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In order to promote national policies and enhance G, WAL E T B AGA B ISR EE

national competitiveness, public servants must keep AT, Bl HEEEASREA DL

pace with the times in their professional skills. 5 s A A2 ek et A e
However, the time and frequency of on-the-job A o O, AASEADEBBMKEEE,

training for civil servants each year are limited. RALHE R Y [T HRAR LR | ¥ vAYh 0 22 fif i 147 3%
Therefore, if courses can be recommended through B

technology, it will help civil servants to effectively AARAREERNERINAFTREHF X
choose relevant training courses. However, during (Context) 2 *T fi# 4% 4 (Explainability) 49 5F %, 12
their decades of public service, civil servants will BB EET SR THRERYHR, AFREIEH
experience different service agencies, grades, AR AFTA BTG bk, HETHEONEF
positions, etc., and their education level and age will FEHARAA AT, SR ARA R

also change. Therefore, course recommendations need a1 N .
> BRSSP ™ 3 P 2 4o
to take into account the background of civil servants, AFEFA, RIS LEER, HFA

including job-related background and relevant };{ﬁ*#%\ mE, BAA T’]—ﬁg’% "fi g A FRAE
background that affects preferences. Moreover, the BBEAR, AMBHAHARERGRESFE,
general adult learning habit is to find answers through

understanding, so course recommendations must be 2. X RRAT %
"explainable" to effectively assist civil servants in .
understanding and making course selection decisions. 21 #ER&%

Generally, there are recommendation systems that . . s b oem s N .
R > . . Z i —AES BB B AL Z
consider context or interpretability for product #RAGA—AMRLBER K, HEIEH P

recommendation, but it is not common to have both. %ﬁi’ﬁ‘i%#a %g] & ﬁ%@%% H }%;ﬁljﬁg i% é{J
This study proposes a Civil-servant Profile Course RBHATY A 3 KA, I AANNENHEE R4
Graph using knowledge graph and combined with the (Content-based Recommendation System). # #1
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F) i & 9 4& & F % (Collaborative Filtering-based
Recommendation System) & #%.4-i# J& 47 ( Hybrid
Filtering Technique ) [1][10].
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Bl SR FAMLGY B4, ARDR IR 1269 E3F F AR T AR
e B, X T4 % Memory-based & Model-based
6t ) 18 7 4]
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ARG RAZEEG T THBAMAEE R 4
HATI[4], MMARXGREZO LT RE
[3][71[8]. % H & 3[3]. ALthisit HA et
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FEEZEMABRG RN, —RIEE R K
B b R RALE F R IAE S R Top-N 7 XHEF,
ey HE YRR, FEREFEA RKLAR G
AT

RRAERKET LA, BALYRELE YR,
FHBFHRA, ARSOHR, ETRARE
S HRAZIERE HIFBATBREEEL (7], ~F
SR BT AL E 1R [3]e AAFARLE
2 EHBRFEEGER KL, AAMAT LA
B 7T X 4% (Markov Chain) &9 ¥ 5] 18 8 [6]/% [ A% 2%
7 (Random Walk with Restarts) [9].
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KRR H —HE R BN BABFE T =
R 42 [ (Civil-servant Profile Course Graph, CPC
Graph), # & &42 3T 1&4 % (Long Short Term
Memory, LSTM) % #b 42 484, # X2 N HAER
BN F, BAADLITHF, LT MRERE
B NFE AN B RALHEE R bo
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AR A AR~ A B A H 424k (User-Course

Interactions) . % H 2 & & #(User Profile) & R AZ

A K& #H(Course Profile), # & (h, r, 1) = TALLH 1%,
HEF bt 7 F) 4 Entities, # r 8 % Entities M 49
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i B, T ).
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# 3 CPC Graph Z 7%, 4= 3% User # 25/ CPC
Graph LT A& 2|3 — Course # 2, KEAAHKE
#1211 Course. # (User, Course) Pair 2 38 %
& H %14 Pathso VAE 1 69 ud AP, ud §EFE
cl 42, AABHEIY>, A [ BE] AR,
AHFHRAGNBBUTIRG A, Hi8 5% FR,
(ud, c3) Pair & % 14 1 F 49 Paths, ®.#E<ud > cl>
u2 > e3>, <ud D> BEHEDcl >u2 > c>F, M
<ud > cl > u2 > 3>AF), T UARREL ud w2
FRAFF B cl, dmou2 LAFFE 3, BB c3 &
w4, i 7> Collaborative-base #9748 .
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B ALH11], /4 mKPRNER (40 2).
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Entity Embedding Layer #7 i 54 /& 3 389 & 14
Path, *T ¥A% % VA Entities & Relationships % 7T
FwFE A, Bl wusaSuweSe, xb
u4, cl, u2 % c4 £ entities, 1, r2 % r3 &
relationships. " 418 entity #F A H 48 & (Entity
Type), 4= u K& user. ¢ K%k Course. #&FAF
Entities . Entity types & Relationships 1 1T
Embedding, A —#87T VA B 7€ & Dimension Size
&2 R K K. B Path 7 XA & -7 A& (Entity,
Entity Type, Relationship)49 /5, H ¥ Relationship
R AT —18 Entity @9 B 1%, 1% (ud, user, r1) >

(cl,course,r2) > (u2,user,r3) = (c4,course,<end>).
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Embedding #* 7~ X 4% & —#2 (Entity, Entity Type,
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LSTM Layer 4 #i%€ ] LSTM #A!, AT Path
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Y HBIMNTA (B 3), HEEAWEREILREY
ft, M4 — /49 Hidden Layer (hg) *T#L% Path
Embedding & #t,
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3. #:8 LSTM & R FENTHTF

Demographic Feature Embedding #§ User #F ¥
Course FFey A D 43t B4, QFERFAZEL. HH
B AF#y, 1T Embedding #i2iE B —A2, M bAHL
Demographic Feature Embedding & #+, 7 % I
Entity Embedding Layer,
Fully Connected Layer 5§ Path Embeddmg g At
L Demographic Feature Embedding & #+4%, &%
# Fully Connected Layer #9%i A\,
Weighted Pooling Layer 8 7 ( User, Course ) Pair
A %1% W User A 2| Course #9 Paths (= X7 (1)),
B Af4 Path 42 B AR AL 1% & 13 218 % Path 499
%, B #FE — (User, Course) Pair & A 1% % 5% (4=
XTFQ), A FHEEL, T RFITHLHEME
( User, Course ) Pair 89 FRRI# £ 2 HP(,, o (3 XF
(3)s (@) AFF LS * Wang 54469 Weighted
Pooling 77 k(1 1] H ¥y A2 % # (Hyperparameter )
LIECE &2l V/Uf% S ¥ 549 Path BT 2589
H# ¥ . mKPRN ﬁ%ﬁ! #93m A 2 User-Course 414
893672, Hdi b A2 2 B User-Course 484 A9 4% %
S, ’\%‘fam K& E 4z User #FH 5 1] Course 49
HEA K, I, mKPRN #E AR AE S & S5 5%

SRR, BIEIAS, RAAIGHEA .,
P(u,c) = {plﬂpZ""'pn} (1)
S(u,c) = {51152' n} (2)
9(s1, 52,7+, 5,) = log [Xi; exp ( ] 3)
y\(u,c) = O'(g(Sl,Sz,“' n)) (4)
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KA 7Pt 69 mKPRN AR T w4, &8
User A BN ZRALB R E, T
VAF%. %] User £ 2|1 Courses #934/%, 4of A 3|
¥ 79 Course 895418 A 42, BP T 31 H User #F 4 i 1
Course #9#%E 5., AFH Course E ST A G
HEFK, FHBPTIRE top-K #9342, HEEH
M A ) B 18 0 3 Bt AN B A AL E B
WA Sk, AT EMAKEERAENSE, &
AR AL T AR
4. FEFK
41 FH£
KA R VAT R IE A FAIT AL RN AN BT R
(AT MAEA ) £ 12)2001 £ 2019 S0 A B
FH, 03 141,235 H AR, 913 MaF 8 R4
A 730,681 %57 Maﬁ% £ FANF AR AT E
IR E QY MINE AL, KRN RALAF L ERAR
BF B RINRE H&«F'Joi& 1A
(1) 31 % & #: 2001~2018 £ (137,501 Users «
695,004 Interactions)

(2) B3 F #F: 2019 ¥ (20,893 Users . 33,427
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Build CPC Graph A& M NH AR EH
F#A2E CPC Graph Z Entities & Edges & 4= %
1, A PREALATHAEHOIERALEN. Mot
FHE, MEHLF, nEREALATHEROET
F.ORF. ZEHM. PRSHG, EERIEL
FLABRIEAFARS,

CPC Graph i
Entities 143,123
e Courses 913
e Users 141,235
o AL AT HALH 772
o FREATHALH 113
o EEMM 90
Edges 3,821,764

4% 1. CPC Graph Fig A 2 H3 5%

AR EBAE M AR 7 X, £ % & Training Data H
B 9803 % Users (#: 5 BIMEAMMBUESH, dalk
FH, FF 0,803 %); B Testing Data [ A%AEL 500
4% Users i 4754/% 2 32 (Path Extraction), A Depth-
First-Search 7 % & CPC Graph _Li T Random Walk,
Path Length "7~ 3 £ 6 M. A5 YA Negative
Interactive Sampling 25! & A7 A 4R B oF 4%, 1EA!
IR A BARA 1 PV A B 6938 A2 (1 Positive), 5EC 4
P9 Path T vAA B42738 A AT H 693R4Z (4 Negatives),
VAsEE % Negatives il % i% ik & #+ Imbalance. A
S, AdNRAY User /£ 2019 4 518 49342,
% —32 2019 4 Path T LA 893842 (> 100 Negatives )
EATAR A

A& mKPRN B & K& 524k Bl PyTorch #
Embedding. LSTM X Linear 7 &, ¥ Entity.
Entity Type & Relationship 49 Embedding Dimension
SR E A 64. 32 R 32, Concatenate 44 9
Dimension % 128. 75 K FAZEL. MAAF#HZ
Embedding Dimension % %% % 3. 1 % 6,
Concatenate 74 49 Dimension % 10, 418 Input
(Entity, Entity Type, Relationship) i A LSTM &,
& i Hidden Layer, # Dimension 3% % 256, #§i&
Hidden Layer 4 _E Demographic Feature Embedding
& A, HBi24E W18 Fully Connected Layerso % 1 /&
(266, 256) #% Al ReLU 4f % Activation Function, %
2 f& (256, 2) 3+ Score {i1E % Pooling Layer #9 %
N L2 Regularization Coefficient 0.0001, 48 % &
# (Loss Function) 4% Al Negative Log Likelihood
Loss, #dbgd R KA 1 ¥, A HE &Y
{AARIELE A 0, PPAE/FARK HEIE K ME; 48
% b Fde o X (5). F H &AL 2 (Optimizer) #& F
Adam #EHLE .

L = =Ywpeo+ 10g¥,; + La,peo-(1 = logy, ) (5)
0" ={(w, )|y =1}
0™ = {(u'j)lyuj = O}
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AHF G ASERE 4% (Matrix Factorization, MF)#% 4
JE M AT % Baseline, 2148 & 49 mKPRN A2 &3¢
IR EBREGEEIHR, ABIKEES, AE
Top-K &9 4. M A % e df & i User A iE 2 Am by
HRAL, MMZET HRLAT

hit@K A User £ 2019 74 514 693842, & —3M
2019 4 Path 7T VA& 493842 (> 100 Negatives ) 47
top-K BT, 1 <K <10, W REMFALHA
# top-K 494 BRAZAL, B 19, BRZ 0%
ndeg@K 4k 7 X Bl 77, 7 F # & ndeg
(Normalized Discounted Cumulative Gain) % & % 4
B a9RAL, HILE Top-K EBFRALWIZE,
mAP@K #§ User £ CPC Graph 4 13 2| 6938 A2 35 3t
HAEMFESH, +a8ZH2KHA, BA Top-K 49
HEBERAET, User G H S Y, UFHEL
mAP(mean Average Precision). 7 i& | 48 ] 3t &
A3+ mAR@K (mean Average Recall), 3 & h
# 31 H mAF1@K (mean Average F1).

4.4 TR&ER

AAF Rl 2 B A mKPRN, £ &
Learning Rate 0.002. 7~ Batch Size (32, 64, 128,
256) &4, A Training Loss 30X &34 Bk (4=
4), f£Z A5 218 Epoch 4R ¥ BP 4 5| 8.5E-05 1A
To ATHRFEACHTEAHHEEXRGYVE,
A RAEE T RILBE A AT Gt T A e i B
A mKPRN- , #3204 48 K AEH % F Epoch #
By T IE, HemZHa0.18.
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B #AL Validation Loss 689 % 3., A TIREH
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N FE] Batch Size, HIRFEHKALIERAE Z IR
Epoch ¥ 938 4o i 25 45 T 15, R m 3487 0.056.
BHTRHEANOGITEHHEEXROVE, Ko
REEZEBRAASADHTTHGHEBEER



mKPRN- , H R348 R AE % AR E 214 Epoch #
893 mBFH T, H¥FH4 025,

R4

hit A5 % hit@K #93F 4% 14 w4 User & 2019 57 #F
THRAL, E— 2019 F Path TIAAMEA (>
100 Negatives ) i 17 top-K 4 B34, 1<K <10,
RZZPIH 5B GRALH AL top-K 893 E AL
A2, B 15, RZ 049 KRR BZ A EAE
1 mKPRN, £ K =18 hit@K 47 0.76, A K=35
W45, HALBPTiE 1, AB4AME A Baseline #9
Matrix Factorization, £ hit@K A2 0.3, A5
RARH Z M B AE A mKPRN # 881% 7> Baseline, %
TREADGRITEHBIEEXAROVE, KHR
BETREAZRBATLRITEAGEELR
mKPRN- , & K <9 B9 27 Baseline #9 Matrix
Factorization, 1%/ K=10%, 2% Batch Size 128
R 256 #9#EAwg 4K 7~ Matrix Factorization. %k VA
Batch Size 32 24 i &89 mKPRN & mKPRN- 4%
A A, HL4ERE 45 Z Baseline, /£ hit@K #9
FAE ALK B e E S,

1.4 s mode|_ega_e10_b32 (MKPRN)
1.2 emms Model_none_e10_b32 (mKPRN-)

MF
sos | S~
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0.4

o2 /
0

& 5.mKPRN., mKPRN- % MF Z hit@K /& bt #
(YA Batch Size 32 #1)

ndcg # ndcg@k 31 %>, AFF % BIAR VA User ££ 2019
A AR WRAL, B —$22019 4 Path 7T AL #93R
A2 (> 100 Negatives ) 1T top-K &34, 1<K
<10, FRAMREFRALBGRAL, HRAL
top-K e BRAZNZE, AT RREZHEEEA
mKPRN % K = 1 8 ndcg@K # 0.76, A K =4

5, HALBPTiE 09, 4841 % Baseline #)
Matrix Factorization, # ndcg@K 81~ 2Z 0.13. A&
B4 Z 4 B A2 A! mKPRN B 2812 7> Baselineo
HTRFACGIEAHEREXRGYE, Ko7
REZTRILBRAAA DG TR BEER
( mKPRN" ), * ndcg@k 3 % & # Matrix
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32 24k 5 A 69 mKPRN % mKPRN- B4 A4, 3
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FEERILREAE 6.
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& 6. mKPRN. mKPRN- % MF Z ndcg@K & it
# [ (VA Batch Size 32 %11)

mAP A 7§ 2019 F User ££ CPC Graph *T ¥A&
8 B 69 RAZ, A B D14 R 49 mKPRN A% A
(Epoch = 10, Batch Size = 128, Learning Rate = 0.002)
AHFEREEES R, T AHIKHF, AR
Top-K #94f BRAZF, User R EA L EL WY,
FTH A mAP@. HiE A ARG HE R A GHE
mAR@K, # & mE3HE mAFI@K. AFF R HE
Z B A mKPRN, mAR@K & K=1 BH FiF
A 078 £ (208 7). HF K/IE% X mAR@K
BT, SARAMNAREFRAN A
H, A1 EZ2MREAE, R KM% XEF, 5
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T E % KA Ao T s

mAP@K
0.8

0 0.6 >X

pus

204

mAR@K mAF1@K|

0.2

1 2 3 4 5 6 7 8 9 10

B 7. mKPRN # # £ mAP@K . mAR@K %
mAF1@K #9344 & 34742 18 (VA Batch Size 128 %17])

HBERAZTHREN A7 CHRE mKPRN 4 A4 14
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A B A Y ¥ ZRALE CPC Graph, $14E LSTM
W Z AV KA L, RS ATEA BT F
AHEHFAADGFERANEE, LHBH%
BT, FERLRATIE OO AR, KAF R
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