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Abstract: In recent years, many recommendation algorithms have been proposed, and the research of recommender system has been
greatly boosted with the development of deep learning. However, concerns about the reproducibility in this field have increasingly arisen
in the research community, owing to the slight but influential differences between recommendation algorithms, such as implementation
details, evaluation protocols, dataset splitting, etc. To address this issue, ReChorus is presented, of which it is a comprehensive, efficient,
flexible, and lightweight framework for recommendation algorithms based on PyTorch, with aims to form a “Chorus” of recommendation
algorithms. In this framework, a wide range of recommendation algorithms of different categories is implemented, covering general
recommendation, sequential recommendation, knowledge-aware recommendation, and time-aware recommendation. ReChorus also

provides the paradigm of dataset preprocessing for some common datasets. Compared to other recommendation algorithm libraries,
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ReChorus is featured for that it strives to keep lightweight while unifies as many as different algorithms at the same time. ReChorus is
also flexible, efficient, and easy to use, especially for research purposes. Researchers will find it effortless to implement new algorithms
with ReChorus. Such a framework can help to train and evaluate different recommendation models under the same experimental setting,
so as to avoid the impacts resulting from implementation details and assure an effective comparison among recommendation algorithms.
The project has been released on GitHub: https://github.com/THUwangcy/ReChorus.

Key words: recommender system; deep learning; reproducibility; recommendation algorithm framework; software toolkit

15U A2 A5 BB R, HEE RGE AR A B A P R BSOS BRI N 2%, o 9 3R 43 e o B8 2 W&,
HHEIRF T ZHN AR, WS T R0 focEN, WAk, RS R SRR, SR
SR HANGS, SRR — PSR AT P AR 101 6 OME 43047 92 B0, 15 ok 7 S 1) i) A2 B ) AL ol Ay
AR L IEA TR S, A R SRE AR TR, (H T SE80 B 8 Al W I A RIS T . BRI 2. 7
FEBIEELAE), TIARARME R AR RE AT H R A PRI .

KT VG MR R W, BAIILT PyTorch % il T ReChorus HE#EHIEMELL, B &E AN E R —AF—
IS UE R SE LS 0 L B P 2. B B HERE S 2 ) R B X AR AR R P e B NG SR B b, — 2kt
AL SRR UL B N LB AT v BE AR AR, 2T DL B2 8, BRATIFE 1T ReChorus HEZL I 1EQF 73 25 L 4R
oy SR SR R SR R S IR 4 B SR, AR A R T R AR v B i, R SRS
JR it SR R S E AR RS A

M O M HEFF RS FE, ReChorus T 41~ LM 4.

(1) %A =50 ReChorus HEZE H BT L SZIL T 13 ANAS [ P HE AR 509, o8 2 442 AT 1) 28 U Y DL R i 4R

PRI T VR ST 7R, SRS R 280 A B FR A 4 & B 48— AR R b (W& T IDL & T3 71,
SINFR K 51N TR 45 EL25). ReChorus 3@ 1T 3 MZ.Ofibk, B Reader, Runner, Model, 1 AN [F) £
B2 TR LT ) B S IR VA5 A A kD, A AR R 1 3 2 SR R It R AT S
. A, X Top-K HEFFAE S IR B 04k, BERLI I ZR A0 A5 DA = kAT

(2) 9. ReChorus HEZE J) SR, O ACRSLE 1000 47 A AT, AR 5 TEURS 1 F. HEAREAIL T
PyTorch SEHL, RE W41 SU+L T o iR BE 27 ST HE B8 48 FH R A i34 e, 4 T 7 (B0 508 iR ARE
BB, ReChorus KB JURR (138 43 2 h 72— AN S0 b, A4S R R 5 IEGS FE B0 v ik, RATIE &
MFRETINTVFZ A MIThAEE, b AR A, EERRILRE. TSRS,

(3) ¥ JEtEas. ReChorus A[RMEH 2 [0 AT RR G TALEIRr s, 5 548 FH 38 70 T AR A T ) £ 6)
AMEAG ISR IEATY R, RIS 5w 3L A CA R ol B e N 55 I ZRpr DU AH O 1) 2 fig LA 35
B A LA RN RY, [RIW 4R AL TV 24 10, A8 A 38 mr Dod i 4 AR A B 28, ke e A Y
T O S N TN PP I R K 7 K

ARICH 1WA HA O TTARE. 55 2 15458 ReChorus HESE IR AR 454 DL & MR BAR &k, 26 3 A4
FET AMEIRAE A A TF B4R LIS, ARG E . WA R U AN S RE LRI 0. &5, #H40
XA SO g

1 #HExIE

1.1 HFESUSM TSI

BE R B2 S R, MR 2 (IR SV AR R 3R H . AR T T S0 ok UL, e AT 45 oe N3k
AT N EVLEI R e, V722 S B E DL B S 2E R A s S R L L. R R AE Top-K 1T
Wi N, 9256 R A AR E M0 i, XA A R SR SO P AN R, B Se I 45 AT B R
Wi, A SCHRPIRSY T 18 ANIE TS S R 50k, A 7 AN gl sh LI, JF Ha e A nig ek
IR R, TR EJRR, B oarHEE s % — 24— B R PRI bR uE, DU HE R SR R AT A P 200
Paga
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12 HHFEEFER

AR, VF 2 HERE ST IR Y AR T U & b Rh S B, ) 0 B AR H 1 LibFMPY, Librec!, J5 K 1)
NeuRec, PAKHIT A Surprise™, RecBole!®%5 4. LA HER SIS RESR G rh FAL G )ik, Bo/b xR 447
PR 35, LibFM 4 C++528, 24t %) Factorization Machine %, LibRec 1§ /1] Java BT 7%, SZBLT
70 £ Bt Ge k. Surprise 3F— A1 T 5 % H 1Y Python #:47 JF &, {EA4EH T SVD, KNN Z5{£ 48 751k, In i
(R 7 S A B TT IR 5 N IR B HERE AT, NeuRec Al RecBole 43 73 T TensorFlow A1l PyTorch #E4T JT %, S2HL
T Z R TG P LR I HERE B AR S HEAF AR A AR AR R, A USRI SE A PRI 35 sk, XA i
T HIERARZBH]. ReChorus HEAE—J7 AT T 2 FF IR B S0, 53— J7 IR DRAIE 255 300 )

FARM RIS bR K, FiREEAnTY R L A B
2 ReChorus {EZ2

ReChorus FIFERAELLNE] 1 o, B 8K JZE Jt Preprocessing )2, =5 AE A5 B A0 2 TF s (91 an
AmazonVFl MovieLens!™ )4 3 Ji [# 2 k& 30 % A SC . Reader J27E Preprocessing 22 [, % [ 58 #% 2 59 S04
HEATEEN . A TIAEE, SO AZ O DL AR SR I 4 v 18, LA DataFrame HIE 34545 Model /Z. Model
JE T HERE O ARSI, BB N P HES . SHOE L T IMAR R 37K R B0 S AE A Runner )2 14 4
WA P RAE, JF A TR EINAGN S, £ LU batch, Gl gegh BAE. A, 76 Utils H424E T
WEIHHBI R, BRESSLRARANES . HITSBHR. T ERES. T RS FEHNH
H Y AR T

4 ™
[Runner | Train ] l Test l [ Metric I j Utils
Prediction kv Repeat
Loss Cxpr.
Model Module Dataset
General « forward + getitem Perallel
+ parameter « collate batch Param
* loss * neg sample Tuning

Sequential
DataFrame MG
Madel
Reader [ Statistics ] [ Heorganize ] Checkpoint
Furmalled <

Files

giid

Preprocessing [ Filter ] [ Split ] J Logger

—
b

Public Data (Amazon, MovieLens)
I 1 ReChorus FEAAHEZE 4]
2.1 BIETALIB(preprocessing)
AR, V2 A FFEE A% SROOEARGE —, AU B AL ) — Lo ) AR A AL T HOR I A R &
SN, BATE T AT E A% SO S ReChorus HEZE (K% N, T8 I8 24 TR AR 48— Ab B ROX 28 S0

AL BYE E, TR BT . RN, XAy = A3 A A AR e B AR e 1 R P, IS0 T AR A A 2
Ve U 0 75 AR R I Gy MR SC P, B 2 5 SR SO 3R, T 25 25 4F Reader H HEAT AH A 132 BRI AT
2.2 HHEIZ N (reader)

Reader j& ReChorus HEHEHT 3 MK —, 475805 B Tl Ak B8 B B AR Jle iy ] 5 4% XS PR EAT S, #i%
LR Ll DataFrame #3X, 5 8 5 224 (AR TN, AN, Reader 7EMEATHUAE NI, W DA4c ¢ — LAt
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Rrpoi ARG S, W w S ECL P S R R A SR T R Tk g A v A
A8 ] DAYE Reader HEATACEE, ThandgAN28 TLAEFH 7 5 58 A 47 1 .

WbAk, 25 RSB RIS B AR TEAS (R i B e N LA R A5 BT 7Rk, AR NS Reader 15 4 BB B 2K 1) i
PR, RSB 4 e 8 5 B 11 Reader ZEAE A H0H 30 ABEER, A 11 2 7T LL 4k 7 FEfili Y] BaseReader SRl &2 A8
()RR (e ik 5 SR B0 s 4 P U B 1) CRRGPMBE TR e 5 N\ Bl 388 5 160 T 7 - ok 2 b, 3 75 B
2 Rk &5 R, Rt e LSz 3l KGReader {F 4 BaseReader )12, by =0 R o K AR K],
G SRR RIS THE B LAMEYE CFKG A .

2.3 #  E(model)
Model 2§72 ReChorus HESL 5 A% 0 I FR 4y, TR TE I AR It W] Rk A5E 284 ] 72 S AL I 8 20 B b 31
— AN, DB U E A SO R AT ALIEAR S R, 32 i 234N AR TR 0 M R R . L pRske it H AT
HEFEE M 2Z R R BT TRNG R TS S A s L S e R 5. Stk 3RATTH Model 284 A WiiB 4
S SEHL T = R A B et
o HEXMFEMMA: W, AT EIMAG BN A E X, TATE Model 251 ¥ 1+ T Dataset W, 1157
AT B S LUK batch AR K. XA #2848 72K PyTorch 47 [) Dataset 25, K4 Reader
' DataFrame J& U1 % /00 3008 DL RAH DG Ge v &4 00N i A5 5 2 3 % Python 5= M (diet) BN, Forh:
key &b T A A5 B I 5F B (A0 “user_id”); value A& %] B[] PyTorch Tensor X 5, 4% A 57 1 FE A EL
Pkt . 2 I8 BRI 75 B B AR TT BE R AN R, dict TSN AN FT DL G B s B ) - B, B
BARGRMY P, X, FERT A& F T DL I HE 52 key SRIRTF dict HO6S Y B H A S

o ARSI A HIK, Model A & 4k7k B PyTorch ) nn.Module 2§, #id H i) forward i
SELTI 45 SR AR . forward B £ Dataset PR HE R dict 4% batch A M, R[0T
B NBUR T 2 L. T 4 S RRE DL dict A% U2 I, Rl DUR iR R A RE B R A5 IR AR,
Model KL E LT loss BRI 67 53 11 B4 2K BR 4L

JE T Dataset NS Module 4% 5t B &40 1 &5 &, RS20 [A) 72 S M 30 20 B4R v 210 T AN Model 2. [
I, % R BT A 1) R ek, 3RATTE X BaseModel SEAE A T A B AL A2, Horp 4R 4IE TR = 8, Wik 1 o

7, A T DL I E AR A O MR EOR S8 AN A BB e v, R 5 R
%1 BaseModel 25 A% 0 bR 5L
EE ik
_define_params S BT BT 1S3
init_weights & XS H ) 46 1k
forward R i N Al T & R
loss B MR
_get feed dict HL4E Reader Z4l A2 BB AL faT N dict

customize_parameters 4 AN[E S H IR =AML S 5
actions_before_train INZRIF LT AT Sy (U m A 7))
actions_before_epoch A RIEATT 4§ (147 Dy (A1 57K AF)
AN [R) 2R AR TS, FRATT AR ST T 6T WV P A8 B e SRk 58 il — Le L PR AE R D B, L4 GeneralModel Ho,
TRATTSEIL T R FH K BPR LossUIEEE X 2 AN 1 1% b AT T3z 4k, AR (1):

LBPRZIOgG(yu,iZajyu,jJ (D
i=1

o, N VI ZRB SRAE 1 5L B AN o 38 § AN SUBIR I 73 43 softmax Ja IR B, T o ALY 1. X FF, 4
N=1 I}, &4 REOR S TAE 481 BPR Loss; 24 N>1 I, AH24T BPR Loss HI—H2 4k, STHEZ A 57451 3%
o R (R U B O Sy, AR RS HERE 228 SequentialModel 1, AL — 5B T A I LR HIEAN, I
o W g N AR S D S A HAE R IXRE, ST R Y g vy L B S T A R o B DL B HE A% R,
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REEAIR T I R BT R (1) G A J AR
BT UL LW, BATLE ReChorus HEHEFSCEL T 13 FhEFESARIA, & — Bt g 220 DL K T 3
TR S IR 28598 7% General, Sequential, Knowledge-aware, Time-aware 2 FP 255 3f H45 35 T Fe 2 p
RAARFR ML TE, 2 HOB R nT DUAE U ATACRS P9 S8 BESEI,  JE Va IA 187 3. 5N B [ LA H Ak B R P G 5 2
AR5 3 RS R TR B AR A A TF B A b ¥k e L A kT .
# 2 ReChorus HE4EH SHL [ =77 A5 Y

BEA General ~ Sequential Knowledge  Time-aware
POP
BPRMF!'
NeuMF!!
BUIRM™
GRU4Rec!"?!
NARM!'
SASRec!'™!
Caser!!®
TiSASRec!'”)
CFKG™!
SLRC+!
Chorus!"!
KDAR

L e

2 22| 22222 | ||
P N N e e e e
< 2 2 | <1 | 1 1 1 11

2.4 il 53ERM (runner)

T8 BN SRR E U, F T I OCHE T A SR D AR ISR AN PRI b, B R R 45 2 R B 1) AL 47 B
WBH. AR AIELE EvHSEVP 0 FEFR%%. ReChorus HE4E 5 XU T Runner 255K 58 i 45 5 VEIN AL 55,
— AR (RN ZR PP FR AT T RS AL, ORAIE AN AR 2 25 S 2 [A) fF R %o Bl k.

o WZPFNFE

LESZEL b, BT N 2R PP F2E 43 fi# 4 fit, train, predict, evaluate X 4 NFRTY, Hodp fit ise 8 — #1125
IR EPY TR IR loss; train FEHLSAARRIIZRE 2, TR —RIEQINZ. ERBRIEEL R ARG HE
early stop %irth VIl 2515 A 55; predict §f 5045 8 15 3% 7 i 45 HH HEF 2 21 evaluate WIAR R 2 Z00H 5 & FloHE 7 VF
Prigrr. IXFE, 4 ARG TR G5 VR 2 TR, $RAE T — MR RO PSRRI K g —de =K

o MEREILAL

TEPERe b, BATRICZE R o I IR i 72 oG, 7eE & UIZRAPrm Br 55 (B S5 NI, FRAT 138
o 2 L RER NN batch [RIHER. BLAE, HERIFE HATHEZL I BOE N, BRI 2 XS AN IEA) A5 [ 58 > B fik 1k 4R
TR HE P BEAT D, DIV Top-K PR R AR I W] DU Y (U e A inade. B inxt T+ NDCG, R Normalized
Discounted Cumulative Gain ¢, HNH 7 1 NDCG )52 2 ~F(Q2):
DCG @K K. o2
IDCG ’DCG@Kzélogz(i+l) @
b, IDCG 2 mALHET 45 A% DCG fH, r(i)2& w5 i i IAHDCIE REL. 78 Top-K PEMINBE 1, IEMIRAH G &R
O 1, SUBIAR DG REUR 0, BRItk IDCG=1. [k 24 3wy DL 44k 348 10 £ i 3k 2 o (K HE % pos:

NDCG @K =

;, pos < K
NDCG @K = {log,(pos +1) 3)

0, pos > K
X predict R [P A3 2) 558, — BN AR P 2, Ak 7 b B0 BORERE. 17 i 207 4R AE Bl #E ok ik 4
HIRHERY, FRATDRE 2N b 2 P AE 9 #E T A FE R B — 81 SR T IR R R T B, AT AT DL E R i
I e S argsort X REAS I AR E 4R 5 3EAT HERP, SRS A 0 1XAS index BT IO R PRI IR X BEAS
R S G R HERE pos, AT S A6 J 0 T 55028 558 G PP A 8 bk ) e 8t B
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o JLFARMIVEM AR

R AT mIEE L, — B BT RAERE T 2R PR AR E TR 2%, Bl
HeHCE P B A8 Lk i R OR A R S A, I TR R 3L TR R VR T R A ok 2, 3
FARMITEZ NG RA—3 Kk, ReChorus HEZL[R] I} S RF PR 7 i L0 7 RAEIE . 450 UF MK 4R
PEAR R R neg_items B, BRICHIE TSmO, BRI EHEF R, NS P B 248 B I T A ARk S
SR, RECEAH P RIEE RN —, ToER 0Tk A s S B R B E G HE . T iRk
XA ) B, PATTRE PR AE B (R R TOAE O ST, DNE A R SRS BT, XSRS B IR R
—EHAE S TH, AN Top-K BIVFINGE TR, [0 B 0% ) FH 6 R 42 500) VP 03247 n
25 ZTHAIR

B T HEZL R O AR ELAE, ReChorus 3B HE T VF 2 1) 22 ARFFA M S - D BE, BLAG R A Ay vp () AR . HE
B Bl TSR AR SR~ B log id k5%,

(1) R ARG, AT BB, — AN AR5 SRR I 3 2 v () AR 1k B I 25 R A8 £ 17 100 (BG A
attention score). 7F Model 2871, R DA ik 1 A5 B2 0 4% 1) v 1) A8 53 Ik check _list Y, AR R85 7R ik
— & UIZREE O tH A% AL S (0 I L AR 22, 7 B ASE B0 I Zicd R AT B

(2) EHESLH A, TEHEATERIN F I, AR T T O R BEHLECR TR AT R S, AT RE
W 25 MR 50 H WA R (] (19445, ReChorus $&4E [ 2k AT 5 & SEI0 IR il S P IFain A T B,
AT DL fE 3R AT B S O A A S R bR, AR KFRE Ry T 4 Rl sk I 7 I ] IR

(3) JHTSHE R, RIS, BSENMRE CESE, Jf B FER. ReChorus 24t
ZEBITSHEHRNMA TR, AFRELSESHHRNCHEMEREAN L, TRAVUIHMTEEZA
SEEG, R GPU IS BLEFE & 1E 1 GPU, 3 20K AN R S 36 0 45 S0 Sod sk, 5 0 45 kT b
5, ERRLNE SR E;

(4) IRl s A, RNl RE b, A< IR S SR D Z A T A5 0. ReChorus SCHFFIN#ECZ
HT BN R s 4k SR 25, IF BRI B 5 b W 45 5 I S HEAT S A B 1R B4

(5) A7) log Bz, BIRIPAF BeA: 4 U K S5, ReChorus X AN RIS HUM 5256 2 B ) AL R 11
log U2 AT IRAT, 78 JG BEHEAT X L 5 45 SR A Ay

3 LWEER

FEATN R, AT ReChorus HEZLTE AN AN [F MU . AN [F) 37 5¢ 1) 24 TF £ 8 46 (Amazon  Grocery Fil
MovieLens 1M)_F X} b T A [A) B 2R (1) 235 SR RIS AT 30K

3.1 #HiEE

e Amazon Grocery (http://jmcauley.ucsd.edu/data/amazon/links.html): X J&—4> Amazon Hi 7 R 3l K45
PR B, A R VE S DL AR RS R, B AR R S I OCR . A T Hd Grocery
and Gourmet Food 1X ™28 1 447 ;

e MovieLens 1M (https://grouplens.org/datasets/movielens/): X & — AN 76 HE 77 Ak 4 )72 3 FH 0 HL 3¢
RS, WS P BRI PR 2 DR A S i A L

X PIAN HH TR o AN (7] A A7 3 557 LR AN [R) O B0 USSR 13 A AN TR 0 A7 SR A Ik REEAT XS

Bh. TIAR PG 1 B AR GE AR LR 3.
®3 HEEGHEE

Amazon Grocery 14 681 8713 151254 0.0012
MovieLens 1M 6 040 3706 1000209  0.0447
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3.2 LWIRE

EHIE R R4y b, AV ¥ — £ (leave-one-out) BE AT X 43, HARRUL, X TN PR E R, K
AT F dpe a1 A8 T s A A R F 48, O (P 4 A 3G e B 5, A () FH P -7 ol A8 T AE SR AE N 2R Ak,
H T HFEDARRCR, BAVEHE T RPN Fa b vk 87532, A BASIR/ 563 B BEHLR A 99 AN
AT LRk v A A B, AR R SR AKX 100 ANk i AT HE R T E PN TR b

EVEM Fa bR E S L, BATEA T HR F NDCG 1E 5 iF a5, HR@K fif i T 1L & HILFEHERES =
AT K A, NDCG@K WIiE— 30 Gy IEBIFEHE 7 AR h A &, it T #4751 3 i k7
3.3 KHMTS

N T SIS AR FE I A EE, BN JE [ 2 4 64, batch KN N 256, H7 R A I KK
20. BT PR ERAE ] Adam PRALSREEAT ISR, BRINZREEIK N 200. G BRI AEIGIF S FRISCRIES: 10 2 F
B, B3 aT £ 1 ISk, IR G 1 2 B0 FAE 2248 L 1 FE4T S 80 R T H 3T MR R, Bl 45 R kAT
AR, T 28 3440 A GTX TITAN X &R FizgT.
34 £RE545HH

R 45T AFRTAE A B BRI seae gE R, Horp, training time F1 eval time 43 ) T A B B — 52 1)l
SRR SEPPANFRAR T (I ) (B4 ). POP &7 AR 1 it AR URAT B8 (e A8 FL Ik ¥ B BEAT HE A7, Al ABE 20 11
HARGERIZ WA N1 3T, R TRIEAT M A4, o, Chorus ££ MovieLens 1M _F 8t /b 04 BRI R 5 TR ¢ &R
B, DB * R g5 A

R4 AFBIY R

e Amazon Grocery MovieLens 1M
T HR@5 NDCG@S5 training time (s) eval time (s) hr@5s ndcg@5  training time (s)  eval time (s)
POP 0.206 5 0.130 1 - - 02911 0.1923 - -
BPRMF 0.3555 0.248 6 3.01 0.58 0.5103 03544 21.72 0.45
NeuMF 0.3228 0.222 0 4.35 0.63 0.5081 03558 34.05 0.49
BUIR 0.3639 0.2542 3.12 0.59 04429 03001 24.32 0.43
GRU4Rec | 0.3747 0.269 5 5.24 0.77 0.6164 04443 43.48 0.61
NARM 0.3718 0.266 5 10.52 0.96 0.6306  0.4675 103.95 0.72
Caser 03577 0.2525 10.24 0.84 0.6502 04784 97.03 0.69
SASRec 03921 0.2955 8.02 0.89 0.6947 0.5442 81.52 0.69
TiSASRec | 0.3900 0.292 4 10.49 0.98 0.6980  0.5483 96.18 0.77
CFKG 0.4222 0.3010 16.23 0.65 0.5300 03755 34.54 0.50
SLRC+ 0.440 1 0.328 7 6.17 0.82 0.5124 03529 57.34 0.64
Chorus 0.469 2 0.3430 7.51 0.96 - - - -
KDA 0.512 0 0.384 7 11.56 2.09 0.7303  0.5679 122.17 3.59

BT UL RS, AT ETAA LN

o General Model: %I T # ML T ID [(HEFEFIEL(BPRME, NeuMF), ISR 45 S0 0 A0 T3 T 75 i
WATFEER) POP, RIH T R 98I 21tk BtAh, ZETF & M4 NeuMF 76 K HUBEHY 2 £ s £ L fg
WAFEARM S K, oM EdESE EINRIA: 22, Rz, R4 AT E 5461 BUIR 7E/N R4 F
13 T U, AR OB 85 A B2 LA LU 640 SR T v 1k e S 35 o

o Sequential Model: ¥R (1) &5 FEAE B AN B8 42 FAH LG RUBE R HR A AR K W48 T+, GRU4Rec — X 1E
UL AR IR AT 45 2, JEZERl attention FR)ESUE(NARM) LA S JET- CNN I BEEY (Caser) HB AL 71 K
IR A B LA 2. 35T self-attention ff] SASRec £ W /NP 4E HAREAS T B0 45 R, i T
attention LI ZE A HERE T 0T 2 PE; 25T RNN Ml CNN BRI SR S A7 A — 52 5 BB 2%

e Knowledge-aware Model: 5| AAMBETR IR (LN CFKG M B R A M D7 LRI OL R, /N
Pk BHCR T LR HI RSB TEAR B 45 R, TR R A b b AR B 2 B (RS G e AR T L X
ANERENR A2y BB, AHAE AN R EO AR A A A X,

e Time-aware Model: TiSASRec 7E SASRec W 5EAl 51 N T Wy [ (6] b 145 B, A6 KB 4E B — et



T B %:ReChorus: B4 5B B2 T BRI EIESL 1437

4

EAE /DN H A BRI, X TRl T A0 8 A RN R LK B8, SLRC+AI Chorus 75 /M fi 4R
AT TS R KDA LEAN SRR EEA 3k — 20 Bl N A T ) sk, AEm A HE sk b
AT T i A S5 R, W] T AN R AR A G Rl 5 ) L

B &

AT ARG F B R RJES 5L HE S ——ReChorus, RERSAEST— IO I ZRANVE I 1

SE N, SO AR TR (8] f) 23 P08 B, 35 B 2 A 41 7 00 FR ] S BLYE ) . ReChorus HEZRRE S 1 22 R0 (1
HEAERERY, ]I Dy SRR S, I AT (2 RBE IO T 15, AR 78 5 b T IF SEHUBT AL, ReChorus HE4E
HATAR SR K nl 9 FEvk, Befs s sty 2 B s vk -H AN PR K 75 3K BATAE PIAS 22 T Bl 48 LIt T HEZR A i
LRI, JF XS S8 85 R EAT T 2007, A T ReChorus HESF SR 55 47 21k
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