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Abstract : Cross-domain recommendation( CDR ) has been proved to be effective to address the long-standing data sparsity
and cold-start problems in traditional recommender systems. However, existing methods transfer knowledge at a coarse-
grained level ,ignoring multiple latent factors behind interactions. To this end,we propose a cross-domain recommendation
model named D*-CDR ,which enables dual knowledge transfer between domains. Specifically,we design a dual disentangled
knowledge transfer layer that consists of several disentangled knowledge transfer ( DKT) blocks. In each DKT block, we
generate disentangled representations by projecting interaction representations into multiple latent semantic spaces. The
attentive knowledge transfer mechanism distills useful knowledge generating cross-domain knowledge representations. The
adaptive knowledge fusion mechanism further fuses within-domain knowledge with cross-domain knowledge adaptively.
Extensive experiments on two real-world datasets demonstrate the effectiveness of our proposed D*CDR model.
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Fig.1 An example about domain-shared factors(i.e.,plot and theme)and domain-specific factors

(i.e.,scene,actor for the Movie domain and author for the Book domain ) behind user-item interactions
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Fig. 2 Diagram of the D*-CDR model
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Table 2 Performance comparison between D3-CDR and different methods

Amazon-Movie Amazon-Music Amazon-Cell Amazon-Elec

EiEE

H@s H@e10 N@l10 H@5 H@10 N@l10 He@s H@10 N@10 H@5 H@10 N@l10

NeuMF 0.5394 0.6583 04460 0.5306 0.6465 0.4442 04064 0.5087 0.3353 0.4059 0.5055 0.3369
CMF 0.5044 0.6273 04177 0.5001 0.6271 0.420 1 04227 05062 03554 04162 0.5105 0.3462
DTCDR 0.5453 0.6653 0.4576 05395 0.6565 04476 0.4601 0.5508 0.3945 0.4582 05601 0.3879
CoNet 0.5447 0.6643 0.4523 0.5546 0.6635 0.4571 0.4615 0.5534 0.3941 0.461 8 0.5582 0.3852
PPGN 0.5133 0.6681 0.4589 0.5417 0.6654 0.4564 04821 0.5773 0.4031 0.4704 0.5694 0.3935
BiTGCF  0.5457 0.6659 04564 05493 0.6651 04604 04706 0.5685 0.3956 0.4672 05636 0.3885
MSDCR 0.5571 0.6675 0.4629 0.5527 0.6712 0.4674 04808 0.5722 0.4049 0.4554 0.576 4 0.405 3
D3-CDR 0.5664 0.6848 0.4808 0.5660 0.6831 0.4811 0.4996 05998 04272 04975 0.5983 0.4256
Improv. 1.67% 2.50% 3.87% 241% 1.77%  2.93% 3.63% 3.90% 5.98% 4.65% 3.80% 5.01%

Douban-Movie Douban-Book Douban-Music Douban-Book

EiL 7N

H@5s H@10 N@10 H@5s H@10 N@10 H@5 H@10 N@l10 H@5 H@10 N@10

NeuMF 0.5576 0.7254 0.447 5 0.5625 0.6923 04604 05759 0.7211 0.4696 0.5669 0.7072 0.461 3
CMF 0.4528 0.6217 0.368 7 0.484 0.6228 0.398 5 0.4676 0.6151 0.3803 0.470 8 0.6183 0.387 8
DTCDR 0.6176 0.746 7 0.507 3 0.6195 0.7452 0.5113 0.6588 0.7819 0.550 3 0.6534 0.7736 0.5529
CoNet 0.6163 0.7457 05154 0.6139 0.7445 0.5150 0.6564 0.7756 0.5522 0.6611 0.7753 0.5516
PPGN 0.6256 0.7494 05136 0.6218 0.7471 0.5152 0.6582 0.7854 0.5532  0.6630 0.7818 0.557 6
BiTGCF  0.6042 0.7398 0.503 1 0.6008 0.7385 04966 0.6591 0.7829 0.5482 0.6619 0.7786 0.5527
MSDCR  0.6371 0.7695 0.5336 0.636 0 0.7639 0.5317 0.6726 0.7919 05596  0.6728 0.7897 0.559 1
D*-CDR 0.6613 0.7824 0.5593 0.6609 0.7827 0.5598 0.6902 0.8073 0.5784 0.6903 0.8064 0.579 2
Improv. 3.80% 1.68% 4.82% 3.92% 2.46% 5.28% 2.62% 1.94% 3.36% 2.60% 211% 3.60%

53 HERXIN(Q2)

N T B UEAF AR A BT 1A e, AR EAT T RS, JF 2R T D-CDR Y YA AR
. Hp Jw/o_ fR—MAEIEZEEIFNZ METERRIBR (I K=1). w/o_i AKX/ EIL MR &
R, EH A A B R AR g RO 2 55—, w/o_a J&— s o fof A8 V0 HL RS B
SEHAFIER R, w/o0_g J&—FP AT FE I R RLE L] AR 1A A FERE 5P S S S U [) 25 o
B, HAE R AR E A TR

SCIGHE “ Amazon-Movie<> Amazon-Music” /£ 4% 347 , ZEHYNFE 3 Fs.

#3 HMIWHER
Table 3 Results of ablation study

B Amazon-Movie Amazon-Music
£zt
HR@ 5 HR@ 10 NDCG@ 10 HR@5 HR@ 10 NDCG@ 10

w/o_f 0.548 1 0.658 4 0.457 9 0.549 3 0.657 4 0.460 3

w/o_i 0.554 8 0.669 9 0.467 3 0.557 7 0.668 9 0.469 5

w/o_a 0.551 4 0.666 2 0.465 2 0.551 0 0.664 8 0.463 5

w/o_g 0.560 3 0.675 5 0.469 0 0.558 8 0.673 2 0.473 8
D*-CDR 0.566 4 0.684 8 0.480 8 0.566 0 0.683 1 0.481 1

EWNARESE TR B0, L AR BTG 2 METEN R G w/o_ f TERTA SR 45 5 2% PR R R %
1 2.59~4.76%. XHAE T %A BT IE 2R T 3T R R s i b EME. w/o_a Fl w/o_i B9
REST RIS T 2.90% F1 2.17%. X FW % JEACHAE M AT 1 R ER I HE M. w/o_g
T RE TR (R 1.08 ~2.45% ) TESE TSP i 35 A A1 TR R 85 S 0 TR ) B B34k U A X SR (R R BB SS B D
CDR MHERE, IXUER] T AR S BT R A E A B T D°-CDR PR .
54 BZEEMFM(Q3)
541 BERZTHET KR

AW E SCRTE T A R VAR I B R K XS AIPERE RS20 ( RIS DKT Jerb i K) . DAAME 55
( B Amazon-Movie<>AmazonMusic” F1“ Douban-Music<>Douban-Book ™ ) N il , AW 25 4% K B4 BUE Y5 Rl i &
J9 1 B 5 IER 3 R T SRR AR, EAR I E R, BB AR S Rl 5 e 2 TR AE E
HIETTE R R AT REAN ). PRI AR AE SE 50 Ry AT 55 B B0 T AR K (B 18] 3 s
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