [R]  R A B T B S R (3) %R
F T AF FRAE ff & F i 1 (Area Under receiver
operating characteristic Curve, AUC): HITH 535
B AR #h 2T 1 T AR R A B 0 IE Sk
KX IrRE ST, & T RAAF 87 5 T I RE R
flis (OFL: FE KGR S H B RFT5%, W]
DL 4R 5 A fER O .

FEINFIZ W, 2 Wl SR AT ARt AR A
RRE IR D IR ERRE, B SEIAMEAL 2 ) T
HIRBRE AT T o ANBIE TR FIAER AT AT FE b e V2 A HL
B B0 58 45 1 1 — EU FE (Degree of Agreement,
DOA)E R T R ES IR f bR,  HA EB AR T X
SR E RS AR . RRAFER AN
s; As, o BEREORIR HARRIRBES £, BV H x, » #5775
2 Ace(s;, ) > Ace(s;, ), WIFRE B R RIESA
s, 16 k, LRI R ER T 24E s, RIS TR
Zrds PSS R, H NSO AH [ 25 AN [H] 1
U1, BIUA s, EERTTTT s, SEE I ST MRS T A
s, VAN FRI SR . B35 2R, A3
W AN O AR AR B IC R 2 1 AN AR RUORAE
9 DOA BI5SUFARHE « BAgRd, H1iH &, 1 DOA )
THEAXN

Z é\(Mas_\Wkﬂ , Mas‘\rvk’kq )-a

s; ,.\JES

@27
Z é\(Man{k,kU ’Mas.\' ok, )

DOA, —

M
zQeu /\(D(Ie’si’sj)/\é(rei’rej)
_ e=l (28)

a

7 M
:EQMAM%@JJAKQiQﬂ

S, OMas, , Meas, ) RIS/, 76 b, LRI
KV RERE TS . QARMH x, ME T £, 2
k. MRS BT HH «, s B,
OCr,r)=1, BMN0. olx,s,s)RHs s, &
HHEE VH x, o G, #r,) 3K s, M, (12
M AE . R s, EX THEHE, HH T, M
OCr,,r)=1, HUAO0.

43 XTEEEE

NARG VL CADCD FIEVER S, A SCHAHESE
5Z2AS KT A A2 WS R AT A, BB
A NS S I A S 1 25 TR0 A e

(1) IRT™: A i A2 R Y 1 B 5325
IRT i A RE ) S H i AN AR RAE, H
KH Logistic [ M. BR U ST /8 H RRIE 5 224 R I
S S

(2) MIRT"™: BF0HE G IRT () 54 R AE SRR,
MIRT il Hh 5] N 22 48 7 2 ] LS B 2 24
HURASI AT RAE, T R PR AR S5 R )
e oeHk.

(3) NCDM"': AR A8 5 22 J2 S AL S i o
BRI A BT 2T, Rl g N T3 R 4544
PR, e o o 21 o I 2 B S 3R H 5 S A RHE I
RIZAE AR

(4) CDMFKC™: 25 B3 3o B - & 10
MG AR LA, 208 T RS R A
LW R

(5) KaNCD™: 12483 5 e s A 1R A 6
156, I 7 55 AU S A T AR 7 a5 N R ) B
T AT 55 AT S T S

MY AR CADCD HEZEAIIL Y, FoAlT
I3 LightGCN Al ORCDF Py fh3E T 224k
RS EBANEL AT RORF 2], FEa G iR AFniZ
BRI SR AT XoF Ll sz 45 SR

(1) LightGCN™: %7 k28— 2 ity iy [ i
PR, AR BH AR BRI R
f#iH LightGON #4722 A NANR A 121, S8 )5 18 H
A N ANZ SRR AR T A

(2) ORCDF": ZHELR I T 4 8 3: #9 52 T ok
BRI AR WA, [ B 3 i ot 58 32 1) B
MU SEIL T S0 & #e B 2 W ROR
44 LHEAATS

AR, RATFM Xavier ZE01464k 77 k3t
AFRCE AN, [FINHE ) Adam DAL 24T RERLARAL, .
2 ) AT W R A 2R TR, Y A{0.004, 0.005}.
B W B R SR B N 0.003 o ZEFEAT VR T
AR V2 WA 2R 1) 2 i BRI % A 7 25 R ST IR
NCDM F1 CDMFKC (1) 4 B 45 v B o8 T A s
74k, HAWTIERISEER g — BN 32 4k, FTE
P AE I B K /N (Batch Size) ¥ 4096, A ST
H IS ARLE—5K NVIDIA Tesla V100 32GB )



3 FREETAE: DR SRAKEN ) B &R 2 M K2 WTHE S 567

GPU 1247« o fRAS L P BEXT LU IR P2 1 RN AP
P, AR SR ARG 5 X6 LU RS 7 L A6 SR R A A
IS EECE . IRT A MIRT VE Ay 78 4 5 R 7 )
I, EATH 5 AR AR & AR B A
THE, 5EMEIR SR ERRESTTHE R R, Fit
ANIE TR DOA. 7RG 82T L segt g e, A
SR “=7 SRFRIEFANE .
4.5 XFELSEIE

K RER 2. 8 3MFE 4 PR T =R
SEMIXT L SLIR a5 R . SEIRHE AT LAE H, AL
$E i CADCD HEZLAE AT A a4 - — Stk 7
BT BN RZ W 8 ) R M A AT e . RIS
M T IE AR WIHESS, AR — AN ERtIA 2
T ASE Y St o e R T R MR S B T R K R
Tto IXUESE T CADCD A &2 Bk 1 H0Hhs Hh e 75 9
SEPLT AR RS T .

2 Assistl7 #HiEE FRIXTEL LR LA

Method ACC AP AUC F1 DOA
IRT 85.56 9646  88.27  91.66 -
LightGCN-IRT ~ 86.75  97.08  89.43  92.11 -
ORCDF-IRT 86.83 9708  89.43  92.13 -
CADCD-IRT 86.93  97.15  89.57 9225 -
P 0.12%  0.07%  016%  0.13%
MIRT 86.38 9699  89.32  91.98 -

LightGCN-MIRT ~ 86.07 9652 8858  91.89 -
ORCDF-MIRT 86.76  97.14 8952  92.11 -
CADCD-MIRT 8838  97.67  91.58  92.99 -

I i 1.87%  0.55%  2.30%  0.96% -
NCDM 82.22 9393 7956  89.39 5554

LightGCN-NCDM 8329 9496 8294  89.87  56.94
ORCDF-NCDM  85.63 9647 8759  91.27  60.27
CADCD-NCDM 8657  97.05 8949  91.79  63.90

P 1.10%  0.60%  217%  057%  6.02%
CDMFKC 83.01  95.76  84.34  89.93  55.98
LightGCN-CDMFKC  83.09  95.16  83.46  89.70  57.20
ORCDF-CDMFKC 8694  97.05  89.58  92.08  62.70
CADCD-CDMFKC ~ 87.32 9715  89.95 9236  67.76
P 0.44%  0.10%  041%  0.30%  8.07%
KaNCD 85.03  96.12 8645 9098 579

LightGCN-KaNCD 8549 96.31  87.05  91.25  58.38
ORCDF-KaNCD 8714  97.10  89.73  92.27  62.42
CADCD-KaNCD  87.59 9723 9023 9250  67.53

i i 0.52%  0.13%  056%  0.25%  8.19%

MEGEE SR bl IR, MIRT i S AE AR
M2 AMBELEREIRAS T SR KRS WRE 1, R
WAL SE IRT PAERe /1R iR IR, fE R Hin 4

FESEAS T AT IRT M2 gt 4. CDMFKC &
NCDM it F, G803 EiR S sh & S 5k el 2 b
BE I HIERTY . T8I 51 NSRS R S E w1
AR R R AR 03 (0 22 ARG, JR4E & 2 X Oy
FE 5 R M P A 22 IR N 25 [R) o R FH 2R TSR
0 5 5 11 1 3 I o T AL, A M B s 5
PR3 5 . KaNCD J8 i 78 75 ) 2 B U 1 il A
[ R, FI ) CU 56 0 R o HE T R 78 5 6 A 2
SR1E, MR T S A UER A ES W R

LightGCN. ORCDF Al CADCD F| FH &l 1 22 b4
28X A H AR I R A A AT 2R AR AR
RS SW, FHR A B E R 2 TS R (0 2,
BERTE T INVASEE R SR . XREFNEE Y
S A% 0 SR AR L R R R A o0 R AR T
BT NS HEAZE, 8 H AR C SRR
ROREK . AR G728 4 22 A AR H ()58 B Ak
SEHAE, TS BRI B 2 I 25 0] LA AL
FEAR LIS 2 B O R AT LIV B S B o« X Bl A oK
R 2] RE AR 6 i IR 58 11 58 LA R 32
HUCRE R 2 BN S 2, AT 35 B B SR T 25 4
H AR Z [ KR

TENFNZWIESE B it A A
RO R R S P R 8 R R I 3 Y 5
RO FAEEE A ER R T — AU
RE, A B/ R A R AT R R 2P A
1T AR TR bR X —HEVET 2> 326 Y IRl 8 A
W — U7, HA MRS 2 S E i TR
PARIE VR S — 5, AR RN A H
TE M2 2 T 22 5] BB R Bk 12 . BRI,
Light GCN AR F5 (W R JE 55, nT DUR B 4y
SRS NALIRAS, AITHUAS T B AF A A2 2
H . ORCDF #1 CADCD H (1) 45 BB o 5 R FH T
LightGCN 11 JE4% Gt 1) G AP 28 N %

ORCDF 383422 BB 43 4 IR R H 22 5. B A
B EAZ TR, AR IR A BAE N
H g R I SRR Y (v A, PR T AR
LW . IR RN IE VR & R AR A 25 S ik 1
ANRIAT B, T ] 2500 AR I 2 A X R R
[ 32 46 06 22 (502 v 1) BRI ) AR 3R
B AE 2 AT RE R N 2 A A R M B T R S kR
TAERIFA AN o ML LA 2y 78 7l
GBAR R ZFEE, (E1AT e NS 5E 4 Hh il 41 S
55 SRIM, XL VI AR J A b Ak
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BAFIRAYUE R, ASCHR 1) CADCD A 2ot %
B 1 MRS IO RE M I IRAT T e A EIIZ W OR o

# 3 Neurips2020 ##EE _EAIXTEL NG LA R

i CADCD HEZEHE SR 5 1) MIRT fKAREUS T8 T
IRT 455,

4 Junyi BIEE LHIXTLLSNIEER

Method ACC AP AUC F1  DOA
IRT 69.95 8334 7522  76.85 -
LightGCN-IRT 7143 84.70 7656 78.63 -
ORCDF-IRT 7145 8478  76.68  78.24 -
CADCD-1RT 7156  84.85 7678  78.51 -
e 0.15%  0.08% 013% 035% -
MIRT 7009  83.06 7451  77.84 -

LightGCN-MIRT 70.49 83.89 75.47 78.25 -
ORCDF-MIRT 71.54 84.68 76.58 78.35 -
CADCD-MIRT 71.74 8490  76.91 78.55 -

e 0.28%  0.26%  0.43%  0.26% -

NCDM 69.73 82.77 74.19 76.80 66.55

Light GCN-NCDM 70.55 83.48 75.58 77.00 67.57
ORCDF-NCDM 71.36 84.80 76.68 77.72 69.25
CADCD-NCDM 72.12  85.40 71.5 79.01 70.86

7 1.07%  0.71%  1.07%  1.66%  2.32%
CDMFKC 70.86 84.22 76.05 77.21 68.35
LightGCN-CDMFKC ~ 71.62 84.69 76.82 78.42 69.90

ORCDF-CDMFKC 71.66 84.68 76.72 78.55 72.15
CADCD-CDMFKC 7197 8515 7723 7886  72.42
s 0.43%  0.56%  0.66%  0.39%  0.37%
KaNCD 71.01 84.17 75.97 7791 68.67
LightGCN-KaNCD 71.08 84.78 76.59 76.99 69.14
ORCDF-KaNCD 71.59 84.92 76.92 78.18 70.09
CADCD -KaNCD 71.78  85.11 77.02  78.41 72.66
e 0.27%  0.22%  0.13%  0.29%  3.67%

EAERM R, IRT R SRY4ERE S E s
Logistic i N R 1, 1 Fh 2 14 ¥ 5 1 St A PR 3 B
P REWEE, BTl CADCD &4 T K
PR HESE 5] N 4ERonE, IRT 2 KN4
K3 EUE Bk, 15 CADCD S5 HEZE 0} 3
i RORAS A e AR B . . 55— 7T, 7R =
MR B, 2t LightGCN 1 ORCDF 1 9 1]
MIRT FUAH A 2 A3 50 R 1) IRT S5 IS 7 AU 1
GERL, WA R I MIRT R H . XAy
4t IRT B e KR T B Re 1 5/ H 240, 18
BARATTERE TR, X PP SRR T B S T W S TR
ZRAIAE X5 %% . T MIRT M 22 4k 2 505 )
X R S UK, MY LightGON [RAT ISR &
Py BRIAHAR T 5, BIN T I 3E AR, i PHAS
TN WBCR 3R T IR FNRANER, %
KA H CADCD HEZE K 23 513458 IRT A1 MIRT
i, T CADCDHEZLSLEL T4 R 23, thit&

Method ACC AP AUC F1 DOA
IRT 7627  89.07 8037  83.49
LightGCN-IRT 7746 89.71  81.74 8431
ORCDF-IRT 7757 8938  81.68  84.42
CADCD-IRT 77.62 8973  81.84  84.56
= 0.10% 0.39% 0.20% 0.17%
MIRT 77.09  89.18 8095  84.25
LightGCN-MIRT 7729 8925 81.17  84.8
ORCDF-MIRT 7751 89.15 8133  84.25
CADCD-MIRT 7759 8931 8142  84.53
] 0.10% 0.18% 0.11% 0.33%

NCDM 7427 8792 7807 8259 5041

LightGCN-NCDM 75.00 8245 748 8243 5544
ORCDF-NCDM 76.86 8933  80.89  83.78  59.43
CADCD-NCDM 7735 89.58 8146  84.21  60.94

] 0.34% 0.27% 0.42% 0.13%  0.49%
CDMFKC 7487  88.03 7843 8251  49.24
LightGCN-CDMFKC ~ 76.19 8873  80.83 8247  59.33
ORCDF-CDMFKC 7726  89.05 81.05 8437  60.64
CADCD-CDMFKC 7752 89.29 8139 8448 61.24
] 0.64% 0.28% 0.70% 0.51% 3.05%
KaNCD 7527 8348 7521 8332  53.86
LightGCN-KaNCD ~ 76.61 8825 79.89  83.6  58.88
ORCDF-KaNCD 77.54  89.43 8143 8435  60.58
CADCD -KaNCD 7779 8971 81.88 84.62  61.30
] 0.32% 0.31% 0.55% 0.32% 1.19%

4.6 EHIoH

N TG R A B R S, AT
Assist17 B¥REF 1D A 2 [I2AERT T 26004,
RS 207 /AR IE . BB M N S AL
HALSWIER 5 Fw, Hoh il B AR BT S AR AR
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Background

Cognitive diagnosis, as a key technology of educational
data mining, has the core task of assessing students’ knowledge
mastery through feature extraction and knowledge state
modeling of massive learning data. Compared with traditional
methods, graph neural network-based cognitive diagnosis
methods have realized significant breakthroughs in data
processing paradigms and model performance. While
traditional methods mainly rely on linear assumptions and
manual feature engineering, which are difficult to capture the
higher-order associations between students, exercises, and
knowledge concepts. Graph neural networks can naturally
model the topology and interactive dependencies by
constructing a student-exercise relational graph. These
properties make graph neural networks a cutting-edge
technological path in the field of cognitive diagnosis.

Existing cognitive diagnostic methods often assume that
the data is trustworthy and ignore the impact of noise, which
may lead to the model being misled by noise and reduce the
credibility of cognitive diagnostic results in real-world
scenarios. In particular, with the popularization of computing

devices and cloud computing technology, more and more
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students are learning and answering questions through online
education systems, and errors caused by erroneous clicks
exacerbate the impact of noise. However, existing methods
often ignore the existence of different types of noise in student-
exercise interaction data, which is amplified through the
aggregation propagation mechanism of graph neural networks.
In this paper, we categorize noise into two types based on
causality and design different methods for denoising. The
experimental results show that the framework proposed in this
paper can effectively improve the accuracy and robustness of
the existing cognitive diagnostic models with the best results.
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