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Summary

HART—PR— bRHANL T FR 7 R EIBIT B WEDLENINC, Fvyy bRy bBEHAXNOOH
%, Al Shift TlX. Y —LRZBITF 3 2—FOEMICHEIEE$ 5> X5 Ak LT Dense Retriever i L
72F vy PRy b FAQ Y AT ADWEZ MG L TW\W5, BUA. AL Shift DK A ARy PHEEZBOVTHWTWS
Dense Retriever DB, AFICEE T —X 74 VR ) U 7RBHALENGET —X2HWTWS 2, BEEDZHE
X F—REBEDZ IHMICIEFICFEE D22 EELRoTWVWS, 2D, F¥y ARy + FAQ ¥ R 7 ADREE
BV THABOFEIERING, AKX TIE. BERPEMEFTES R TLEHWERER T —XD7 4 1R Y)
Y7 HEMLEMETS b, BEFIRICIZ 74 NVR VY ITREH LT -2ty P TFAQ Y AT L4%2¥EIT B
Ty 7ANVR Y)Y ITREHADFAQ Y AT L DHRER ERIZZ 06, 7402V ¥ ZHHREMA LICIRITH %

ZeZzmLiz,

1. & C & I

Z L DRESPHERPRMEST 29— RITBIT 2 H R X
2= R—-IREIZBVWT, Fyv bRy bEHXNAD
DH %, Frv bRy MRS ZHRED—DIT, BREY—
LRIZBIFS TXL H2EM) 2 eHIN S Frequently
Asked Questions (FAQ) M=% Wz 2 — P EBADI[HE
BREREDTFES 2. FAQ R TIE, BREMIRET % FAQ
DT —=EN=RZHIE, 2 —PFHMIIH L THRdDT Y
FIEEERB/DLZENTE S,

BAGBREBREEFIFOF vy PRy FD FAQ 2 R
T LIZBIY B HFRFHFE L LT, Open-Domain QA THE)
¥ XN TWw3 Dense Retriever [Karpukhin 20] % #H §
%, Dense Retriever D2 I2iE, BHEDF vy bRy b
HETIEEL T3 <2 —VH[H, FAQ B> ZXfFE~<R7
Y RMLUZNETF — &2 B WS 1, AREEF— X I2BW0n
T, 2—WHEM L 2—¥HER L7 FAQ B oNEER 7
ZIEFlE LTHEEICHW S,

LaL, & s TR NS MG T —&ZI2iE 12—

1 WEET =X OPEFEOFHFMIOVWTIX [ZE 22] 5D 4 &
WCHERAIRES

F1 FHEOECIEHDHE

2 —PERM FAQ H [
T —h BB REBZTLEEW
THY Y IBERIRY vl Y TERY
DHDHHDHDHDD ERHZWOTTR?

POERFAQ HFONAENEMARL v F L TWARL
MEDENHERT7REETN TS, ZhoEEfr R
it L C2%8 3 % Z £ T. Dense Retriever D% DFRIZ /2
AR BIBNDD 5, SHEDENERFOF%E R 1127
T, WEND 2 —VHEM & FAQ EI OB K E L Bix
2 7- D E DFECIEG & RS, £/, HEEEDT—&
MOETYRELNYT YTV T URMEERTICH LT, EH
WCEBEEDRWIERTH 2 LELITONVTDT ) T—
Ya v EREmMLUERE SED { ROIEF: 455 74, &
WIER: 328 #F } £ o TED, MEDENEFINZ
EENTVWBEE XD, X5, ZHERERED»LZHD
WEERT7F—RBINELTVWB o, AFTOME
DENEFIOBREIREFED ) 2EE L o T3,
ANFEZ 42 ¥ 7DD EDEVIERZRET 2 F
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BRAEMERE
97\_7_'L\
g Igl € 0.1
: e9) 0.5
& SRS @ 10
‘D » 2.8
Trainig Data / \’
FAQY R T Lr Vil EEET—5
_mmzzijzl\ ‘&
IEI 28
(|
1 ERVELEHE Y AT 22 HVET -2 0887 4 v
RY 7D 70H—

Bty LT, FAQEMBEIRKBED 7 1 — PNy 2R 22 Xk
27 4 NEY Y THAEERED, 7 4 — KAy Z1Z\ET
21— DYRIMDT —XDVRIDFETDH 5,
AT, ERIFELERE S R 7 4% BV X013
R7 OFPUER 5T X 2 E OB WIEF DFRED BEL
PIRET S, BEFHERIZ 74 0RO 72EH L
F—RTHEELZFAQ VAT LI, 74L& ¥ IKHE
HOF—RTHEELEFAQ AT A LT, kD&
WHERRIERE Z R L 72, ERRMERIE. BEFELH OV
HBF—2T7 4R 7DOEMIC X B AF DI ST
BBEHABETH B L BRL TV,

2. B E B R

Open-Domain QA X 2 7 I2B1F 3 LERRTIX. £E
THHIC & 5 XCEMEFIEL LT TF-IDF ° BM25 28V
LNT Wz, FESTIIERNY MARBUCED W CE R
%175 Dense Retriever DR X o205 %, [MEE 21]
51X HAFED Open-Domain QA ¥ — &£ v + JAQKET
% W7z DPR IZ81) % Retriever DHEHERFM S Ffi L T
B, —EOMREORE L IE L T\5, [Talukdar 21]
HIRFEICHWE T =D 7 4 VR ¥ 7HEEHRE
FOAOURER EICHFE T2 @G L T30, ZOFHE
WBEICSSTREDDEER 7 MR LTS,

AFFRICBOTE, 2 XEOBEMEIME N FER T %
B DBOXEER7 L B L., [HIF& 27 TH % EKH
FEMUEETH (Sentence Textual Similarity: STS) & 2 271
FREXBDEIELTT—RDI4LVE) VT EHT 3,
STS X R 7Tl IEFEMEIZ 0 GERDTERICER D)
H 55 (M) OEBETERIND Z LH—%
HTdH3, STSZRZIZET 27 —2tEy b LT, 3
ZED sts-b R HAEED JSTS [Kurihara 22] BSFEET %, W
THDTF =Xty bbb, FED F XA RS Rn—il
FXALYDF—=&ty P LTHEIATNS,

%2 L —F D FAQ BRIDENKRIC, RIE2ME T2 2 THM
NEPBR LI EL2D 2R (NEwvg & Twwzy) 25
74— KNy ZEMELI—-VFIEERL TV 3,

K2 BEIHT—2DY > TP A4 X

AT — & 7= 2 H
Raw Data 178,152
JSTS Data (S < 1.0) 160,684
JSTS Data (S < 1.5) 114,130
vanilla-BERT Data (S < 3.2) 145,937
vanilla-BERT Data (S < 3.9) 21,984

R3I FEHMET -2V P A X

7 —4&  Known-Domain  Unknown-Domain
dev test dev test

Normal-Data 22,270 22,279 684 684

Filtered-Data 6,763 6,777 251 251

3. EMRMNELEAES T LAZAVERE
HERTDT IR 2T

MEHDF vy bRy b FAQ ¥ 27 AIZBIF % Dense
Retriever DFEICHW A MEET — 2 12id. AWEOEWIE
BIBEELTB D, EFLDEEHDRIT ) A Xk 37
NDH2, —F T, BEEDERI L T —XDEZIHITAF
T4 NERY) VY AZIEEICFER 2D 25K L IR0 T W5,

Z 2T, WEOBWEFOXGERTDZ X, 2 XM
DNBEMNKE L BB Z L h HERIELES KD 20
SREDTE, KM 1IRTHEZ4ANR ) Y TD7u—%
RET 3, ERMEMEFTES AT L2 HOTHEUE S
ZHEEL. SH—EMURTHZMNGFERTERET S 2
THEIZ A VRV VT RERT 5, ZOHRI4NEY Y
TL7F—22HWTFAQ Y AT L% EXE3, B
BREVEEBUEFTE > X 7 L OR§EICIE, BERT [Devlin 19]
BEIERT %, FHICOVTIE, — KX A >D STS 57—
X%t v FTH3 ISTS T BERT OHEREEFAETILE
fine-tuning 5% Z ¥ X o TEKRMEMEHE S 2 7 A
ZHET S, AT LAPENT 3 ERIEUE S &, 2
FEIZBIT B STS Z X7 AT H-T, 0056 5
D DEBEL 25 X5 ITHERT 5,

4. FAQ o X7 LDFHERER

41 £ B &/ T

HtDF vy bRy MEETIER LXEERT ZHOVT,
F vy PRy b FAQ ¥ X 7 LIZEIF % Dense Retriever D
Al 2 S 5. BERAVELERIES X7 A2 HWE
F—&Rty DT 4 NRY VT OEMUEREEDT=D, 7 4
NEY T RBHLENGET —& LA L TR WT —
& Z 2N T Dense Retriever 2228 L. #EFRIERE % 5T
fifig %, #Fffilcid Macro Average Top {1, 3, 5} Accuracy
ZREFAL. &B%E T — X812 Top {1, 3, 5} Accuracy %
BH LUk, 2RBEERCTEET 3 e THEHET 5,
i R=R54 VFE

REFEL DHBKDD, X=X 51 & LTBERT
DERPEEEAE T V% fine-tuning 3 (vanilla-BERT)
WHR L EREMERE S R T 8ICX2 74080



R4 BEHOELUERES ZF A, BLXUFAQ ¥ 2 F AD fine-tuning DN A /$—18F X — &

RS R S 27 A

FAQ A7 A

pretrained-model

cl-tohoku/bert-base-japanese-v2

cl-tohoku/bert-base-japanese-wholo-word-masking

Batch Size 8 64
learning rate 5e-5 le-5
epoch 4 10
max-seq-length 512 64

+RS5 HBIHMEFEIC K % FAQ ¥ A7 A DMREFHIiFER 3 oD R a 71d/Ep SEIC Top{l, 3, 5} Accuracy #&3)

Normal-Data

AR 7 — & Known-Domain Unknown-Domain
dev test dev test
Raw Data 0.284/0.472/0.550 0.290/0.477/0.564 0.302/0.489/0.570 0.291/0.463/0.577
JSTS Data (S < 1.0) 0.296/0.500/0.584 0.305/0.504/0.589 0.365/0.574/0.638 0.323/0.564 / 0.628
JSTS Data (S < 1.5) 0.278/0.468 /0.566 0.285/0.474/0.566 0.352/0.534/0.586 0.364/0.544/0.610
vanilla-BERT Data (S < 3.2) 0.285/0.472/0.556 0.290/0.487/0.571 0.344/0.534/0.606 0.303/0.524/0.616
vanilla-BERT Data (S < 3.9) 0.231/0.402/0.483 0.235/0.413/0.495 0.308/0.496/0.575 0.325/0.511/0.564

Feedback-Data

AR 7 — & Known-Domain Unknown-Domain
dev test dev test
Raw Data 0.296/0.511/0.589 0.310/0.505/0.602 0.232/0.369/0.531 0.246/0.432/0.477
JSTS Data (S < 1.0) 0.328/0.544/0.624 0.326/0.545/0.635 0.281/0.546/0.592 0.303/0.430/0.492
JSTS Data (S < 1.5) 0.333/0.525/0.620 0.327/0.516/0.595 0.289/0.530/0.567 0.289/0.401 / 0.450
vanilla-BERT Data (S < 3.2) 0.305/0.501/0.579 0.311/0.506/0.578 0.267/0.443/0.581 0.299/0.412/0.479
vanilla-BERT Data (S < 3.9) 0.248/0.410/0.479 0.246/0.412/0.489 0.212/0.473/0.521 0.266/0.388 / 0.523

4 4
Pl
;j
1
0 A4
= JSTS-valid =]JSTS-invalid

vanilla-BERT-valid  =vanilla-BERT-invalid

2 FYRLY VTV VI UINEERT OEMED SRR TR
TR (valid: FHEDRWIES]T — &, invalid: fFPEOEWVIE
Bl 5 — ZIZFHE LTV 3)

Y7 RBEHALUIT — & TFAQ Y RT7 L 2¥E X
b, N—=2RF 4 U Tld, MNFERTDZENZND AT
WETFTMIAN L, &&E»SHI1E N5 [CLS] b—72
YDORWERID cos ERERXHH T2 Z 2T ko THEE
R7DHELEZER T 5, ZDFE. STS XA Z7IBT 3
0205 5 DEFEIHIGX B2 720, 1815 L7 cos FAM
Bz 5 LR a7 2 BRIEMUESTRES X7 207
85 %, R=RA54 v, BIUOREBEFEEhZNIZBY
% FAQ Y AT L DIBITH W Z N ZFhDMEET — &
DYV INF L %R 2ITRT,
ii. FHfiT— & DEkEt

T — R IZDWTE, R XA IR S R nWil b ge
IS 372012 [F 22] & DI THIZRICHW. Dense
Retriever DFEFIZHW SN TWBEEA K X 4 > (Known-
Domain) ¥, 2ZEITHAWTWRWERR K X £ > (Unknown-
Domain) O 2 EEOT—XEHET %, 72721, T —

& AR 2—PERM ¢ 2 —9H5EIR L 72 FAQ Effoxt
FERT ZIEH e U TINEE U 72 314ffi7 — & (Normal-Data)
b, HOENEERT T =R 2 EATWVWS, TDI®,
1 BTN 7 4 — RNy ZFERICBWT N AR
NTVBNGEERT DA L 72MNGE T — & (Feedback-
Data) TH i 2175, ZhZhDFHliT— X D% > 7
NP A X% RKIITRT,

iii. BRET 2 MEER 7 OEMEDRIE

REBFTIE. BRET 207 OEKRIELE S O
fEIC X % FAQ ¥ A7 L DOMREEZ LT 2720, &7 4
N Y TFRICBOTEROMERRET 5. RN
REMEFRED D, 1 BTHRRIZAFET /) 7—>a v L
X T —RICOWT, R—2X 54 v, #EFErh?E
NTERIEDE 25 L, 5 — X OHELE DS i
227 T, BEFEIOVT, S OBERZ FEOR
WIEH] (valid 7— %) OFELE SR OHE —U5 0, B &
OB DEWIER] (invalid 7 — & ) DRELLE i D5 =Y
SHANCHE T2 1S5 BEIEET 5 Z 2T, valid 7 —&
VA RRBREL-DDS, invalid F—& % 3/4 FREET 2
ZEWTE D, ULXD, BREFRECBIZRET 2T
T DFELUE 1.5 ZRED 1 DICRET 5. £ 7-RHIE
REDZLUMREED 7=, invalid 7 — & & BRIKRIGE S
2ZexRHMELTI10 DBERHEST %, R—X 74
Y FEIZOWTIZ valid, invalid 7 — & OFELUE 5 D E
BRODBKREL, ROLRBELZRET 3 2 & D HHRIH
HTH D, AEBRTIE, IREFIRCB 2 BEREIM
W, valid 7 — X DE—PUSAE X U invalid 7 — X D
ZPUSPICAEY S5 3.2,3.9 ER—RA T4 Y FIEOME
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iv. ZOMDANL =T X =&
EREMEFE Y 2 7 5 OEIZH WS BERT, B

XU FAQ ¥ 27 4 DEFIZH W B Dense Retriever D

fine-tuning IZHBIF B2 NA =T X=X ER4ITTRT,

42 % R-E Z

Dense Retreiver D #EgmHEAE D FEAMlifG R % R 5 IR T,
%A ISTS Data T22% L 7z Dense Retriever X —
D FAQ ¥ A7 LDFH. Raw Data T¥HE LHE
vanilla-BERT Data T8 L7355 & Ll L T Accuradey
BDEAAT ko> TWb, JSTS Data (S < 1.0) & Raw
Data ZHZNTHE L MR % I L 72%&. Normal-
Data, Known-Domain, test {235WT Top {1, 3, 5} Accu-
racy \&#h 2N 1.5%, 2.7%, 2.5% LE[Al->TH D, Normal-
Data, Unknown-Domain, test Ti& 3.2%, 10.1%, 5.1%_k
[HoTW3, —77 T, Known-Domain I281F 3 HEEIZOW
C. vanilla-BERT Data T#E L7HED A2 7iE. Raw
Data TH¥E L1GE L AFEFZIEZNLFOR a7 e n
SFERIZIR o TWVWD, ZAUE. JSTS 12 X % fine-tuning
F1T7% o TV vanilla-BERT % W7z invalid 57— &
DB HBREBIRETH S Z . R ISTS ZHni=
fine-tuning {2 & % 2 X O BERIELUE O¥E OF M
ERTIER TV,

Normal-Data @ Known-Domain {28 % FHiiicB W
T, JSTS Data (S < 1.5) TEEH LZET LD a7 (Top
1 Accuracy) %% Raw Data T L7z E 7L & LEAREW,
ZAUIFE 2 X b, RawData TO¥EELETFILDR O
7 % kA5 Tw3 JSTS Data(S < 1.0) % vanilla-BERT
Data (S < 3.2) & i LT JSTS Data(S < 1.5) D5 —X&
Bz, #BCHE LT 2HEDORVIEFEER7H
B HIZ S BREINZATREED E 2 S 5,

—C. Feedback-Data ® Known-Domain (2351} % FF
filici, JSTS Data(S < 1.5) THELZEFILDRAAT
(Top 1 Accuracy) 7% Raw Data T¥E L7z E 7L & NG
WV, ZOfERIZ, Normal-Data IZ& ENTWTET AN
IEfET &R o 7 invalid 7— & H3, Feedback-Data Tl
TANRY Y TEINTVEZLITRET 2 EZ NS,

5. 8 b b (C

AEH TlE, Dense Retriever N — 2D FAQ ¥ A T A
DEBRF—ZDT 4 VRV ¥ ZFFEL LT, ISTS T fine-
tuning L7z BERT N— R TSR L 7= EEAVBEBUERH R >
AT LADIERZRET 5, EBRHERE HEHOBONGE
RTDITANRY) VTS F vy bRy P FAQ VR T
LDMEEM . RO ISTS % Wz BRI R >
AT LD EEDEIMEZ RIMRE R otz AT, &
FETREDOT—RIIH L T—BIZT A NVRY V7%
HA3222T. AFTD7 4 AR ¥ 7OFR%ZKIEC

HI S 2 Z e HATRETH %, S&iE. TS5 % BART, GPT
REYDEREFNVEHNT, FAQ I OWEETE Y
BEZDPOEMXEERTE e REICEoT, F—&ty
bOIERE T B BRI 5, XHIT. T—&Xty b
AR 74 VR ZREHIZERT 5 Z 2 TFAQ ¥ A
T L DFE R 5 MEREA Ex HIS 3,

OB F X MO

[Devlin 19] Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K.:
BERT: Pre-training of Deep Bidirectional Transformers for Lan-
guage Understanding, in Proceedings of the 2019 Conference of the
North American Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Volume 1 (Long and Short
Papers), pp. 4171-4186, Minneapolis, Minnesota (2019), Associa-
tion for Computational Linguistics

[Karpukhin 20] Karpukhin, V., Oguz, B., Min, S., Lewis, P., Wu, L.,
Edunov, S., Chen, D., and Yih, W.-t.: Dense Passage Retrieval
for Open-Domain Question Answering, in Proceedings of the 2020
Conference on Empirical Methods in Natural Language Processing
(EMNLP), pp. 67696781, Online (2020), Association for Computa-
tional Linguistics

[Kurihara 22] Kurihara, K., Kawahara, D., and Shibata, T.: JGLUE:
Japanese General Language Understanding Evaluation, in Proceed-
ings of the Thirteenth Language Resources and Evaluation Confer-
ence, pp. 2957-2966, Marseille, France (2022), European Language
Resources Association

[Talukdar 21] Talukdar, A., Dagar, M., Gupta, P., and Menon, V.:
Training Dynamic based data filtering may not work for NLP
datasets, in Proceedings of the Fourth BlackboxNLP Workshop on
Analyzing and Interpreting Neural Networks for NLP, pp. 296-302,
Punta Cana, Dominican Republic (2021), Association for Computa-
tional Linguistics

LA 211 A0k $REL, = e, PEHE BT, SRR L A — TV R X
4 ¥ QA IZEII % DPR O EMMEMGE, 5a5ILIEY:2 5 26 [AI4F
K2, pp. 1403 — 1407 (2021)

[CHE22] 8 K22 84 W, #2ILCHER, FH B, AR #hK:
F vy bRy NEFEICBT S Dense Retriever Z FiW 7z Zero-shot
FAQ MZR, % 96 [EI 575 - H AR L 0as LB ZE & (55 13 [
FES AT LT YRI T L) (2022)
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Summary

EHERIWIEL BRE DD 5. BEHEINZ 2D TERL, RARHALDaAIa=r—a Dy —ily

ZDES. FLTEROKE L HETE L OMICREELREGREDS. 72 21ECD (av 7 b F 4 A7) &,
HFEEATFLTHET27-DDOFTETH S LA, BLEYRLICES2I2a=r—a DEHDOTETHH
3. SEETIE, $7R270 P a VBIX ) —I v - R (R, ¥ 7R27) BEEHBTY =7 2IEKL,
ANAZDEBOPEEHE2ELIETWSE,. LaL, TOBMRERORENC Y SEELEZ 30OV TIE, R
nTwiR»., UEOERDOTF, KT 7 v r—MVIAET— X220 L, A2WFRCHHFT&RE L, 72
IR EBUEHMINETFHRLOMBREHELMILE. ZLT, H TR IMIHROFROER ZRETIIRL, FHATH
B3 H L WHEMEZIRET 2 L, BRCEXZEADTAL TV T 147 4 —HBRICHIFE5 T ZAREMEERT.

1. & C & I

BRIXBEAD A=Y F VT 4 10U TR & RIXEI R £
D, BREODHEYPHEETHmOBIR TR, RBifvT®
Ty VL e HEREHE & OBIRDIFE E TV B [Lacher
94, Chamorro-Premuzic 07].

Z L THEOHBEFEE, HEE UGS 28E0
CTEIREN S, CD REYDEHBDBAD EREZEDH
BFETE o EX, BARORIMTENCE D 2 88092
A PRERER AR " EBERMFET —<D—DTH -
7z [Chellappa 05, Dewan 12]. L22L, #7R27 VY S>3
VERIZPY =3IV —ER (LR, 7 R27 )
DBEGIZ X DEMOBERVEZ TR D, BEMGHREI
B2 HEBEBETENELL TV 3.

YT, ¥ 72X 7 FHAOHEHBEETHNOFEICEH L
FFIC DWW TN %, Datta 5 [Datta 18] &, HHRl/ER
EHEDEREA NV — I Y 7Y — L ROFHD, ZOH%O
BREIEICE 2 2B 2HE L. ZOME, B2
APV =37 Y- RDOAHEZ, EAZEZDHZBHDD,
FREER SRR RIS RE L TV 3.
ZhuZ, aR METORIKIRD - = —EDHEEE D, =3
AP =3IV I7H—CRZFATE L TERHEEDE

BRI B TERLRINTE 5. OWRTIE, &
AP =3IV 7Y — L RAREEOFFEBAL H =Y
Y= arhPRZ 20, —HOBEZREFERTH2MERD
IERICE#B T A Z 2 ZRLTWS,
16].

[Papies 11, Wlomert

HED X2, ¥ TR 7 DOHHENDFEEIZOWTOWH
FiEHZDOD, HEEBPREZTMEMANCL o TOERE L,
YT R EBOCEIEETFEDER L OBRIZOWTIE,
WEZERAZRENZ V. SRE/BUERIMNC X o TEREZEE
CFEIEHEIELLTED, Z20oh, BEIAFRR-
TWBREA REEZREZTOICHEL TW2O0IZEAT
BV, L7edoT, ZOMBREHRT 2 Z e, fMdh
TVWRWHH=—XZHET 2 05 B R X DBIHED
5%, BELOHEL WO RBEILBERT
H3. iz, VYTRAIEIXADSHOREAREYE, ©
D, Y727 BPUOMEDTFEICERICH->TRD 3
D, TN DBHFEL TV DrEFEAT H72DITH,
ZOBEBOIMAIIERTH 5.

MEDERDT, RIFETEIANLDERICHRT 2%
oI L, ZANERHBTFEROBERICED LS
WD o TV EPMEET 5. BARANCIE, EHRISHLT
N2 DIIRS 21 E| L BN L TW B HEFERICOWT Y

AHEld [Takeuchi 22] ZHMH L 2 DTH 5.
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Yr— bRAERFEMT 5. U THRRIEFOHICED
HROEEZNEMNRTHF2HET 2. Xoikny
AT 4y ZHEEIINCED, TRZADOET & EXRHE
FE e ORfRE RS

2. F &

21 BEEOE®EB
BEORATHIUC L D, EROHINEIHA A TITVIC
FFEX N T3 [Lonsdale 11, Manolika 21, Tkegami 21].
IS DR DOHR TR R 5, [Lonsdale
1] TREROFEHBENZ 6 20h 73V (RSTF4Th
S[OER, * AT+ TRKOEE, BOXL, MABRF,
BE7ATYT4T1, MAZHZ) 5B L. 207
B THEBECRAIN TV =0, KFETH 2
DRFEEEFHNRA L=, BRI, 6 oOHM®D
55, WABGRLEBCTITUTAT14D2O00HEN
AR, RICERHETFROBERICHERZE5 2 3
CHEL, MEER LGERLK. o 4 o0 HIE,
BRHEBEFEOERE WS XD, BELEE (HPI v
NRY) DIFACHETZ Y HESINS 0, EELR
Motz. BT, RFKOFELEML ZHARDKHK
LT, Ry FI3a—YvIiREDTHTIE, 77 XA
B3 2R E MRS X TV B [Stevens 10, Masae 13].
72, HROEETGZIIBWT, 7—T 4 A7 71
X2 ERHBIIEHTERNI DD, 77 YDPERKC
T 21%E e L COMRERD AL 7.

22 - AE

FLX, 20206 A, £ VY &Z—2v PV —F =4
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T—T 4 A7 7 VT 5178 % 2 [, FF 10 RIER
L7z, OB 5 KEDY v h— FRETHEHZE .G,
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COVID-19 i X 2& % i C BT, HilavF v 1 v
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HIZ L S22 W TR, [Takeuchi 22] Z& MR X Az,
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X9, HEROMMBINTE S 2 EEICOWTHERRIE
Tt ziTw, BRI N2 EIORNERZH
i, BYRT 4y ZHBETVEZRHNT, FROER
KHEZ2EZ2ZADO D &iTo7. ZOBE, 5200%
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LIRENOHRER L, MERIERZHAERL L.
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31 FEROEFHHR
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42R%ol. ZOA4KRF%EFI-F4 IR, 21T, &
D TH 2 A7V I VG L B/ NEZEEE VT
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OHF LR, F2 X, RTFEafE RS RKE WV IHED
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DR EZEHCTAT YT 1 T 1 BRERADQIRFE L IR
%7z, F2, F3 OM A CHRFEMENGVERRICES T7—
T4 A MPEMERBNICFET VB TITYTATA
T AEETHS. F3X, BRIKESIT7—T1AL®
FHEBENICIETICMNA T, BOVFIHRT—T1 R
FOFHMZEICF IV LTHES TR TFAREDL
KEwv, ZHE, FER7—T 4 A MEREICHDICES
FREBEL, FOT7—T4AMDT7 7 LTDOTA T
VT4 T4 BBERLTOL XS RBRIEETH 3 & R
TE3. oT, BEIT7UTATIOTAT1BEAD
HF LR, F4lX, 7—T1 A MERET 3701220
EFHELEVWEWITEHIZBWTIRADK FARR 2
D, Fiz, FEHEOBIZHMSNTOWERVWEEZEID VL
HOPFTHRIT> TVWSEHICEKZIF> THEC OEBIC
BI2RTAERRE, ZAZNEHRTERWENEDIE
LEOHEERED. UL, SAF—BT—T 4 ARG
BRI OBEINZ I T7ATYT 4T 412
M 2MilRrEx o650, ThE2T7—FT1 X+
IS SHAF & AR,
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#£D Cronbach @ o R EFHE TS &, F11X0.82, F2
13073, F3120.72 THo7-. FA ZEFAREINRED
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EFRDEZRZFDIZ WV 0.805 —0.050 0.037 —0.026
BW\WEER B3 R D= 0» 0.641 0.080 0.110 0.085
HDHFTHRIT o T 2 NI HLR 2 F5 5 THES 0.458 0.220 0.140 —0.395
HoRNWT —F 4 A hosh 2 Ay —0.066 0.753 0.155 0.024
B ZEIICERT 0.281 0.531 —0.151 —0.105
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R3I nIR7 4y 7AW TELNZREIRIRE L Nagelkerke @ R2. *#* p < 0.001; ** p < 0.01; * p < 0.05.

71 ETIL2 ETI3 ET4 E7IL5
PTRY HEA 747 L&V | R

Yik || 0.088 —0.651% —1.594%*% | —1.218*** | (.140
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F2 0.444** —0.121 0.010 0.139 —0.149

F3 0.045 0.255% 0.473%*%* 0.102 0.095

F4 0.023 0.764%** 0.824%*%* 0.028 0.089

5] || —0.174 0.084 0.730%* —0.217 0.083

Ffp || —0.011 0.009 0.007 —0.000 0.004

R? 0.082 0.126 0.225 0.020 0.022

P IO A R R AN ,._JHE"C DIERIZEI R R functions of and individual differences in music listening in Japanese
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Summary

Fry bRy MORETIEEED—DIT, X< HZHEME (FAQ: Frequently Asked Questions) % FHW\ T
Y OEMICEE T 2 FAQ MBENRDH 5. HAIZFAQBRFIEL LTAH—T Y F AL VERIEETHRZ Dense
Retriever %, Fxv bRy FHEDNFER 7% CIHMER LT -2 TEEEE. 122 L, ZO¥EEClExEin
IR DICHEET ZHFEE IR EHEE CMRTE 32—/ T, HBAINHHHEE TIE 9 R
EREETZ MLV, 22 THLIZE, FAQ RRBRIZBWTHRNZ ARG EZERL, GPT2 ZHW\W
AR T — ZILERDERNEDIREE 21T o 7. EEROMER, Friilg% 2 E L 723l B T IEERY 3.2%m E L.

1. & C & I

HHEHIREZ 2= R—bORFIZBWTF ¥y bRy b
PEHEEDTED, ZLOBEIBN T DHRE
fERzfRdy — e LTEAINTWS. ZLT, Frv
PRy FAMRAET 2 HERED— O TH B FAQ MERIIFRIEE
ANZERFED T H LTV B [Sakata 19][Mass 20].

FAQ MR TlX, BE D FAQ & 22—V DHEM DR TFE
EEADD D, FHBRZEBPSEZ 6ND I eHZ W
o, HIEORBIZIE I TR EFELEKOEREEEL T
MRTIZHRENDZ. T, BEAZEFNEEEASIE
ETANEACEMRETVEMEST S, FiC, -7
FX A4 VEMIBESHARGEZ 4 X2 X7 JAQKET[#i K
201 \ZBWTHRMEL RS X 4172 [N 20]Dense Passage
Retrieval (DPR) [Karpukhin 20] DRZFRETH % Dense
Retriever ZF|fH3 3. Z ZT, Dense Retriever 135 % 5
NEMEBRBENRTH 2 XEEL TN ZERNCARS b

MIZZEYF % Dual-Encoder TH 5. DPR IR EITS
Dense Retriever & [FI%HH %175 Reader > HEK X L
25, RFETHD FAQ MEXMEEMHEITHO R WD,
Reader F|FH L 720,

Karpukhin 512X % ¥, Dense Retriever D8I E
Bl & HI B SR 7 B % W 5 2 8 TRERBE A ES
% Z e DHER X T W3 [Karpukhin 20]. 72721, A—7
VR XA VERRETIEMENSR & 72 5 XEHD 1,000 /7
ez 2 KBRS DTH 2T, RaADED FAQ
MBETIIHRBRNSR 23 FAQ EMIZEE S v ICHEX
NP B RRE O/NRTL FAQDB TH%. 22T
&3 FAQ ZRIZBWT S RO D 202 HE S
37012, EROAFERTEZ RS 5. 262, Xt
U PEEETIRT — X BPERCTE RV & S R
BEZBOTH TORMREE LS OMRETNVEZE D
72812, GPT-2[Radford 19] Z W23l 7 — X DILR

P

2175.
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A-Y Y RTLOME
2—HEm

VAT LAEBOILE
FAQ DB ({(FAQEFIR, FAQ# < U S, FAQE#%A))

7T q: RITIRY AH
DEHMEHICOVTH
ATIELWL

FAQERIr, — FAQY < Us, — FAQE%Ea,
FAQEr,
FAQE(ir, -— FAQ# < Us, — FAQESa

AT LGE H : :
FAQERIry +— FAQY % U sy— FAQEZay

~zy

Eo(9) ©0 0 [ X X 1A

[urw*wesﬁﬁzégij

[ (FAQ#Usi..s)

(FAQ# = U s £ 381R)

) ) _ ’
[ FroEZa 2@z | sim(q,r) = Eq(q) "Er(r)

BEEUKHFOFAQY T Us'E
1 FAQEIEa' D~ 7T

1 Dense Retriever % F\ 7z FAQ MR DI EK]

2. Dense Retriever D%

1 iZ Dense Retriever & F\W 7= FAQ MR O EX %
RY. FAQ BRI, FEANICHEINZFAQ D7 —%
~N—2 (FAQDB) »5, 2—V0EMIcRd Yy FF
ZEEEREIRTZEAR7eEZLNS. FIZIER1 DX
12, THATIR D IAB D HEEHICTOWTH A TR LW
CWVo e —WHEBB AN INLGE, YA T LTEH
WCHE XN FAQDB 2% 3§ %. Z ZTFAQDB &
(1)FAQ B, QFAQ ¥~ V, (3)FAQ HZE%* 1#lr 33
FAQ DEETH 3. FAQ B~ UB2—¥h 5 X< fn
BbELNBHEMX %, FAQ X Z UK 5 [HIET
%##£ L, FAQ B FAQ ¥~V DD S WX KR
%3, FAQ HMZHEEGEE T 5 Z & 1IT & W MR MERED
HET2ZePHONATVS. MRERL LTRASH
DFAQ ¥~V 2EFEEM L L T2 —FIIIRL, 21—V
BV NhxBIRT 52, MG 5 FAQ [EIEA I &
n3.

22, Dense Retriever (32— & ¢ 1285 % En-
coder DHFHIRZ bL ¥ FAQ <V s %3 % Encoder
DHENRTZ PLVOBELEZR 1 ICEXDEHT 5.

sim(q, s) = Eq(q)" Er(s) (0

I IT Eqg.Egldzhzha—¥ER L FAQ ¥~V I1Zxf
¥ % Encoder %, T 3B ERT. ¢ B2—FFHE, s
ZIERIOFAQ I~ Y, s, ZEBIOFAQ I~ Y, nZH
fHlo FAQ U~V ki 52, FlT—Xi1Z D= {<
GirS) 587150551, >} LR EN 5. Dense Retriever 133X
2 DIERBEHD RN D XD WEHINS.

L (qi,sj,szl,...,sim)
esim(q,sj) (2)
= _log . F . —
esun(q,si ) + 2?21 651m(q7si’j)

2—PHM E EHID FAQ ¥ <V B ELIL TWaIE LR
ez, Ao FAQ ¥~V & OFLEDEWIE

Y, R2DEKIIKREL RSB, 2D, EfEED Dense
Retriever 218 2 7= DICIXAGIOBIR FIENEETH 5.
B DRI 3 2 7 3-1 it .

R —FOZREESVELIIHIET 372912,
FAQ #= VU Tld7% { FAQ BEffiZ HWTHER%ZITS. D
D, FAQEMZr v 323 3L W ELUERFEL,
B OHELELE W FAQ BERICXE T 5 FAQ = U %3i&
K3 3.

sim(q,7) = Eq(q)" Er(r) 3)

3. T2ty OEK

HHDF vy bRy NEE I TIEL 0GR 272
WTTF—&ty FEERTS. £F, Fyv bRy MEE
BT B NEEr ZINVER O FAQ RERIZOWTIRR S, &
e, Ahahza—9ERIC LT (1) BiEEoRBEE
1229 < BM25[Robertson 09] 12 & 313 ¥, (2)BERT
DOHART PV OFLER b L ITEHEHRRY — )L faiss*?
PRHWEMERERITS. ZLT, (1) OMBEREL 34
Q) OMBFEROEEL W EN 2 4D FAQ ¥~V
DZE L —PIIRT 5. 2—FEZDONThr%ZER
L, YAT2EZNCHO FAQ BIEE N3 5. Tk
F—PER L BIRX N2 FAQ ¥~ U Z1Efl ¥ L TINE
L, 7—&+tvy bERER L. 2D FAQ ¥~ VIEHRD
BEDHED FAQ DB D FAQ <) DWTFNLTH 3.
T =&ty MIEROBEED FAQDB & M&En 75 o1/
XN TBY, BEEZLICEHABYE FAQEMER 3.

SEEETl1X Known-Domain ¥ Unknown-Domain ¥ \5
2 ODERBFFRERKT, 842 DEIET 2 OOBERIC
5 VR LIZ5E|LT-. Known-Domain DBEE DA
BT — X PTE(EL, Unknown-Domain OBEE D5 E1ZF
T —ZPEELRZVWESICLE. Zhugzhzsh, BE
WC—EBONGEER 7% IR T % % BEIFERICE T 5 5
b, FHRBERICBIAFHAEITS 2D TH5. BRI
DF—&+ty +OIERRK, Known-Domain OREE TIE
T —&, WEET —&, FHii7T — &% D5 8:1:1 OFEIE
¥ 7% X 512, Unknown-Domain DEHZE TIIMEET — X,
AT — X DR DEIEH 1:1 DEEITRZ XS51CT7 Y
REZHEN LTz, B L7zT =&ty bPOFFMZEZR1IC
RY.

K1 F—xtvy roRE

ES Sy R | IR N FA
Known-Domain 20 147,401 | 18,426 | 18,434
Unknown-Domain 6 0 13,187 | 13,189

AR, BREE, FHEIZENZNFIRET — &, BEET —&, FHiiT — X
D ERT.

*1  https://www.ai-messenger.jp
*2  https://github.com/facebookresearch/faiss
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PositiveCases
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LEZBND. R, #DIRUIEME UTHELS % FAQ
BEZLEUNCHBTE Z e NEETH S £ E X T Pos-
itiveCases R EL7=. 72, AFETEREROBEED
FAQDB RT3 Z 255, WRIDEE D FAQ DB
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LT, &bREERAFEERT 2 7ZDITHTRIDERED
FAQ DB % 5 [Ffi# FAQ ¥~ V28§ 2 FAQ ¥~ U %
Wz AlIBm25 3% E L7z, EBRTEFTHE IR O
25 AllRandom ¥ AlIBm25 I3MZXTR & 72 5 FAQ ¥~
VEBHRA 320 FL 75 X 5T FAQ ¥~V 2B 7-.

3-2 GPT-2 ZAUVIIRT —2 DILR

Dense Retriever D3I T — & H1id—E & :ZR T hg
WFAQ ¥~ UNTREEL, ZASIIHmRfGERX L
WEEHRH S, ZZT, GPT2 ZHWTFAQ ¥~ Uh 5
ZNRIERE T 52—V HEBZBLANCAERT 2 22 T,
AT — R EIERT 5. ZAUCEDETOFAQ ¥~ VI
W UTIE@ED D 53T — X EH RS 22 e BN TE
572, BEEEOBVWETF AL LRSI EBHFTE 3.

GPT-2 % Known-Domain ®EE DFIFRT — & % Hw
T, EfD FAQ v~ VU o2 —PEMEERT S L5
IZ Fine-tuning #1T> 7z. ZOD#, ¥FEAD GPT-2 1
FAQ#~VUZ AL, Z—VEBEZELANCERT S Z
©C, AL —FRFE L FAQ ¥~V OflE 15| v
LCHliT —2cBMmL 7. =70, ARLEZ—¥FH
FEASIEFID FAQ =1 & —H 3 25513 LTz,

EERTIE, (1)Known-Domain DEEZE DT — X BHAR S
2384 (Known), (2)Unknown-Domain OFEZE DT — &
AR S 2356 (Unknown) , 3) 2 TOBEEDT—X %
IR 358 (AID 290 CTEBEE{T- 7=

4. = &

Dense Retriever DRERMEREDFH(i% Known-Domain &
Unknown-Domain {290 CEHliZ{To7z. & HIT, N—
254 YFFEL LTBM25 &, 2ETHBNEEE 2T
WS D Dense Retriever £ DMEREHI 21T - 7=,

4.1 £ B % T
Dense Retriever Z #5832 2 -5® Encoder DEADH]
HHEICIE, NEXH TV HAEEREEEA BERT 0

HA% Wz, Fine-tuning FEDFEHIX 1 x 10~° (warmup
rate=10%) ¥ L, Epoch!% 10, Ny F ¥4 X% 64, Dropout

1% 0.3, Optimizer i Adam W7z, GPT-2 XX
NTV 2 HARBEAEEEATT N “OEALZ FHAE
CHIFILTHED, 2ERZ 11075, Ny FHA LS,
Dropout #iX 0.1, Optimizer i Adam % Fi\7z.

AR, BEE Z 212 Top{l, 5, 10} Accuracy ZHH L,
ZN 5% F % Z ¥ T Macro Average Top{1, 5, 10}
Accuracy #EH L 7.

72, R=RA 74 YFiEL GHLERAFETHHET 3
BM25 TiX, BEEZ L D FAQ DB IZ&£h 5 FAQ &
DS % IDFEDOFEICHH L, e & BiE R O &
FWTEHHE L.

42 £ B & R

7% 2 ™ Macro Average Topl Accuracy T&FIER LL#
T5.

%73, GPT-2 Z W37 — &4k Z21ThH3 438D
DEFHEIR % LB L 72455, Known-Domain T Target-
Tenant 73, Unknown-Domain Tl PositiveCases 255
FEENMESEW. X512, AllRandom ¥ AIBm25 i Tar-
getTenant & D HIRRMFENMET LTS, 2, FAQ
MR TIEA =T ¥ F XA VERIVE L R THRENSR D
XEWNNIETDH 5728, DREEE D FAQ DB 5 & & f
ZERT 2 XD, HERR L [F UBED FAQDB 2258
BlzZERLC, Zhoz@UNcHRIcE2 X5%H L
TRProTEZONS. £, AIBM25 OFER KD,
BM25 % W CIES] & I 25K 8 72 £ 51 % 3R 32 2
& T Dense Retriever DHRENAILT 2 Z e BEIS5HT W
%7 [Karpukhin 20], F4 D FAQ fZRIZB§ 2 HEERTIX
FREDIEANITER T E b o /2.

N—2 74 ¥ 7% BM25 i Dense Retriever ¥ [F%%
DOMBREEL D 5. 2, Fyvy bRy NHETIZ2Z—
PEBDHFADADGERH X DG EDFET 2729,
ZD X5 REFNTX U TITHFEDORBFICED MR
MR THoT2EZ NS,

Rz, ZNFETOEBRTIRD D o 7= TargetTenant &
PositiveCases @ 2 DDA FERICBNT, GPT-2 & H

*3  https://huggingface.co/cl-tohoku/bert-base-japanese
4 https://huggingface.co/rinna/japanese-gpt2-medium
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# 2 Macro Average Top{1,5,10} Accuracy (%)

ETNV AR T — & IRk B fER Known-Domain | Unknown-Domain
BM25 - - 27.8/56.1/64.7 31.7/57.6/65 .4
DR w/o training - - 11.1/29.1/38.3 17.0/34.1/43.9
DR - TargetTenant | 34.5/60.6/70.3 29.8/57.1/67.8
DR - PositiveCases | 33.3/59.3/69.8 31.5/57.0/68 .4
DR - AllRandom 33.5/59.4/69 .4 29.3/55.6/67.3
DR - AlIBm25 33.1/61.1/71.3 29.3/55.6/66.4
DR Known TargetTenant | 33.1/62.1/72.4 32.0/59.2/70.2
DR Unknown TargetTenant | 33.4/59.6/72.0 31.7/58.8/69.1
DR All TargetTenant | 31.9/61.0/70.1 31.2/58.0/69.6
DR Known PositiveCases | 32.1/59.4/71.4 31.5/59.3/69.9
DR Unknown PositiveCases | 31.4/59.5/71.3 30.7/60.1/69.5
DR All PositiveCases | 33.3/59.4/70.8 30.1/58.7/69.9
BM25 + DR All TargetTenant | 33.3/62.8/74.2 36.6/66.4/75.7

DR & Dense Retriever % L, DR w/o training 1F vy b Ry P EED T —X 2 HW¥E 21T TWiRY, BERT
DEADYIAEE FWV 72 Dense Retriever £ 3. FEERIZ, TF L LT — X5k & AHEROMA S DY
12X LC, Known-Domain & Unknown-Domain Z & IZFffi L, Macro Average TopK Accuracy % K={1, 5, 10} ®

X Y] D TR

WGl T — X DIRRDERE R REEL 2. Z DA R,
B HEIR A TargetTenant DS, T —XLRICE D
Known-Domain Cf&~ L, Unknown-Domain T3 L
Jz. D% b, T — 2 T53IFET % Known-Domain
TR L 72T — B ) A X ko7=2b DD, T —
& PTFELE L 720 Unknown-Domain Tid—E DR H -
FreEZbNS.

B, FIT— XI55k All 217\, TargetTenant TE
24K L 7= Dense Retriever £ BM25 D2 a7 DEA Y
Mz HWTHR L%, Known-Domain ¥ Unknown-

Domain £z FHEIENRRIGE 232/ L 72. 1512 Unknown-

Domain 28T, Dense Retriever ¥ BM25 ZiHA A
b3 Z LT 4.6%DM EDTHERX L.
5. 8 b b |(C

AETE, Fyv bRy VEERBI2T7T—2ZHW
T Dense Retriever DFE 21T\, JIfT — X BFELR
WX S RHTREER % HHE L 7= Zero-shot FAQ MR D H:EE
FHAEAT o 7z, EEBRTW, FEBERICBVWTH BVWEE
FEE 218572912, Dense Retriever D22 E R & FEIR
FHEZ 4B HEL, X512 GPT-2 2 AWVWdlifT — £
IROAEMEZ R L 7.

BER & I E NG 2@ L T2 —Y OFERIRELTS
KA ARy VEEREMRLTED, Fvyy bRy VEE
FHRIC FAQ MBEEREZ EE L TWD. =72 L, KM X
Ry VEETEANDER RS20, B b=
I—FHFOTIABX L Vo BHAERBEND 22 L H
bhoie. SHRIZZNS DRI EEL T, FEMEZ FAQ
RETFTNVOWELHIET.
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Summary

Color selection plays a critical role in graphic document design and requires sufficient consideration of various
contexts. However, recommending appropriate colors which harmonize with the other colors and textual contexts
in documents is a challenging task, even for experienced designers. In this study, we propose a multimodal masked
color model that integrates both color and textual contexts to provide text-aware color recommendation for graphic
documents. Our proposed method primarily focuses on color palette completion, which recommends colors based on
the given colors and text. Additionally, it is applicable for full palette generation, which generates a complete color
palette corresponding to the given text. Experimental results demonstrate that our proposed approach outperforms
state-of-the-art methods in color palette completion and full palette generation.

1. Introduction

A color palette refers to a specific set of colors in re-
fined forms. A well-chosen color palette helps commu-
nicate the intended message effectively in design. In this
study, the primary objective of color recommendation is
color palette completion, which means suggesting appro-
priate colors in palettes, taking into consideration both the
existing color and text contexts. In addition, we address
the full palette generation task, which is a specific case
of color recommendation. This task focuses on creating a
set of harmonious colors based only on the given textual
contexts, without factoring in any other color context. In
this study, we present a versatile model that can effectively
perform both color recommendation tasks.

In recent years, data-driven deep learning techniques
have shown potential for color recommendation in graphic
documents. A recent study [Qiu 23] proposed a masked
color model for multi-palette representation and color rec-
ommendation. However, this work only examined the re-
lationships among colors in multiple palettes. Some stud-
ies based on multi-modality learning have aimed to gener-
ate a color palette based on textual information for image
colorization [Bahng 18, Maheshwari 21]. They proposed
conditional GAN architectures to generate colors that re-
flect the semantics of input text for image colorization.
However, the small scale of training data restricted the

capacity to encode and represent complex textual infor-
mation. In contrast, using text embeddings generated by
large language models is more comprehensive than learn-
ing from the small-scale dataset.

In this paper, we propose a multimodal masked color
model for text-aware color recommendation in graphic doc-
uments using the designed attention networks. We utilize
the pre-trained CLIP model to obtain comprehensive text
embeddings that can represent both textual and visual fea-
tures, enabling us to consider a broader range of text rep-
resentation for color recommendation. We primarily con-
duct a series of evaluations on color palette completion for
graphic documents and full palette generation to validate
the versatility and effectiveness of our proposed method.

2. Approach

As shown in 1, we extract multiple color palettes
from image, graphic, and text element groups and reorder
the color positions. Graphics encompass decorative ele-
ments as shapes and other vector-based illustrations. Ad-
ditionally, we extract varied textual contexts in image and
text elements, and obtain text embeddings using pre-trained
large language models. We apply a text-aware masked
color model to integrate the color and text representations
for color sequence completion and predict the specified
colors with a high probability for color recommendation.
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1 Overview of our approach.
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2-1 Reordered color representation

To extract the color palette for image and graphic el-
ement groups, we adopt the k-means clustering method.
For text element groups, we collect individual text colors
and cluster them into a palette. In the related work by
Qiu et al. [Qiu 23], colors in each palette are ordered ac-
cording to the size of their color clusters, reflecting their
color area size. However, we found that area-based color
ordering does not positively impact model performance.
One possible explanation is that the size of a color area is
not necessarily proportional to its importance or relevance
in the overall color context. On the other hand, lightness
provides a simple and intuitive way to organize colors. In
this approach, we utilize lightness in CIELAB color space
that has perceptual uniformity as the basis for color order,
which we believe will provide a richer color context.

Color representation can be divided into three primary
stages: color quantization, encoding quantized colors into
learnable embeddings, and training with a masked autoen-
coder approach. Color quantization aims to reduce the
number of colors. In this work, RGB color data is first
converted to CIELAB color space, with a range of [0,
255], and each color is assigned to one of the bins in a
b x b x b histogram, with b= 16. Then quantized color
codes are encoded into vectors and embedded in the space
during the learning progress. For palettes shorter than the
fixed maximum length, we add the [PAD] token to com-
plete the length. Additionally, the [SEP] token is appended
at the end of a palette. The palettes of image, graphic, and
text elements, are respectively labeled with the segment
number 1, 2, and 3. Given a sequence of multiple palettes,
we construct its input representation by summing the cor-
responding token embeddings, segment embeddings, and

Q=Palette Emb

Multi-Cross-Attention
K\V=Palette Emb & Text Emb

Q=Palette Emb

Cross-Attention K\V=Text Emb

Self-Attention Q,K\V=Palette Emb

Color embedding @: Spatial concatenate

Text embedding

2 Multimodal masked color model including one self-attention and
two cross-attention networks with color and text input representa-
tions.

position embeddings.

2-2 Text representation

Textual information plays a crucial role in conveying
semantic concepts and achieving design goals. Color vari-
ations often rely on figurative language [Kawakami 16],
such as murkey blue, greeny blue, jazzy blue (best viewed
in color). Design works have various forms of textual in-
formation. In this study, we gather two types of text from
the graphic documents: text contents and image labels, as
demonstrated in [X] 1. Text contents are obtained directly
from the original text elements. Image labels are extracted
from image elements using Google Vision API to detect
objects.

In this study, we use the CLIP [Radford 21] model to
obtain the text embeddings of each text content and image
label, which is one of pre-trained large language models
that have made significant advancements in recent years.
CLIP is pre-trained on a large corpus of images and their
associated captions, which allows it to generate embed-
dings that capture both textual and visual information. The
colors present in the input image can be correlated with the
textual information during the training process, and we be-
lieve that this connection has the potential to improve the
performance of text-aware color models. We employ the
CLIP model to obtain text embeddings for each text con-
tent and image label.

2-3 Text-aware masked color model

As shown in X 2, our proposed multimodal masked
color model is composed of one self-attention module and
two cross-attention modules, designed to effectively inte-
grate color and textual contexts. An attention module is
described as mapping a query (Q) and a set of key (K)
and value (V) pairs to an output [Vaswani 17]. In the self-
attention module, queries, keys, and values correspond to
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input color embeddings. This module can effectively cap-
ture the intra-relationship among colors within the same
palette and the inter-relationship between different palettes.
To model the inter-relationship between colors and text,
we introduce cross-attention modules. In the cross-attention
module, queries are color embeddings from the self-attention
module, while keys and values correspond to text embed-
dings. Additionally, the multi-cross-attention module is a
comprehensive network that captures both intra-relationship
and inter-relationship in colors and text. In the multi-
cross-attention module, queries are color embeddings from
the cross-attention module, whereas keys and values are
obtained by concatenating color embeddings from the cross-
attention layer and text embeddings.

The masked color model following a methodology sim-
ilar to a masked language model (MLM) [Devlin 18], ran-
domly masks the color tokens from the input, and then
predicts the masked tokens based on their contexts. Once
the color model is trained, it can then be utilized to predict
specific colors with a high probability and generate color
palettes that harmonize with textual contexts.

3. Experiments

In order to demonstrate the effectiveness of our pro-
posed model, we conducted the experiments on color palette
completion and full palette generation tasks. We collected

the Multi-Palette-And-Text dataset compiled from the Crello-

v2 dataset [Yamaguchi 21] for color palette completion
task. It contains multiple palettes for image, graphic, and
text elements, and textual information of text contents and
image labels. The resulting dataset comprises 14,020 /
1,704 / 1,712 valid data for training, validation, and test-
ing, all of which contain image-graphic-text palettes and
English text contents. In addition, we used the Palette-
And-Text (PAT) dataset [Bahng 18] for full palette gener-
ation task. The PAT dataset contains the five-color palette
and text pairs. We randomly divide it into 8,147 / 1,018 /
1,018 data for training, validation, and testing.

3-1 Color palette completion
We primarily conducted a comparison on the color palette

completion task between our proposed text-aware masked
color model with the related work by Qiu et al. [Qiu 23],
which only incorporates color representation in its masked
model. To evaluate model performance, we measured the
accuracy metric by comparing the predicted colors with
the ground-truth colors. It calculates the corrected predic-
tions of color codes. The comparison results of our pro-
posed method and the related works are shown in %€ 1.

# 1 Comparison results of accuracy@1 for predicting different num-
bers of masked colors. ‘@1’ indicates the recommended colors
with the highest probability of each model.

Accuracy @ 11
Method 1color 2colors 3colors 4 color 5 colors
[Qiu23] 36.72% 16.04% 6.45% 2.51% 0.76%
Ours 4713% 26.22% 15.67% 10.14% 5.76%

a)GT
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b) Qiuetal.[18]

3 Color distributions that the data point is assigned with its own
color and the point size reflects its frequency. a) displays all the
ground truth colors in the multiple palettes of the test dataset. b)
and c) display the correctly predicted three-color results of the
related method [Qiu 23] and our method.

Our results indicated that our proposed method has higher
accuracy than the method by Qiu er al. [Qiu 23] for pre-
dicting different numbers of masked colors.

To visualize the distribution of the correctly predicted
colors, we utilized the 3-dimensional CIELAB color data
and transform it into 2-dimensional space by t-SNE (t-
Distributed Stochastic Neighbor Embedding). We selected
each best-trained model with the highest validation accu-
racy and output the results for three-color prediction based
on the test dataset. The distribution results are shown in
3. It demonstrated that the output of our model has denser
points, indicating that our model had more accurate pre-
dictions, and the accurately predicted colors were not lim-
ited to black and white colors.

3-2 Full palette generation
We compared our proposed model with Text-to-Palette

Generation Networks (TPN) in the most relevant work [Bahng



2 Comparison results of color diversity and palette similarity to GT.

Diversity?  Similarity to GTJ

Generated palettes Mean Std Mean Std

TPN [Bahng 18] 22.21 10.78 29.26  13.35

Ours 29.92 10.27 28.14 1291
GT 26.17 13.84 - -
midnight rise almost morning rain down

o HENEN HEN
- [HHENE HEEEN EEs
ows [N L L

shaded grey so cold pink ladies

buring hell autumn wed summer

- HENEN HEET
~ [ -
or NN HN

4 Qualitative analysis on textual context. We compare the gener-
ated palette results of our proposed method and the related work
TPN [Bahng 18] with the ground truth.

18] on full palette generation. For evaluation, we adopt the
color diversity evaluation in the related work [Bahng 18]
that calculates the average pairwise distance between the
five colors within a palette. In addition, we measure the
similarity between the generated palettes and the ground
truth (GT) with Dynamic Closest Color Warping method
[Kim 21] that calculates the minimum distance between
colors in different palettes. The comparison results of
color diversity and palette similarity to GT in % 2 indi-
cated that our generated palettes have higher diversity and
closer similarity to GT.

Moreover, we output a series of palettes based on var-
ious textual contexts. A comparison between generated
palettes of our proposed method and the related work TPN
with GT can be observed in X 4. It is noted that higher
diversity may not necessarily be a critical factor, as in-
corporating colors in the palette that are irrelevant to the
text would increase diversity. On the other hand, palette
similarity to GT holds greater importance, as it indicates
whether the recommended results contain key colors that
accurately convey the intended semantics.

4. Conclusion

In this paper, we presented a text-aware masked color
model with reordering the color input based on lightness in

CIELAB color space and CLIP-based text representation.
Our method is improved to have greater performance on
the accuracy compared to prior methods in recommending
colors for graphic documents based on the given colors
and textual contexts. Moreover, our proposal is applicable
for full palette generation and surpasses related work on
color diversity and palette similarity to the ground truth.
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Q. Rate the quality of the image.
(1) Very poor

(2) Poor

(3) Acceptable

(4) Good

(5) Very good

(3) Neutral

(5) Real photo

Q. Does the image look like an Al-generated photo or a real photo?
(1) Al-generated photo
(2) Probably an Al-generated photo, but photorealistic

(4) Probably a real photo, but with irregular textures and shapes
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v 0.11 0.10 12.0 3.81 4.63 4778 4.94
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Real Image 4.49 4.78 — 0.76
‘2 ke ANFF R MK B CLIPScore O]
J=HEIfRDIE S A3, COCO Caption NDEER LD b7 F _ Fidelity
2SN Z@Eﬁi@‘lﬁﬁ%b‘tﬂﬁﬁéhfhfc. Lﬁ’b%lﬁ%@ Real image
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x2

TR A T OHFIENE (CTG) & AEKD FE (Quality) O FF-MliAE S (ca: cyberagent, line: line-corporation)

PE R X ¥—7—NK NG 7—NK Average

EFI CTG Quality CTG Quality CTG Quality CTG Quality | CTG  Quality
gpt-4-1106-preview (GPT-4 Turbo) 0.992  0.925 0.450  0.869 0.972  0.886 0970 0.775 0.846  0.864
gemini-pro [Team 23] 0914  0.894 0.486  0.881 0.939  0.856 0.645 0.817 0.746  0.862
ca/llama2-7b-chat-japanese 0.708  0.675 0.206  0.606 0.794  0.553 0.400 0.575 0.527  0.602
ca/llama2-13b-chat-japanese 0.708  0.767 0.336  0.725 0.805 0.714 0394 0.722 0.561  0.732
ca/calm2-7b-chat 0.881 0478 0219 0.428 0.808  0.444 0.303  0.403 0.553  0.438
ca/mistral-7b-chat [Jiang 23] 0914  0.792 0278  0.742 0.884 0.742 0219 0.750 0.574  0.756
elyza/ELYZA-japanese-Llama-2-7b-fast-instruct  0.458  0.789 0325 0.792 0.803  0.803 0.305 0.778 0.473  0.790
rinna/youri-7b-chat 0911  0.692 0.166  0.683 0.647  0.609 0492 0.611 0.554  0.649
line/japanese-large-lm-3.6b-instruction-sft 0.344  0.067 0.125  0.056 0.597  0.044 0.525 0.056 0.398  0.056
llm-jp/llm-jp-13b-instruct-full-jaster-v1.0 0.253  0.047 0.003  0.039 0.364  0.017 0.808  0.036 0357  0.035
matsuo-lab/weblab-10b-instruction-sft 0.944  0.530 0.194  0.500 0.614  0.458 0.500  0.495 0.563  0.496

K3 ILEERZ A2 OFIBEE (CTG) & AR D FWE (Quality) DOFFAMi#ESE (ca: cyberagent, line: line-corporation)
PE R X ¥—7—FK NG 7—NK Average

EFI CTG Quality CTG Quality CTG Quality CTG Quality | CTG  Quality
gpt-4-1106-preview (GPT-4 Turbo) 0.960  0.987 0222 0971 0.851 0.711 0991 0.924 0.756  0.898
gemini-pro 0.956  0.931 0.494  0.942 0.796  0.655 0.886  0.884 0.783  0.853
ca/llama2-7b-chat-japanese 0391  0.822 0416  0.854 0.564  0.731 0.807  0.736 0.544  0.786
ca/llama2-13b-chat-japanese 0.071  0.887 0.484  0.920 0.620  0.738 0918  0.866 0.523  0.853
ca/calm2-7b-chat 0.860  0.735 0396  0.762 0.449  0.618 0.664  0.661 0592 0.694
ca/mistral-7b-chat 0.686  0.946 0398  0.935 0.644  0.720 0.813 0.853 0.635  0.864
elyza/ELYZA-japanese-Llama-2-7b-fast-instruct  0.749  0.615 0236  0.817 0.640  0.542 0.773  0.684 0.600  0.665
rinna/youri-7b-chat 0.724  0.320 0.200  0.347 0.524  0.258 0.649  0.259 0.524  0.296
line/japanese-large-lm-3.6b-instruction-sft 0.582  0.309 0.080  0.269 0.440 0.242 0.609  0.283 0428 0.276
llm-jp/llm-jp-13b-instruct-full-jaster-v1.0 0991 0.218 0951 0.227 0.578  0.131 0.853  0.204 0.618 0.195
matsuo-lab/weblab-10b-instruction-sft 0.876  0.671 0255 0.651 0.376  0.563 0.709  0.582 0.554  0.617
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K D1 EERIZHWAZLLM OV AR ENA =T A —RXDERE (FIEAR X IR SIIRAFADE T I)

EFI N—ZEF) maxnew_tokens temperature  top_p
gpt-4-1106-preview (GPT4-Turbo) - - - -
gemini-pro - - - -
cyberagent/llama2-7b-chat-japanese™ Llama 2 4,096 0.9 -
cyberagent/llama2-13b-chat-japanese™ Llama 2 4,096 0.9 -
cyberagent/calm2-7b-chat Llama 2 4,096 0.8 -
cyberagent/mistral-7b-chat* Mistral 4,096 0.8 -
elyza/ELYZA-japanese-Llama-2-7b-fast-instruct Llama 2 4,096 - -
rinna/youri-7b-chat Llama 2 4,096 0.5 -
line-corporation/japanese-large-lm-3.6b-instruction- sft - 4,096 1.0 -
llm-jp/llm-jp-13b-instruct-full-jaster-v1.0 - 4,096 0.7 0.95
matsuo-lab/weblab-10b-instruction-sft GPT-NeoX 4,096 0.7 0.95
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Summary

CyberAgent (21X~ )L F 57> b Kubernetes 7 7 A X EICHEE S N L OBEWMEEEBLEEL, B
%Y 2 7% Jupyter Notebook D & 5 %2kk 2 72 T4 7% 1 7N DT — 70— RIBBMHT 5. ZIS )‘(T 1% Z DB
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Y)Y —AFHEEZEE L7+ — 2EHETS 2N
# U\~ 7-, Machine Resource Management] (Zxf3 %
HENGFEEL. TZTMLP TEYa JA Y a—Y
> 7D 7= ® Open Source Software (OSS) TH 5 Kueue
2 EAWTINS OFREE ML 2. AFHSCTIE MLP
THEALTWD 7 4+ — X §&E 2R LM S, Kubernetes
LW EREEAMETI/-ODVa T ATV a—Y
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2. Kueue

Kueue (& Kubernetes Special Interest Group (SIG) Schedul-

ing TR XN T\, Kubernetes-Native 723 3 7 A1
Va—YuIlBi I -2 EFHDZDD 0SS TH Y,
UFICmRYE 5 OOHEB%2EKT 52720 IflBEINEZED
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+1 https://kubernetes.io/
*2  https://kueue.sigs.k8s.io/

(1) Queueing : ¥ 3 TIEMBBELRFEBEY V) — A DA
IND EFTHRHAINDERET i&b\

(2) Execution order : = —¥¥ Y a3 JOETIEFIZT
B2 HEERORETHD

(3) Fair sharing : f|ARIGEZRFHERE D V — A2 EHET
FYREHTARICHAETRETHD

(4) Flexible placement : 1 —¥XYa T &2 ArYa—
V>3 B8, AT - VM B L O GPU f&jl - i %
iﬁm:%’%iﬁ’@%éf\‘%f‘%é

(5) Budgeting : EFRFILEIHEBEY ¥V — A DHHE % K
A CEHTE 5%%?)’?)6

F7- Kueue 1% 6 FESHDOA 7V b 2L T 4 — X5
EDFEEATD T LNARETH D, IRHiILAFETIE MLP T

DT % T 5 L CRICEE A LocalQueue - Resource-
Flavor - ClusterQueue (2 DWW TikR 5.

2-1 LocalQueue

LocalQueue 1¥%5 7 > b (Kubernetes Namespace) N

WAEK S 27-0D4 7Y b TH Y, 2—H1% LocalQueue

2 UTHRT S ClusterQueue NV a T EFa—1 v
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2.2 ResourceFlavor

ResourceFlavor & On-demand %> Spot ® & 572 >
Ya—F4v7 /) —=RKDI4 744 7)1V GPU B/ &

HERY V- ADENERT DDA TV MTH
5. EEEIIH%® T 5 ClusterQueue T ResourceFlavor
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MR 4 20— A2 L TE Y, GPUaaS O
& Distributed 128 \WT Kueue #E AL TW5.
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H L & <% — Y R4 Jupyter Notebook *3 Dt
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(3) AI Platform Prediction : B85 E € 7L DY —
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(4) Distributed : MPI [Message Passing Interface Fo-
rum 23] {5 R — 2 D KB BLEH B LR
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When shared ClusterQueue is free

Shared Usage Admin Usage

When new user jobs are submitted to queues

User
A Job

=1
Shared Usage Adnlin Usage
1

1 Admin ClusterQueue & Shared ClusterQueue D2 # — X HLfFE
FI

Mz T mX2izRT & 512, Shared & Project-X @ Clus-
terQueue (& Cohort P Preemption KV ¥ —%&E T 5 Z
& T, Project-X 1222 & A3 % 535614 Shared A* Project-X
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I Project-X IZH U THi7=2Y a THHA I
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When project-x ClusterQueue is free

Shared Usage Project-X Usage

When new project-x jobs are submitted to queues

Shared Usage New Job Project-X Usage
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