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Abstract

The contemporary labor market is undergoing a profound structural transforma-
tion driven by rapid digitalization, increasing technological specialization, and the
emergence of highly differentiated industries. Along with these changes, large-scale
vocational data have become widely available through online recruitment platforms,
professional networking services, and corporate human resource systems. Although
the volume of such data continues to grow, its distribution is far from uniform. In
practice, occupational data commonly exhibit a power-law or long-tail distribution in
which a small number of occupations account for the majority of available samples,
while a large number of occupations are represented by only a limited amount of data.

In most real-world datasets, so-called “Head” occupations—such as general admin-
istrative roles, standard software engineering positions, or retail sales—dominate in-
teraction logs and training samples. In contrast, a substantial number of occupations
reside in the “Tail” of the distribution. These include highly specialized technical
roles, region-specific professions, and emerging occupations associated with new so-
cietal demands, such as those related to the green economy, data governance, or Al
ethics. For these occupations, the number of available samples often falls far below the
threshold required for stable parameter estimation in conventional machine learning
models, making reliable recommendation particularly challenging.

A central issue underlying this challenge is the systemic popularity bias inherent in
many existing recommendation algorithms. Classical Collaborative Filtering meth-
ods and their neural extensions rely heavily on dense user —item interaction matrices.
When an occupation has only a small number of interactions, the corresponding la-
tent representation cannot be sufficiently optimized due to the lack of informative
gradients. As a result, embedding quality deteriorates significantly for low-frequency
occupations. During inference, models tend to favor popular occupations that have
been well optimized during training, as these contribute more strongly to global per-
formance metrics such as overall hit rate or accuracy. This mechanism creates a
self-reinforcing feedback loop in which popular occupations are recommended more
frequently, generating even more interaction data, while rare but potentially relevant
occupations remain underexposed. In the context of job recommendation, this phe-
nomenon is not merely a technical limitation. It may restrict the career exploration

space of job seekers, hinder labor mobility toward specialized or emerging sectors,



and exacerbate mismatches between individual skill sets and occupational require-
ments. Consequently, mitigating popularity bias in long-tail occupations is a critical
requirement for building fair and effective job recommendation systems.

To address the limitations of purely data-driven approaches in sparse and imbal-
anced environments, this research proposes a hybrid framework that shifts the learning
paradigm from interaction-frequency dependence to knowledge-infused representation
learning. Specifically, the proposed approach integrates Graph Convolutional Net-
works (GCN) for structural feature extraction with Prototypical Few-Shot Learning
(FSL) for robust inference under limited supervision. By combining these two com-
ponents, the framework aims to leverage both relational knowledge and metric-based
generalization.

The foundation of the proposed method is the construction of a Job - Skill
Knowledge Graph that explicitly models semantic relationships between occupations
through their required skill sets. In this graph, nodes represent occupations and
individual skills, while weighted edges encode the strength of association between an
occupation and a skill. These weights are derived from large-scale job posting data
using a weighted similarity measure that reflects both skill overlap and importance.
By embedding domain knowledge into the graph structure, the model introduces a
meaningful prior that complements sparse interaction data.

A GCN is then applied to this knowledge graph to perform iterative message pass-
ing. Through neighborhood aggregation, each occupation updates its representation
by integrating information from semantically related occupations and shared skills.
This process allows occupations with limited or even zero interaction data to acquire
meaningful representations by leveraging their structural position in the graph. For
example, a rare occupation such as a specialized cloud security role in the healthcare
domain can inherit foundational semantic information from broader but related oc-
cupations, including cybersecurity or cloud infrastructure engineering. As a result,
even tail occupations obtain representations grounded in skill semantics rather than
historical popularity.

While GCN-based representation learning alleviates sparsity at the feature level,
it does not fully address the challenge of decision making under extremely limited
supervision. To tackle this issue, the proposed framework incorporates Prototypical

Few-Shot Learning as a second stage. Few-shot learning methods are designed to



generalize from a small number of labeled examples by learning a metric space in
which similar instances are placed close to one another. In this study, an episodic
training strategy is adopted to simulate the target low-data scenario during training.

In each training episode, a small support set is constructed by sampling only a few
examples for each occupation, along with a corresponding query set. User profiles
and occupation representations are projected into a shared metric space through a
learnable projection function. Within this space, a prototype vector is computed for
each occupation as the mean representation of its support samples. Recommendation
is then formulated as a distance-based ranking problem, where users are matched to
occupations based on their proximity to these prototypes. This formulation allows the
model to generalize to new or rare occupations, as decision boundaries are determined
by relative similarity rather than absolute frequency.

The effectiveness of the proposed GCN - FSL framework was evaluated using a
large-scale real-world dataset consisting of over 150,000 vocational profiles, approxi-
mately 2,000 occupation categories, and a skill taxonomy containing more than 12,000
unique skills. To analyze performance across different data regimes, occupations were
grouped into Head, Mid-frequency, and Tail segments according to their occurrence
frequency. This experimental design enables a systematic investigation of model be-
havior in both data-abundant and data-scarce conditions.

Evaluation was conducted using a combination of accuracy-oriented and diversity-
oriented metrics. Standard metrics such as Precision@N, Recall@N, and F1-score
were used to assess recommendation correctness. In addition, to directly measure
the mitigation of popularity bias, a TailShare@N metric was introduced, defined as
the proportion of long-tail occupations appearing in the top-N recommendation lists
across all users. Furthermore, Intra-List Diversity was employed to verify that the
model provides a broad range of occupational options rather than shifting recommen-
dations toward a narrow subset of niche roles.

Experimental results indicate that the proposed framework maintains competitive
performance on Head occupations while demonstrating substantial improvements in
the Tail segment. Compared with baseline neural collaborative filtering approaches,
the proposed model exhibits significantly more stable performance when interaction
data are scarce. The TailShare results further show that rare occupations appear more

frequently in top-ranked recommendation lists, suggesting that the model effectively



resists popularity bias. Visualization of the learned embedding space reveals that
specialized occupations form tighter and more coherent clusters under the proposed
approach, whereas traditional methods tend to collapse these occupations into diffuse
regions dominated by popular roles.

In conclusion, this research demonstrates that the long-tail problem in job recom-
mendation systems is not an inherent limitation but a challenge that can be addressed
through the integration of structural knowledge and meta-learning techniques. By
leveraging a Job — Skill Knowledge Graph and GCN-based representation learning,
the proposed framework provides meaningful semantic embeddings even for occupa-
tions with little or no interaction data. The incorporation of Prototypical Few-Shot
Learning further enables accurate and flexible matching in extreme cold-start scenar-
ios, thereby mitigating popularity bias and promoting more diverse recommendations.

Future work will focus on incorporating temporal dynamics into the knowledge
graph to model the evolving relevance of skills over time, allowing the system to
adapt to technological change. In addition, large-scale human-in-the-loop evaluations
will be conducted in collaboration with professional career counselors to qualitatively
assess the usefulness and practical value of long-tail recommendations. Through these
extensions, the proposed approach aims to contribute to the development of more

equitable, adaptive, and human-centered career recommendation systems.
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TR ZZ DLV, ZDd, FLUEFEICE D S HEBEONLIEIT R 2 JREMED
Hb,

Fl. B 7 4 VR ) TR, 2=V eHEDA Y& 77> a VEREED & IEUE
EHWET 270, BETFT—ZBZ LWIBEICH LT, B0 EERSREE Y 722,
D XD RYGE. FRBEERICHEB O 7 WIBSEFHEE N R & L Tifb iz < <z 2 1A



Wb,

D& 51C, BMFORKRNLHETERI, BEEEDZ L, 2oHEEI 07 —XEIE
LOENFET ZIRBICB VT, FHIT — X BDODIRVISITN T 2 #HE #H L n S
HEOREZILZ TV 5,

24 OYTT—=I « DEFT—2RICEHT BHHZE

HES A7 2T 2BV T, T—X0MOwD. Ficar 77— iEicEl
LBz G EnTwns 21, vy 77— afErid, —HMoRIcEBOY >~
TNADPEFTZ =T, ZL ONRBPVBOY > TN Ukl wiatfifiEefa L, #E
RAZZ BT RINICBR I N2/ TH %,

RO NRICBWT, K230 [F—2& Jo58 DR IE. FED NKIEAN
DINHEFEERT 2, HlZIE KNP Ty REZE) &, HERS RN S 2 e
Wo 72 RARL - IEEERE DI VIS E L, 7 VOEE IR T — X0 E
BIFIET 5, —AT. Tary 77—z 1k, Mo EEmem D R igdE D
EFh, hold 1 ZLOBERDPED T — X ULrFilzizwv) 2 WS IRERICH 5,

B N —l

BEDS U F T/ HBREE

2.3 vy r—ax

BRI BVWTIE, By 7T = fe o7 — RN T 2 FZE05 Mo E D /72D
WT, XFEXFREBEDLSEGBDITONT WS, FRZ, WRIT DI > FALEDIRED I,



HEERE RS DO NG BRICEFT T2 HEHRA 25 Z e PG I TV [22], Ny P
TIRFFNCZE L ENRTRETH 2 DI L, F— 2B L TWwba >y 75— LK
¥ETIE. A DBEOREE T/ TE T, HERER» SRS TV E WS HE
D5,

¥/, YT —UEERE RO T — X Tk, FHlOBSED 5 IENTFET b, 2R
I HRETEIE D A% I WZFHITld. 7 — R EDOD R WHTRICN 3 2 HEE ERE & @ U iR
TEROVAREED B 5 72, SR HBSERE G U 720 0reib i 715 2 3R 3 2 5e b 17
bhTwz [23],

X512, —ERDIFETIR, T — X BODHRORRITH LT, SREOELELBE R
BEHTAZ2 T, #HEMEOR LEZNA S 32 APWMEINTVWE, ZOX5KT T
0 —FTld, fllxDORREMIICHS DT, BEET 2 MmoNRr ofREERT
CEDHEELHARE UTHEMNIT ATV S [24],

25 XEDODXC®

ARETIE, BEHES XM~y F 2 7385 2 BHFEMse e B L, KRR
EBFE Boicun vy 77— EER VBT — X &M B 3 2 5B oW T8 L
Too TNEDOWELS, BHFEFFIREENTHZ—H T, 7— XEDD R WERZES IS
XS 2B IEFREDN R I N T WD Z VR XN S, RETIE, IhoOREER %
A AR TIRE T 2 FEOMBEIZOVWTIER S,



g3

S

Tk

= N~

=

3.1 AHRICHITIREHEBEOERSEH

AWFFE, BEHE X R 71280V T, BEERDZ IR T —X0MDmMDIck>TEL S
HEOWHMEITNET 2 Z e 2HINE T2, KT, 7—XRDDRVEZEIHLTH, &L
ELUTHEE % R 2 72D OFHAIC OV THETT 5,

ZOBHPNDSD, KL TIEHEZBEMO A T3 & LTS DTIER L, SHEIE
RIZ2AFNVERICER L. BEMORBERMELZER L RHZ AV 28HRHT %, 2
UTE D, fllx OEZEDFROERICMZ ., OB r OBE#EMZ KL L 7= THEZ1TS
ZrzHiET,

X 3.11% Ekoary7ryX—2#iE (CBF) . AR TIEET S GCN + FSL
FEOEVWERLIEBMERKTH 5,
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CBF GCN+FSL

BiEA Bize E¥c
BEA mxe Ei%C il A il
\L \|/ i{ Yial—¥s RHEET—F
STal—va U EEET—F )

\l( \L i’ T '{;:‘I“/A :

BAYIaF—%  EByIaF-#  BCrIaF2 wi‘u
y J ¥ L

BASE=E EBEaE ECFE= HA

GCMNEFIL ———= Embedding

H l B (_,/7'\)
O BAVYI-F—a BBV IaF—4 BCvzaF—«
II’ T DEmbedding DEmbedding DEmbedding
Ly ]

l LA FsLern
Tap-KigE

BEC =N = g -] o REA7C
REA

3.1 CBF CfERTFIEDHKIN

ko CBF Tid, BT 07 7 A VAL L 7REAR 2 Fre LTHRW, 2—% 0
AFNANRT bV OBVEZEINCEIES 2, 2070, BEER OTETER 72 Hom 4 <o B8
MHRERBINZ N, TIT, B INBDPIENHEEIIB TR, ZOBEOAKRE N2 E
RAFNTIRIRL, FEDT — ZITE EN D RFRLREES /) A XDRHEFR I AN [ i
s EFEE ) IGEWVIRENET 2, ZORE, KR T MLOTEBTEZERM L TR Y%
VEBICEE XN, MR REL RS0, HEBEMHEIE L ALEIIRSL EWVD
AREDD B o

—7. BEFETE., TTHEEORF AEEEBRICE S 77 7#E LT GCN
(Graph Convolutional Network) 12X 2 X vt —I %y > U 7 RITWV, T—XNEER
BED DT NIEANERE BT S, ZUuckh, 4 OEIFOBERICI A, il
g e ORARIEMRZ KM L7z e N MR DIAARBZEG T 5, 6120 ZOREL
KW HME ¥ LT Few-Shot Learning (FSL) ZEA T2 2T, MEIro7—28IC
REBRODD 202 7T —AIRRCBVTH, DB TAnroiliZEo '7a x4
7 (RRKBD ) ZEYNCHER L. SRERHEEZ AL 75,

D EDHFEHIEDE, AR TIX, RoiT7 X2 0BMBRBSERBZEE L, Fiil
e T — 2 BD D72 WIZEIZR U T b FlRIT G AT RE 72 CEHEES 1R O MR 2 HAR 77 §f

11



3%

3.2 BEEIXIVEHRICED JFEHKRIR
321 O*NET T—XDIXACHEENRI NLOERE

AL TR, BEHEO LD OEM T — 2 LT, RKEN@EH»REMET 2 O*NET
(Occupational Information Network) [25] 7—&t v s ZHH L7z, O*NET 1&3KEY
{1 DIFHERCE P FICH D < 879 MDA LT, BE L b XX IR K
RN SN, BELE T, BEMTCBLTEWEEEZEL T\,

TP, BME T oV T, WETZ2AFNVIEH ZOEEEZHWT, BEEZK
fERZ Pl LTEBT 2, FEXTTBFEDRZAF UTHIELTE D, ZOMEIZLZR F L
PHEIZBOWTEOREREETH20% RS, BE j OREIXXT AT P2 XA TESR
ERE

p; = [Sj71,8j72, . ,Sj’D]T € RD. (31)

ZZT. DIFAXNVIHEHDHE. sjq4€ (0,5 1FWE j ITBI2AF)L d OEEER2
7THb,

# 3.1 O*NET I8 2HFE L 2 X AR

€S BT A L HEX (0-5)
Chief Executives Reading Comprehension 4.12
Chief Executives Active Listening 4.00
Chief Executives Writing 4.12
Self-Enrichment Teachers | Reading Comprehension 3.12
Self-Enrichment Teachers | Active Listening 3.38
Self-Enrichment Teachers | Writing 3.00

322 PEal—a iEET—XEROVENHCER

MEEHEE > X 7 2 OFHIEIC I, 84 DIEEEDNRE T 2 AF Lty b EEEINCEEL
T —=ZDBARRIRTH B, LhL. BFEORBE T -2y P Z2flE LR XAFVIE

12



WA HHIEBERTEHFEENTED OXNET DR F VKR BIER LW b, FE
DEEEITY > TR - TV % 72 DFRETI R 3T I X 720 v o 7o MED RS S L7z,
¥, EHRIBIRFHMANEE T — XX HAD T I A N = BEOREFRICHE
b2, MENBRINEIIREETD 5,

MDEDoBEFRER? O, A TIE ONET OMER X VIEHRE AR L, BHEE T MICHE
DWTALHNHERB T — X 2R T 2 FEZRHT 2, 2k b, flflls - E5R
BRT7 A3 ) X L0 RER B ICFHET 2 Z E 3 A[REL 72 %,

323 YIal—Ia iXET—20NHHEE

KRWFE TR, WM D7 — X B D BHEEREICE X 2 EZZMINIINT 57
D, TAFHEDRZ 2 “RHOMERE T &ty MR L,

1. J—857—%+ v b (Uniform Distribution)
BT T — X BD A LR WA K 2 8E U, RIGE § 130 L TiIEsE
BEN; D—E L7725 X5ITREL, BRI, 77— X HHETR & 72 2 1k OB
% 3 B (nparge = 20 naia = 100 ngman = 5) CREANCER L. ThbH %
HAGOE S Z 2T, SR L T—/#T

N; =35 (3.2)

HOMERBEENRL 7.

2. vy 57— M7F—%+ vy b (Long-tail Distribution)
ERRoFETSGTHEIN S, PROFERBIHEEIET L. £ OHMHE
TRIFEHED DI WS NG 2 BT 5720, BRI LICRRSMEKE
BEBRE LT, & 879 BZEITR L. JobID 1230 S XD B BB Fl W THEEER
BN, ZIRET 5,

500, 1 < JobID(j) < 60
200, 61 < JobID(j) < 200
N, = § 200 61 = dobID(j) < (3.3)
50, 201 < JobID(j) < 600
( 879

<
20, 601 < JobID(j) <

COREIWZELD, DPHED~Ny NI RBDOY > IV 2ffo—TiT. REBDT —
VISR MR D TORD Y >~ T LoFi i IR 2 R S %,

13



324 WEEXFIANIFILOERT7ILIVXL

BWEBDZFNVRY MVERIZH T > Tld. FA—BENICBT 2D LR
WaRET 2720, BEEHEMENRT b p; 10t U THERMRDEEMNT 2, (68 e ©
ZFNARZ bV h, € RP 13, Xk ->TEREXN 3B,

h.=p;+e€ €~N(0 ). (3.4)

T 2T € B PGRT PV 0, HOBUTH o1 2FEOZ BBV A 6% v TV v
TENB ) ARETH S, 0 BAFNAGHEHIET 237 XA —-2TH D, BEROFHZ MR
FELOOBELRZRIEDRSND X ORE L 7.

oI, EREINERAFIOLVEED ONET OERBZEM LRV E 5. LINDHH
Bz @R T %,

he,q = max(0.0, min(5.0, he q)) . (3.5)

P EOFIE XD AERSNIEMERE T —X1E, &iiD KNN 77 7HEIIBWT, A¥
V2R EOEBERREER T 5 -0 DHERIFRE LTSN,

3.3 AYT57—I)L« D87 —2ICEHTBHZE

AIFFETIE. R XU WIEEB R T OBIREZIRINCR S 720, (8% /7 —F
3577 7EEHET S (K323, A7 712B0VWT, /- FEDZ v DR
EEBOZFAOELEERLTWS, FHlZI1X, KFD EL 25 E5 EHEWICHEB L2
Ity PERELTVWSHTy I TRIZNTWSE D, —HTE6 DX ICHONEHE
CRAFXNMEBRE L BERZGEZ, LU/ — R LTERREINS, ZDXII2T 7
TEERRAT 22T, BR2ADT—& e LTTIERL., HETHICB T 2063
BN RBEREEZ R LU HESREL 12 5,

14



RERBZAFIIFLECE KIS 7HEDREE

©
(&) l
e
@”%@ et

X 3.2 fEEET 7 7HEK

AFILEHH RS

BIEXBIZ, RERXFNVICE DS CRFEARS b zHS, [EEER OBLMEICE S W T
Ty YRERT D, EREEE

E ={ei,ea,...,¢ep} (3.6)
3%, BWHEE e; 1T, AFVFHRITE D L FENRZ bL
x; € R%. (3.7)

L LTRHINS,

WEREHOBLERRIFEE LTad A YHELEZ AWV, SRXTORKEHZET 5 7
7 ID@MEIC R B0, KR (KNN) 2&h oy P2MEET 5, BRI, B¢
REB e WL THELEDEW LM K NORGZEFL LTERL, ThoofGE

Nk (ei) (3.8)

CEFET DL, Ihooficny V%R,

ZAZE D, AFADEVEREBFR BRI N7 7 785 oh, BitDORIY:
BIZBWTHFHEREENTE 2 L5184k 5,

ZIZT, BEICHE DOV T =R EREIToT WS D, RAXIVHEBEICE S KNN
77 IRRICBVWT, A—BENOREBR L ERINARLT L. BNRY 72X —%
T 2EAZH 5, LU, AFRDT T 7R T o 2BV TR, S gk
3% YR T RW, 2D, BRIZMERTH->Td, RF MU HE S
EWELIEDFED SN GEICE Ty DRI NS, 24Uk D, B w5 BEFO”
HAITHE SN, RAFAN—ZADBEN BRI Z 2 Z L A[REE o T\ 5,

15



3.4 O 7=« DT —2ICET BHE

AT, AIHICHERLEMEE 77 72 HVWT, MHEEMOBREEE R L 2L
WHAEBEITS, 2D DFHEE LT, Graph Convolutional Network (GCN) % #H
T 5,

GCN &, 77 7#E Lo/ — PRz, a5/ — FOIFEREHEE LR SLEHL TV
CFETH S 26, 2Tk D, BEERIX. BEDFOAF UVIFERIZ TR FEL
THERDIEHRZ KL 7-RIAZ ST 25 Z LD A[REL 12 5,

AFFTIE, BEEBEZ ) — P L. AFVERICED KRB PVl e L
ThH5 2%, GON ICX2WXBERFOFEH X, BRI I2NEBLOBBREZER LIS,
XA L DTN 5,

HO+D = o—<f)—%Aﬁ—%H<l>w<l>> , (3.9)

22T HY R I BRICBIIBREEE ) — FORBITHZR L, WIHIRE HO 13662
B R X VEBEITINCHIES 5, F72. A GHCAV— 72 A =BHET]. D 132 0K
751, WO 32 E AR EAITH, o) ZIEHELERTH %,

COEFHREICK D, BREE ) — FiE, EFECEB ORI EEN Lis o R % B
LTV, #EFRY LT, WEBMOZ XM XRRIED, EXITTOHDAARIE L
LTINS,

AIFFETIE. ZO LSRR LTELNLMEEBREIZ AV, BROHEES X X Few-Shot
Learning (2% FHliZ1T 5,

3.5 Few-Shot Learning IC & 3 D EEEZEA DTG

AR TIE. BWEZ L D7 — X BRI EZR RN ZBE L, DS > T Lok
ROVHEEICH L THBER CHEEDLAIREL 72 5 X 5. Few-Shot Learning (D A7 — %
¥H) OMMAZEANT 5, BREOHETHHIIBOTE. —HOBEEICEEENEF T2
—J7 T, ZLOBETEIEELEMEIRDONDITH2DDOT. MNRLIRET—XIZ
PERTH 2 20 NGB TR —RITD %,

ZDEIBIRBT TR, EROHGTD D EEHETNTIRFEE T —XBART 2% (1
VTV OHERREMER T2 WOENH L, £ T, KIS TIE. SIEE
DRENLB R DBV > I ot s v &4 72y 7 —2 (Prototypical

16



Networks) OZEZ G ZHHA L. ZOFEZRRT 5,

T3, BIHIE CTHEL 72 GCN (Graph Convolutional Network) % HWT, €8
77 7 LORMEEB R ERITTOMDIABLNRT FL h, & LTEHT S, K2, THhoDH
DIABNRT PV, BEE j BT 2 VBONRET—&% (BR—tky b)) & %
LT, 20V L2 e THMET B &4 7 p; ZRXAD K5 ITHKT %,

! > he. (3.10)

P = 57
’ |g‘7’ €€5j

ZIZT. WETa &4 FE ZOMENERT B AF 1Ly FOHFILERT I ILZERE
FTCRHELZDBDTH S, GCN 2N LIEDAAZEHT 2 Z T, S0y > 7
BEPETHoThH, 77 7MEZE L TENSNLBELDOAF VIERZ I Y TF A b
ELUTKRMTE 3720, B 2HEIHRFE M Lo LRBERT 215 25 2 & 3R] EE
5%,

BARRZHEE 7o 2B 0TIE, COMESINLBE T M &4 T2 BB L X
MUy 2R (EEEE) 27 omllaz @A T 5, HENRERAEER ¢, (Z7 1Y)
DEEMANZ bV by BEZ SN, SMFE j 0T a &4 7 p; L OBMERFEHT
%o ARBISETIZ. N7 bRBIOAEOELIEZFHES 2720, U NOREHLE (Cosine
Similarity) ZFEMER a7 LTHEHALTWS,

_ hy-p;
byl lIpslI

BHEINRa7IcEO%, 2BE2EEEOSVIHICT ¥ 7 L. B N et
ERGRY L THRT 5,

ZOFEORAKDOAAIZ. BEZ L 05 NVICEERZEL0EE2T50TE®%<. A
Ny FreFa b4 T OEBECESWTYy F U 7RI HICH B, ZHITED,
BT — XMWV TH - TH, Tu b &AL TEN L THREOARERN R R XL
R NEBDRERAF L DBREWZIMETE 5,

F/z. R TIEERICBWT, BED L oY > VR BERIFNCHIR L 7z Few-Shot
RERFWS Z 2T, EHRDFT — ZOMISENES R TOBEEZ BEIHIET %, &
UTE D, F=xEDRD CEAIRV, NHEOEWICEHEE > X 7 4 DM % Al RE
IZLTW3,

score(eq, j) (3.11)

17



\u1

a

SED
[ )

¥

41 EERERT

REITIX, BAFFRICBWTIT o 2EBROFKEICOWTHAT 2, HHLET— %ty
b, MEETF—ZOERTE. 77 7THEBIRETVRE. 15 KIZFHEZ 2 2 & 7
BiEizoOWTHAR 3B,

411 RT3 T—42tvh

A DRI EEB T, 3.2 HiTiR7= O*XNET 7 — &2 Z2#gr U THHAT %, O*NET
WEHEEZ L DAFARBENPERREINEEREOE VT —ZR=ATH D, RERICE
WTIE, FHCBEE Z 2 DR XK e 2 DEEE (0~5 ORET—X) (& H L TiHii%
79,

BRFNZIE, 3.21 TERLERAFANRY MEBEORBRY LTHRAL, ZhckE-S
WTEREN I 2L —Ya BT — X ZHOTHEREOMIEZTS, BB, K
EBRTIIHELCHTHALE Vo727 F X MEWRIZH VT, AFLORETEIRD AIZBRE L
THZITO 28Ty AFAR—ZXOHET7 LI X L OB EREZ FHE S 5,

412 RERET—IOERTGE

O*NET 7 — X ICIFFEBEOMEB T — X EFENTWARWD, AR TIEREZ LD
2FUERE D LT, EEBT— X EANTINCER Lz, BRI, SIS 5
AFNRT ML U, [ANDRENERCAXINVOZHREZRIIT 572912, 3.24 1H
WHEO X BT — X EER LT, REBTIE. AX VO EEYNCRIT 5729,

18



TR TR—R 0 % 0.25 ITRELTZe ZOFREMIZED, F—ENTORXILOESE
RERLOD, B 2BEEMOBER L HAIRER T — Xy PEHELL, ZhITkD.
ICRHERS % R 7 DFHliC E s TEEB IS OBIfRT — X 2B UANICHEEEL Tn 2,

AREBRTIX, T — ROMDENDHEEIEEICES X 2HEEMIET 2729, 3.2.2 DEH
WZHEVL, RO 07— &ty &AW,

1. —59f7—%+ v b (Uniform Dataset) :

BEE DY ¥ PNV DI X 2528 2R L. € 7L D EER IR HEE M RE 2 7T
iz Z2EHME T 5, & 879 BEHICHR L CTH—4R3 > I EE Y YT
HPRIRETH D, EFHEOR—RA 74 e LTOBELMHRT 2721 fEH
T 5,

2. BT —=nNofiT =&+t v I+ (Long-tail Dataset) :
FEEDOFETIGCA L A EG iz B LT -2ty b TH 5, 2FEZ
FINVBUIIGTT Iy F) T2 Fov) TF—ov) DB OVUERFEICIX )5 %
0y 77— REEEMEYT S 8T, FICH Y TV BDIR S 7RI B W T,
Few-Shot Learning % & LR BEFIEN L OREFINHERET 20 2 MAET 5,

413 REXET—XDERTGE

3.3 HiITHRAFIRCEDE, ARLEREXET -2 2HWTr 7 7MEOMEB XU
ETNDEBRZIT o7z, AT, ERRICEIT 2 ERINREREMEICOWTHAT %,

1. Kinfsr o 7 orsk
BIWEBD R X AT FVBOBELERI RIS a4 YEMEZ AW, K afFiE
(k-Nearest Neighbor) ICX o Ty Y R2ER L, AEBRTIE. 77 7Dk
CERTREMNRONG VR ZER L., EEEERD X5 ICHRE L7,

K =10. (4.1)

THUTE D RFARDEEM U ZAEE B Rt 238kt S L B BT A 218
LT,

2. GCN E 7LD
WXBHDIABZFEHT272DD GCN 7—F77Fx & LT, LNOREZH
W7z,

19



JE% 2 8
FEALE Doy« 128
TEMELREEL | ReLU
Fay 779 bR 0.5
o FEFE 1001
FHIZ Lo TEONLMKBHDIAAZ, 3.5 BITHALME S0 214 TOkE
B KU Few-Shot Learning 1230 < WEEHEE OFHTIC W SN 5,

414 FHEX XU B LUVFHEIEIZ

AT, IBEFEOFENMN L2 ZHINCHEES 2720, LTFD 3 DDFHlix R 7 %%
E L7z,

1. £EHEE 2% 2 7 (Global Recommendation)
BIEEBITH L, & 879 Wi 2 #HEEEmM E L TR a7 21T, ROESEDE
WifEE 1 OBIRT 2 X A7 TH 5, dHiifEFIcIE Top-1 Accuracy % HW., &9
(BN T 2 EMELRET 5, KX A7, KBRZERIZZMICBIT 271D
BRI RE 2 Pl 5 Z e 2 HI L § 5,

2. Few-Shot 77$i% 2~ (N-way K-shot Classification)
PEY VTN EE T TORERNZFMT 2720, X2FEHOMMEAEZH WL
5-way H-shot REZHHT %, FTEY —FIZBWVWT I VX A2 5 DOWE%:
BIRL, &M 5 FodR— by b2 v b2 A4 FTRHELE LT, % 10
oV ty V20T 5, FHMEHERICEIEYY - FZ e 0FEKEE (Mean
Accuracy) ZHW 5,

3. RFWEE TN 53— FR&— Ml (Cold Start Evaluation)
FERICEO B Ld o7z TRIMOMEE (FEEY > 70 0)) 13 2 HEE DH
fEEZFMMS 2 2R TH 5, £F. 2879 WD S H 156 Wiz 72 FHHD
Mla— L FR&Z— MM & L TRRICBRNT 2, 2O HBHEE OFZZE % i
T2, Iy R TR T5—g TDE) O&XH»S 7R MsEz 3 >~
TV TF B, RO D 723 WilEREEB X OHERE (X—2 v b)) L. TR b
BMEONEEZ 7 ) & LTAN LBROMERR 2 03 5, dHfifefEicid. bk
i 10 FoEFRICE TN v > 77— VEOE G Z/Rd TailShareQ10 %
Who ZAUTED, RRDANTH L, ETFTADBNGNA 7 RO T ZHAI

20



HEERTE 202 RGET %,

42 LEBFE

AW TIX. BEFEOEMEZ2HIHET 2729, BEORENLRHEFEL OLRE
1To7z0 HHEFEE LTIE, BEDAFNFEOAIIESWTHERZITS a Yy TV Y R—
AHEEFEEZHW., 22 XR—274 2 LT,

421 AVTFIIIYR—AHEFE

AV T YIR-AMEFIETIE, BEBLUOREE R X VRN ML e LTRE
L. W& OFEUEICEDSWTHEZITS ., BRINCIE. MEEEPRET 2 AF ARSI ML
. BIBEDAFART L OB THEMEZFRE L, ZOENEVIEZHEEMRE L
T35,

AW TR, BLEREEE LTad 4 VEUEZ V. SR TOBSECHEEME Lk
T, BN OBERIEN TS 2 Z 2T Top-K #EZ{To72, ZOFHEIE. BB DR
R T — X M2 HRINCE B LR\ B HEE 1A TH 203, WEED X F VI
D ERNBHEEIRETH D, HEFEE LTGEL TV 5,

422 REFE (GCN + Few-Shot Learning)

REFETE, FIBTERLLEETUVERB LT 413 HTRHR LA =08 F
R —=RIZEDZFEBIUOHwmTIT o720 3. GCNICX 2RI E 7 = — XTI,
LA KBS 7 72 AW TIERBROBEN R A X VEFREEDIAANRT FlAr
KX E 7z, %8 at AT, 413 HOFREIZIEN, RXZ MABTFIPRT 5 £ T
ol bz =L 7,

R, FEFEAD GCN » B ok BHOAAZ AW, XD 70 F &4 7%
R L7z, HEFE 7 = — XI2BWTIE, 3.5 HiTER L7z Few-Shot Learning D#EFH AIZHE
W, a b & T ENRIEEBDORTEMEICE S S U F U V2 E ML 7,

REBFRTIE, Frcun >y 77 —A T —2ty hEHWSEZE T, avy 7Yy YR—ZAF
FETIERZ 2R 75 7S 2 U BERNR X XOVER) 23, 7 — X BP0k
¥ (B2 7)) OHEICBOWTYORERS T 202 EAMNIKRIES %,

21



43 REFER

AREITIE, BT TR ERRREICRED &, BEEHE L XD IR TRTTon
HAZ 7125 2 EZBER T TR, FHC, WEEB T — XD DEWHHEEMEREICS R %
WEBIZEHL, =07 —2BXOR Y 7T —IA0MT —RDENZIOWTHER %
3 %,

431 ¥—9HET—RICHITEIHERLR

F3. BWEECETA2NEEERDFEREE L R L X 5ICER LIS —0/hmT —XEHWT
Pl % AT o 720 ARBFZETIX, FIUT— 20 LT, FHligHD0RZ 2 —OOFETHRE
MR L7zo O D3 2MELHEMRMM Y 35 Top-1 #E, 50213087 7 2%
5E L7 5-way 5-shot DTV Y — FFHMliTH %,

1. £ rEm e L7z Top-1 #E (£ Top-1)
4.1 3 LN R E LTz Top-1 #EREICHBT 5. CBF L1#2%FE (GCON +
FSL) OFEELERZRLTW5, #HllifEfE & LT Top-1 Accuracy % FHW =558,
CBF 28 64% 72 27=Di1Zk L, GCN + FSL & 11% & KIEIZRWE L 725 7=,
ZOFERIZOVWTIX, BET 1 b XA A1 RED IR AIR T ITBWT
PRNBNZRREMENE Z 5 b, ThbE, EEEEDALZ L TR
WHZERRT 578 b &4 AiE. 7 A4 ABRESPRERME [ LoRER>—H T, Ik
M OARZHENL, BIERZEBHRL T2V 72E5 EZ LN,
Few-shot 77 HD HFClE. BEHER X ZFEFIEI D SRHAFHOEDEREICKZ
KFHGT 2 ZepMmE S TWS 28] ARBIZEICHB VT, R 2 RIRHIERR] 5
BZEREIICBVWT, ZOES5 K70 b x4 TREDWED Top-1 HEDEKETE LT
SATEAL U 72 RIREMED B 5 6
—7. CBF X 35 RITOAEX X I)VRHE T BHEHIRT 2729, R R L O WA
RAERPER LT IHCEHEZIT C P TE 3N EMER L EZ S
%,
FRZ, AT VEOXFINEDRERONLE D EMRIET 5720, K TIEIAE
DEEBRCAIHIHRE L7 VR L2ERDY I ab—yary T =20, =D
OIEA 7T TV HOEMEEREH L, K41 DXS5i2, CBF KB 2MA 73
VDaY A VHELEZ 0.65 THozDIH L, IREFHEICEVERXRZT 0 b
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24 THETIZ 092 ELLESWEEZTRL 2.

ZHuX, GCN X2 e 7n b X4 AMep&ER S Z T, &4 73V EFE
DFHAD DA A ZERNTHEA S N, #EICIET % (Over-smoothing) FR D
ALl eZmRBRL TV,

Case A: CBF (Similarity = 0.65) Case B: Proposed GCN (Similarity = 0.92)
Clusters are distinct Over-smoothing: Clusters merge
0031 A Samples 0.020 4 P_A (GCN)
B Samples P_B (GCN)
] P_A (CBF) 0.015 4
0.02 § P_B (CBF)
0.010 4
0.01
0.005 4
000 9§ ® 0000 9§ ®

—0.005 4

—0.010 +

—0.02 1 ~0.015 4

—0.020 -

-04 -0.2 0.0 0.2 0.4 -0.2 -0.1 0.0 0.1 0.2

4.1 st GRFHE(L) DORRGEE

F7. GON 2 & 2 EEEROENAH, FALIRAER OFR 2 BRI L7 2 & & 8
LTWwaeHgahsd, DLEOEDL S, 2fE2 —FECiil 3 2 L8R HEIcE
WX Over-smoothing H3FR&E & 72 52— 77, BEMFDRE S NIRM T TR, 75
7 Mg E D < AR B CRME DS A RIS HRRE 5 2 FIREMEDS B Z 5, L7zdio T,
ST TIRENZIEFMANTODEIBEHE) b woZk>F VA BT 2EAFEOHR
FMEZFEL S MEET 208D 5,

#4.1 CBF & GON + FSL T X 2 BEEHEE ERED LR (Top-1 Accuracy)

HH CBF GCN + FSL

AT J54h 35 RILAF )L | GCN (+ FSL) #HiAA
% FH R 5 e ES e ES

7 Top-1 Top-1 M
FHififE#E |  Top-1 Accuracy Top-1 Accuracy
(S 64% 11%

2. b-way 5-shot 1Tk 2 =¥y — Nl (5 BZEICRRE L 7-HEH - 350D
X423, iz 5 BiEICIREL., BB 5 ¥ Loy R—tky brb
7a R A TR T 5 5-way 5-shot REICBIT HHEREDLLITH 5,
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TEREMR T 5 2. CBF @ Accuracy 73 66% TH 2 DIZHf L, #2LFiE (GCN +
FSL) & 78% & KiEic LR 2FEE 2 EM Lz, B [RREHEE ) 1B 24
R (FE 4D ZIIMNEENC, EHIREZRE L7z Few-Shot FFE BV TIE, B
FEOERNEDSEZICHNS 2 L BRI N,

CONEEOMEEAE T ERE LT, GCN 12k 3 TSR oMt 2255
N3, CBF 134 DX X VOEEN =D AIMKET 270, ¥ ¥ TV MmD
THRVKRHTIE, FADZFILDONTODE (V4 R) OWEEZITIPTV. —F
T, IBRFHEIZ GON 2B U TREEBMD 7 2 7#E (AF AL OHLIBER) #2%Y
WWHLD AT WB =0, DEOY > T ud 6T MO AE N B % 3 2 7= B 2R
(Robust) e 7va b &4 FTERKTEREEZI LN,

OB AN BARNCHEET 270, FEBREIIMITICHELLZ VX2 ERDO Y
Sal—Yarvr—&zHv, DB IVEHETCBIT S T a 24 FERERE
DEENZ I LIz, K42 D X512 FHEDY ¥ T U THER T S uh bk
= ML R D 5 LRSS, CBF Tl /A B ik h 20 % %
Kt i, FELUEX 0.72 TR R L7,

—H. IBEFETIE, GON 1T X 23RN ZE U THEDRE DRI X4, 0.88
EWVWI EWEME RS 5 2 e pHEEE S T,

Case A CBF Case B IBEFiH (GON dAEEHOBEEE)
cos= 0.72 cos= 0. 88

! —
' "
.
.
.

4.2 BXEEMEMGEE
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M EDERIZ. RSO 22 T2 7REEICH O RS, ¢ 7o k&4
THERIZ X DT — ZADFEIL) DMAEDLED, T — X ED MO E T EHEE
BAZIZBWTHD THMKEREST 22 2R LTV,

% 4.2 Few-Shot &EICHIT S CBF & GCN + FSL DGEHEEMRELLEL

HH CBF GCN + FSL

AT 35 XITA ¥V GCN + FSL #H®iAA
i e ek S 2 5 B 5 Mk
HR—brtY b 5-shot 5-shot
77Xty b 10-query 10-query

A 7 25 episode ¥¥J Accuracy | episode ¥¥J Accuracy
i R 66% 78%

432 OYIT—IDHT—RETIHERR

AETIX, EHBOHBEHHGEB L0y 2T — 07— X 2V, SRR FIESHEE
FROMD 2 ¥ ORERM L, SRR 2R TE 202 MAE L7z, K43 12, &7 T
VGEXEICB1F % TailShare@10 (A7 10 roMEEMERICE TN 1n > 77— VIEEE
DEIE) OHEBFRZRT, #EIZ, SHEXEICE T2 ITXTOr )X L TE5N
TailShare@10 ZHH L, ZOFHHEL FHERE (mean £+ std) ZRLEHDTH %,

# 4.3 SWEXMICBY 28y 7T — VAHEEMERED

7 TR | JobID & | 2 ) ABK CBF GCN+FSL
P ES 1-12 6000 0.312 4 0.155 | 0.422 + 0.147
BREE S 61-88 5600 0.284 4+ 0.139 | 0.323 £ 0.155
B R 201-280 4000 0.288 £ 0.141 | 0.330 & 0.156
Y77 —U¥E | 601-636 720 0.371 £ 0.143 | 0.375 & 0.155

£4.3 OFEREID, IRTOZ ZVEEXMIZBWT, #28F% (GCN+FSL) 2R —
254> TH?% CBF % L[A% TailShare@10 =&k L7z, iz, 72V THEERERE
WIET 2356, IRETED TailShare 1% 0.422 7 b, CBF @ 0.312 % KiEic k[ 25
Reigolz, T, BEFELPRAOAINIHNLTDH, HEHEREZ e > 77— llng
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X g 3@ TR >R RLTWS,
BB, INSDORERICH T 2L ERB XU IconWTIX, 4.4 iz THdsT 3,

44 ZEE
441 ¥—PHET—RICBITRERDER

=0T —XEHOWEERTIE, SHECETINEBRNIZEFAEETDH 3729,
TRTOMZEIH LT aREET Y IADREET 2R o Tnd, 2D KD 7%5%EMH
T, BEZ e oR#ER T -2 LTHIEICBII N3, B FETHIRELL
HEEDRRETH %,

FEEFERICBWT, GCN + FSL 23 CBF % LA & 70 o 72 B K, 7 — X EED+7
WEWERER N T, 77 7/EIC X 2 15RO M5 Few-Shot Learning 12 & % 4 XA
DG & WS RFEDOEAD, HMINEEE LIS Wi EZ bh 5,

—JI T, B INEDImDTHIRn (DT —%) oFr—RCFEEHT 2. H—0Mm 1
TIXFEFORMED R TR T =X 2Fokd, 77 7 %@ L -BAREHROEN D EE
EEL R E, SMEOMER O HEMENER LR H 5, L, vy s
T =AM BT 2VEWETIE, T2 REZH S TR LTr 7 7HEN AN HKEE
L7eo MEORRIE, MEFEDRICT — X 0MIHKET 27200 TR, [F=203%D 7%
Wi (Few-Shot & F 1V A) IZBWT, WHhIIHEBEREZEH L TAREZMZ 20 20
I RUICEDEMMEDORENH 5 Z e BRLTWb,

442 OYIT—IILIBEIHBERERICGEZITE

0y 77— Tr— 2 H0ERTIE, —HOBEEICT —23ERP L. £ < DM
TY ¥ INEDIRD TR AR R T O HERE % 3 L 72,

FEEROHER, CBF IZB W TIIHEER RO BETHCENR 2 HA R S Nz T
CBF o713V X BRICHEZEBLET 2HA0H 2D TIERL, 7T—20HEYL
7a b TOEIICGERT2HDEEZOLNE, BERRICIE. 7T —XEDOZ VIR X
Nty POWHERE L. AFAZEMIBNTEZLL D7) PN —H LTV, —
KT, oy 77— VBRI IAVRRICE) 7a s 24 TOREPAFLELRDRT
. HfiliZa R 2 FOVEEBE BTN R 2 7 MR B, FOREHR, Hatiic Tx
D&, —MIRREEZRD) BRICHENET T2 TAKNA 7R BEUL EHEEX
h3 [29],
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—7 T, $#28FE (GCN + FSL) 2u > 77— Ul L Td —EDHEMKE 5
AHN7DE, LFD 2 ARFEGLTWEeEZHND, BT, GON T X DB D
WG 72 BEfR M 2 BT D AN Z 8 Ty ¥ IAED DI WO KRB 28565 7 — F
DEMTHITTETWVWBETH %, 1T, Few-Shot Learning OFEFHAD THET— &
Do OFREHIE) ZATHEE LTWa 729, MAlZEEICB W THBEOE R 2 X iy
ERTELRTH D, Frz, BHEEEEEZ 7 ) & L7HA TS TailShare 23m L L7255
. REFEDBRMREUERN —R 282 T, BENZRX vV 7OBEEZIERTETVS
ZezmkLTWa,

LEDEENS, vy 77— WEEZRDOHEMEICB VTR, BT FLEOME
PUEFRZ TR, BEMOMEN LZHBEIBEGRZIHRINCER L. 7T —X D26
IFEPMDTERETHLZEDPHLLE R o7,
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5.1 ZAHASEDHLIE

AFFETIE, FETHIIBOTRINCBRINS BRI OREER (F )
DELWVRD ) WO FEICHNL, /9 7=2—-F1%y F7—2 (GCN) ¥ Few-Shot
Learning (FSL) Z#AGOLELH7RBEHEEFEZREE L 72,

—HOERZELTHEONLMAZUTICEED S,

1. DR > VST BT 2 EMME 5-way 5-shot i%E % W DEBESHZ 2 2
WWBOVWT, ETFHEEIR—2F74 > TH% CBF % 12% ERIZHEEEERL =,
ZAuE. GCON 2 X 2 EER ORISR R BIRIEDEE & | FSL IC K 32D 87— &b
ORI A, 7= DD SR N TS THMNCHKRET 2 Z 8 2R LT
W3,

2. RO 1S 2EEME 7 — ZITFE LY Ta— )L F R & — Nl %22
TV LERCBWT, $XRTOMEXME (BEES. HEb. P EREE, vy 77—
JL) T CBF % L[] 2 TailShare@10 %#icsx L7z, KT, — IR A F L Z2HD 0
IV LTH, BEFERAGNA 7 2A2MGIL, BEMCES T 202 77—
VBRI R TE 2 ZREZ A TWVW3 Z e R I i,

3. FEOHWEMARR T, EMEEL —FE Tl 2 KSR HEERES, +oREs
B2 IAPEFET 20/ FicBWTiE, CBF ¥ L TR EM TR S
otz ZOZ 5, BEFEE 17X MDD HEHERIGH | S TR
TE X NI AR & O/ DRI | 2B W T ZDEMiZ RT3 FIETH 2 2L
BT e,
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5.2 SEDFE

AR THLNLEREZ S HICHERESE S0, FHROBEL LTUTNDORDBZEITS
héo

1. NHIRHIIC & 2 HEREE 22 S M OMEEARMFETIEA 7 7 4 Y $58E (Accuracy, Tail-
Share) ZHWTFHliZ1T o 7223, BRFEVRRT 2 vy 77— Vil 25, K
BB > THICHFIKD D 2 F v )V 7R TH R0 EMAET 2B H 5, 5%
iF, EEOKRBESCF Y VT 7 FAA T =2 0GR e LWBEEBRZITO, HEER
RIS T2HEERLF v ) 7 OBRFEDIED D & Vo Z2Bmh 6, ARFHTGT — &
PR L. 7352 D ARA[RTH %,

2. B A F VA DOISHTR S N 2P, KR eIt b2 2xF 11y
N ERNRIC T T TREEANRKBLL, BN E 2 BT 2 A DEEIRD &
N5,
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