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TEAS R E R, AN (R 2% 05 v 0 (8] 0 T 90 16 %5
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(ZRB 25 (Information Gain) :

GAINgpie = Entropy(p (Z Ent'ropy( ))
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BEEMEE: RpREENFHT, B EAME MR R .
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n FORSEICHKH, n iFRRXIE 1 FHIEFRE
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CVPR 2021 AliProducts Challenge: Large-scale Product Recognition
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NLPH K Gloveid &

https://nlp.stanford.edu/projects/glove/

loan_id 119262 HERKILFME—HRiR
user_id 0 F - ME—45iR
total_loan 12000.0 F¥Ek&%i
year_of_loan 5 PERHIIR (year)
interest 11.53 gl E

Download pre-trained word vectors

Gigaword 5 (6B tokens, 400K vocab, U

o Common Craw
o Common Craw
o Twitter (2B twe

(42B tokens, 19M vocab, uncased, 300
(840B tokens, 2.2M vocab, cased, 3004

bts, 278 tokens, 1.2M vocab, uncased, 25

HA KER o Je it 512

e Pre-trained word vectors. This data is made available under the Pul

http://www.opendatacommons.org/licenses/pdd|/1.0/.
o Wikipedia 2014}
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0 F 4T 93 M (principal component analysis, PCA)
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0 F RT3 P (principal component analysis, PCA)
] T AR P A 5 — 4
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F 15 7711 (principal component analysis, PCA)

BUMGRENX, W45 H SR Y
RIS R ST, BRBERY R AR IR FRE B = LYY € R

1 1 1
B=—Y'Y=—(XP)'(XP)=—P'X'XP=P'CP (C=1XTX R

m

BN EE NIRRT ZE: YR TT 22 500 rh R0 A 70 3B
XF C BATRFAEAE 70, R SR AT B R RFAE AR R BN IRAE D 1 7 22 FE
RIXF AL TTER, LA AL AR (P)

OREA BRI K ANRFIEAE : SEKAS 32 B0 90 58 KOR AR AR ARG . ik

]

FEAi 2 ]
ST IRIGINM (NZEMANFEAR) 58, SRR 2 2 N*M
PCALLEN: KM (MAKZEFREA) +N*K(KARHIE [ &)
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o ERST 51T (principal component analysis, PCA)

Algorithm 5 PCA &

Input: JFHRITFEARFE X € R™"
Output: F4FfGHFEAKFE Y € R
SRR T EEN 2 @ - 2 ) i, Vie {12, ,m}
VAT ERM C = LXTX
A AR AR C R AR E )
- RHRFEEMREDNERT , TR AR K ANEFAE(ED R AOFEAE 1) S A5 ) B A i B P e R
5 FFIR IR B BB S Y = X P

[a—

[S]

[IV]

=

ARZAE
= 2 JRUAHE R 4E R R R R IR, THEBR T EI K XTX e BB KT A E
= EEX U R R CHYRF LR SR AR I AR T AR AN =
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BEAEREASRTTHSE, SR KFEEXT

GOp | BRI | BFEE | BIF | el BRER|ELTE TLL
H B|KE | R BIW | F% B |MrEdEk|thiadsd) o~ E
X, X, X: | X X5 X X; Xs B
JLA [1394.80| 2505 | 319.01 | 8144 | 373.9 | 117-3 | 112.6 | 843.43 ﬁ;&l}ﬂ _18#13
T | 920.11) 2720 | 345.16 | 6501 342. 8 115. 2 110-6 | 582.31
w |Z849.52| 1258 | 70487 | 483% |2033.3 115. 2 115.8 |1234.85 |:> =
IW# [1092. 48| 1250 ) 250.9 4721 717. 3 116.9 113. 6 | 687. 25 =IJ1IDHE%EI;E
Mg | 832.88] 1387 | 250.23 | 4134 781. 7 117.5 116.8 | 418. 3%
LT |2793.37| 2367 | 387.99 | 4911 |[1371.1 116.1 114 18410. 55
= 1129.2 1872 | 320,45 | 4430 497.4 115.2  1t4.2 [ 762.47
SRIT|2014.53] 2334 | 435.73 | 4145 824. 8 116.1 114.3 [1240.37
E% [2462.571 5343 | 996.48 | 9279 207.4 118.7 113 1642. 93
{4k |5155-25] 1926 [1434.95 | 5943 [1025.5 115- 8 114-3 2026. 64

=ANERES (8+3) AEEEIEER AR AR
P—— S : S Xy | 10000 2670 .931] 190 .617| —. 274 —.264| .87¢
A [ — AR E [ B = $51E 17 : :
i BEAE(E X | 067 1000 . .TIB - 80 - 234 —503 383
0. 470641 0. 107995 0. 19241 ﬁﬁg X JOal L4260 1.0000 L4000 431 —-2825 -, 350 .792
0. 456708 0. 258512 100 oy Ko |81 Y00 LW - 358 13~ 50
O 12Tl 0. 287536 o 1ozl X, | o617 =151 431 —.336| 1.000 —.258 022 650
—0. 31944 0. 400531 0. 387525
o s127s o tonsy . Xy | =214 =234 — 282 —.134) 258 1000 .760) —.126
0. 250802 0. 498801 —0. 24777 Xy | —.264) —. 593 —. 339 —.539] .022 .7601 1.000 —.192
0. 240481 —O- 48868 0. $32179 X; A7) L3631 L7920 —. 104 659 —.126) —.192  1.000
— (. 26267 0.167392 0. 723351
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BARAZI -0 B8 Hda, NEHEH H i
HEv2 i 5RE 56285, IR KA
T.C. Redman Data Quality: The Field Guide. January 2001

I.T Jolliffe. Principal Component Analysis. Springer Verlag, 2™ edition,
October 2002.

Feature selection algorithms: A survey and experimental evaluation, ICDM
2003

Zhenya Huang, Q1 Liu, Enhong Chen, Learning or Forgetting? A Dynamic Approach for
Tracking the Knowledge Proficiency of Students, ACM TOIS

Fei Wang, Qi Liu, Enhong Chen, Zhenya Huang,, Neural Cognitive Diagnosis
for Intelligent Education Systems, AAAI'2020
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o R RAE Data Collection
o PR Data Storage
0 s AL P Data Preprocessing
0 AR TR Feature Engineering
B 2020 FORNRIEKES
[ . mums

EB (¥ 1120B)

1B 400% -

2006 2008 2010 2012 2014 2016 2018 11/10/2021



e

A\

FIE AR E X
SE TR AR
T2
Sk
Z 25 ik

\‘F

\‘F

11/10/2021



S
X
&~ \
TEa
Yes Yes Yes YIeS No
Yes Yes N‘o Yes No
7Y s o
e %1@
Yes Yes Yes Yes Yes Yes Yes No No

i A AR AR



e

0 FFIE LR R M4 ? (Feature Engineering)

FEEHE PiAL R LS (Bl ol PAL PR AR ), and] A A S A Ry
FFAE, (HXESRFE RS R e R E R IR B P IIE S, 155 2 VLA
PR eI R S O RCR, Wl Rk LR Fr 2 ) AR .

Model vs. Feature

N [ Feature_Set_1
- - I Feature_Set_2

U ey BORRHERSET B
g ™ R |-

o

» Feature {52 #2%! UpperBound
» Model #5EHZIT UpperBound (174
« AEF A FModel HIZ=INFTAE
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{(Is a holiday ?: NO), (Time range: PM 8:00-9:00),
(Location: Home)} = Action games (Confidence=0.8)

EEEE




fEfY it

MR IRECHE A fe] BETHRFAE ?

7 BRI ANSInER 5 (3 BUREFR7A AT AN o LLK S i A 5
197551

A7 R BABSLM 2R B AT 2 AR, T DA H AR S IS ) 1 PSR B OR Y
WR7AI7 L AR bR 2 IR, RITERAED

15

300
107 1 250t
5 200}
0 150}
5l 100}
ULttt
15 ' ' ' ' ol

0 0.2 0.8 1 0O 10 20 30 40 50 60 70 80 90

0.4 06
Two Sine Waves(ﬁ%ﬁnf% Noise Frequency



gistiars

MG AEEE  an ] B THRFAE 2
MBEFIER 7R One-hot Representation

HEERGTH “HP” M “Fm”

| *ratings.csv - 104

M##HE) RwED B0 BBV ZEHH)
userld,movield,rating, timestamp
1[1,4.0,964982703
1,3,4.0,964981247
1,6,4.0,964982224
1,47,5.0,964983815
1,50,5.0,964982931
1,70,3.0,964982400
1,101,5.0,964980868

KB B RN — MR & (REEACGR — AN s M, dnia]iE)

E¥: [0,0,1,0,0,...,0,0,0,0]
B#%: [0,0,0,0,0,...,0,0,0,1]
M. B, &
TR -

COERERME” R JUHAR AT & BRI TE R AR R 2
RIS, AR ERAEAE 25 (AR [A] B R4 AR 2 5 BRI

“CEXIEET R LB AR S MG, R ICiEZE )T
FIETE IR SRR CZRrRBIMR RS 2 e o Flan, FA1eEk
POERAGRAR A “ R 5 MR ZEAERRE) (HEPR BiX

AT AR E ORI
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o MR AEEE a0 BT RFAE ?
0 JRFAGFIER R One-hot Representation

O “HERERME”  H
o “IBNMEE” BB

‘ldogf' llcaninefl
3 399,999
Download pre-trained word vectors 0\ (0\
* Pre-trained word vectors. This data is made available under the Pul 0 0
http://www.opendatacommons.org/licenses/pdd!/1.0/. 1 0
o Wikipedia 2014} Gigaword 5 (4B tokens, 400K vocab, Jncas 0 0
o Common Craw (42B tokens, 19M vocab, uncased, 300§l vec : )
o Common Crawf (840B tokens, 2.2M vocab, cased, 3004 vect 0 :
o Twitter (2B twepts, 27B tokens, 1.2M vocab, uncased, 25§, 50« L

\0/ \0/
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o MBS e T 2
o BARMGEHRE, s SORiR IS

John likes to watch movies. Mary likes too.

John also likes to watch football games.
0

{"John": 1, "likes": 2, "to": 3, "watch": 4, "movies": 5, "also": 6, "football": 7, "games": 8,
"Mary": 9, "too": 10}

O SO TR ATURFALE
1.21,1100,0,11]

[1,1,1,1,0,1,1,1, 0, 0] 11/10/2021
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o MR IE AR T an Al v RFAE 2
TF-IDF GAR3R-% 308 2D
0 BETE RS AL, Tl S T st i I SR b 22
FEER: FRBGARZET R “ R
4 (TF, Term Frequency)
TF = FAMA (RHEE) f£5) 1 ) HRIlpsng  TF,p, =
W% (IDF, Inverse Document Frequency )

count(w)

D

IDF = log GBI CHUHRE) 40T (HU) 8454/ [pF, —1og ——
Bz CREAE) 1960 T CBolin) 5.80 1+ Y, I(w, D;)
FEAMEFEAE () i BE Bk
= w;= tf*idf = TF;*log(N/DF) W Be e H M/ R



78 L count(w)  pp _| N
R E/(J W1+ TFup, = D ST YN I(w, D))

MR IEEE e B RRE ? — & TE-IDF
dl (A, BI CI CI SI DI AI BI Tr SI Sr Sr T/ W/ W) 21%"1:"151

d,(C,S,S, T, W,W, A, B, S, B) BH=25
d,(F4 ABCDSTW)
TF IDF TF-IDF

d, d, IDF d, d,
A 0.08 0.04 A 0.4 A 0.032 0.016
B 0.08 0.08 B 0.4 B 0.032 0.032
C 0.08 0.04 C 0.4 C 0.032 0.016
D 0.04 0.00 D 1.1 D 0.044 0.000
S 0.16 0.12 S 0.4 S 0.064 0.048
T 0.08 0.04 T 0.4 T 0.032 0.016
W 0.08 0.08 wW 0.4 A"\ 0.032 0.032
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TF-IDF GA-ECRE)  w=tf*idf = TF;*log(N/DF)
(=
T BRI )R] CREED BB ROR T, 45 R BT & SEPRIG I
N2 AMURT SO

o A
PR DL e S g AR B, ANig AT, A I EE R Al
e LXK EOFA 2

TEEIANMER R P ER, MOV E SRS LA
B A IR, AR Oy A A

JoIR A CRF AR FIRREIRR, WA iR 55
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0 MR AR F anel TR R ?
TF-IDF G- CRSZR) — M
o PRI RBEFEEG SCAARUME; SO &
W RS

w B DATHEE “FH P -AREE-PE 7 BOARAE
= -2 1 TE-IDF

t(j,v)

P = tf(i,l) x 111(”,;;'“)

)Eﬁ)i': io */—,I_:\‘//E‘E: lo }Eﬁ)ﬁl%l\iﬁ: Mo

s(u,, i)
\_ /
s(u;, 1) U v t(i.vy)
i i
s(ug, w
M

GREL

u €Ny
k=1.K

<.

7

si,':cosg’,_"zq —
(.9) = costod) = 1 = il

Le Wu, Enhong Chen, Qi Liu, Leveraging Tagging for Neighborhood-aware
Probabilistic Matrix Factorization. CIKM'2012




M##H(E) RWEED B0 BBV FEH)

R L 1d.movield rating.ti
N EI(J —[&‘L‘I“ ufsefr. ,'mowe ,srating,timestamp

1,3,4.0,964981247
1,6,4.0,964982224
1,47,5.0,964983815
1,50,5.0,964982931

o MGG B AT B TR AR ? 1703096458240
FRLH & HIERARE |
ERPrA MG R R T Bl I, == . THE

O Factorlzatlon Machine (2012)

Feature vector x Target y )
"i
x"[1]0 0|0]..[0.3]0.3]0.3| O 0 5 |y
x® 1|0 o|o0]..[0.3]0.3]0.3] O 0 3 |y®
x|l 1|0 1]|0|..[0.3]0.3|0.3| 0 0 1 |y
x0 |1 1|0 a|o0|0.50.5].. 0 4 |y®
———— S
x| 0] 1 01 0| o |0.5[0.5] ... 0 5 |y*
x*lo|o0 oflo0 0.5] 0 |o.s| o 0 1 [y®
x"l oo i1|{o]..lo5|l0f05|0])...]12])1 olo].. 5 |v*
B i 5W ITI MH SW ST
NET s y T Last Mowvie rated
Y .

S = {(A,TI,2010-1,5), (A,NH, 2010-2,3), (A, SW, 2010-4, 1),

n n n
(B,SW,2009-5,4), (B, ST, 2009-8.5). j(z) = wy + Zwi T H- Z Z wiJ:cz—a:j

(C, TIL,2009-9,1), (C,SW,2009-12,5)} i—=1 i=1 j=i+1
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5E XA R AR BT
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A
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o WA Rk L ERE (Subset Selection A /i) 2
> AESERRMN Y, SERIBESA L, PR BESAEE A AH IR BRFE
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Efficient estimation of word representations in vector space
T Mikolov, K Chen, G Corrado, J Dean - arXiv preprint arXiv:1301.3781, 2013 - arxiv.org

=P

We propose two novel model architectures for computing continuous vector representations

of words from very large data sets. The quality of these representations is measured in a
word similarity task, and the results are compared to the previously best performing ...
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Efficient estimation of word representations in vector space

T Mikolov, K Chen, G Corrado, J Dean - arXiv preprint arXiv:1301.3781, 2013 - arxiv.org

~ We propose two novel model architectures for computing continuous vector representations
sky of words from very large data sets. The quality of these representations is measured in a
word similarity task, and the results are compared to the previously best performing ...
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Visualizing and understanding convolutional networks

MD Zeiler, R Fergus - European conference on computer vision, 2014 -
Abstract Large Convolutional Network models have recently demonstra
classification performance on the ImageNet benchmark Krizhevsky et a
is no clear understanding of why they perform so well, or how they migt
paper we explore both issues. We introduce a novel visualization techn
insight into the function of intermediate feature layers and the operation
Used in a diagnostic role, these visualizations allow us to find model art
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