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Multiple Fusion-based Deep Cross-domain Recommendation

Minsung Hong*, Wondin Lee"

ABSTRACT

Cross—domain recommender system transfers knowledge across different domains to improve the
recommendation performance in a target domain that has a relatively sparse model. However, they suf-
fer from the "negative transfer” in which transferred knowledge operates as noise. This paper proposes
a novel Multiple Fusion-based Deep Cross-Domain Recommendation named MFDCR. We exploit
Doc2Vec, one of the famous word embedding techniques, to fuse data user-wise and transfer knowl-
edge across multi-domains. It alleviates the "negative transfer” problem. Additionally, we introduce a
simple multi-layer perception to learn the user—item interactions and predict the possibility of preferring
items by users. Extensive experiments with three domain datasets from one of the most famous serv-
ices Amazon demonstrate that MFDCR outperforms recent single and cross-domain recommendation
algorithms. Furthermore, experimental results show that MFDCR can address the problem of "negative
transfer” and improve recommendation performance for multiple domains simultaneously. In addition,
we show that our approach is efficient in extending toward more domains.
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Step 1. Set user ID and item ID from tree domains as document label and vword:

{userQ, usert,

Jrom three domains Oy Oy, and Dp

{itemy, item1g, itemZy, item3y, itemddy, item5y, itemBy, ..
{itemdy , itemy, item2y, item3y, itemedy, itemSy, itemy, ..
{item,, item s, itemZs, item3,, itemds, itembSs, itemBs, ..

JHrom Oy
Jrom Oy
JHrom Dy

Step 2. Fuse sequentially users’ interactions to items of three domains
userd itemTg, itemly, itemZy, item3,, e, itemlg, item3y, itemb,, itemd,, ...
userl: item2, | item3g, itemdy, item7a, itemSg, item0s, itemZ,, item 7y, itemdy,

Step 3. Convert the fused user-item interaction into input data for Doc2Vec model:
item g, itermy, itemZy, item3s, itermeds, itemly, item3y, itemby, itermdy, ..., userD (Document tag)
item2y , item3y, itemdy, item7a, itemSy, itemOs, itemZs, itemn’y | itemely. ..., user! (Document tag)

Step 4. Train Doc2Vec models and get the dense vectors of users and items with size n:

userQ: [, &, ...,
usertl: o, &, ... %l

itemy Mo, &, ... Tl
itemZy’ o, fr. ... ]
item3y fo. fi. o Tl

item11: [fg,f1, ...,fn]
itern2y Mo, fr.o
itermey: fo, fr. ..o

temds: [ &,
itemds o, i, f]
item?g: [fg, f1 A fn]

Fig. 2. Overview of Data Fusion Process in MDF,
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Fig. 3. Neural Network Structure of MPP,
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o] &3ttt ot 1@ o), Y FO=E MDF A
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Table 1, Statistical information of three Amazon datasets,

o] PN W 243y Wi, AAEAES]
ololglel tigt Hr Are JEHoZ 12 WEs)
Ak =uE FE dlolE A Ee) tigt B4+ Table
1ol Y=o glom 2252 tojE] 344 9 A

B T W

Dataset Domain # Inter. # User # Item Sp(a:j;s)ity # In[ire.rper # Inltteei.n ber
Book (Bok.) 5,069,923 59,103 274,981 99.97 85.78 18.44
Amazon Movie & TV (Mov.) 782,939 14,929 357,066 99.99 52.44 2.19
CD & Vinyl (CDV.) 805,758 21,898 295,746 99.99 36.80 2712
“Inter.” and “#” represent interaction and “number of”, respectively.



Table 2, Baseline methods and methodology.

CiE 88 I8t AE WAt Z0Ie) =& 825

Method Category Methodology %(;Sf

ItemPop Non-pers. Non-personal recommendation providing high popular items -
Hybrid recommendation combining Word2Vec and collaborative

KIU[21] o D
filtering methods

NCF[9] SPDR | CF GMF and MLP*based recommendation that models latent features of 2
users and items

DeepICFal25] Nonl}near network.—based recommendation using high-dimensional 2

relations between items
The converted version of KIU for cross-domain recommendation

KIU-c -

STR through MDF approach

CGNI28] Single—target cros.sfdomam recommendation transferring information 2

for the same periods
CDR Auto-Encod d MLP-based 1ti-t: t d i
DDTCDR18] uto~Enco e}r an ased multi-target cross—domain 5)
recommendation
MTR Doc2 d MLP-b Iti d i

MFDCR oc2Vec an : ased multi-target cross—domain B

recommendation

4SDR and CDR denote single-domain recommendation and cross—domain recommendation.
PSTR and MTR indicate single-target and multi-target cross—domain recommendations.

‘Non-pers. represents non-personalization algorithm.

|2o} ofolRl W F52Eo 5 YERATH
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LOOCV (leave-one-out cross-validation) Z‘iﬂ
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o @ e r[r
8
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AESAT, ol SHrel BE ofo] g &
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1) KIU: https://github.com/mgulcin/DL_Rec

2) NCF: https://github.com/hexiangnan/neural_collaborative_

filtering

3) DeeplICF: https://github.com/linzh92/DeepICF

4) CGN: https://github.com/cyuanqi920/Recommender—
Systems

5) DDTCDR: https://github.com/Ipworld/DDTCDR
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gt EE 2 AT BAE AE 23 43
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R &2 FTE FEete YT AFHE B4 (CPU
: Radeon Graphics 2.90 Ghz, GPU : NVIDIA Ge
Force GTX 1650 Ti, RAM : 16 GB)ol Al & 2
BH7VSA Y. B AT A2 F== FAVF Y F
vk FIskA ket

A ¢+g MFDCRO] MDF £ 9] Doc2Vec 2]
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Table 3. HR and NDCG of algorithms for Bok, and Mov, domains,

| & tolg &4 EAE
b A2 g-g o|m| gttt Table 1
Ex oA MFDCR9 A% 2
02 g =l FH7 v
tolEl7} FH3 BookE T
Vinyl w1l A 2] Sl A
MAE Bt o]& ¥la o
%% CGN# DDTCDRO A

A8 AT EH, WA o
ord2Vec 7]4Hke] KIU+=

<, ItemPopR.t} &4

Dataset Book (Source domain : Movie & TV) Movie & TV (Source domain : Book)

Algorithm HR@5 |ND@5 |HR@10 |[ND@10 | HR@15|ND@15| HR@5 | ND@5 | HR@10 [ND@10|HR@15 | ND@15
ItemPop 0.1723 | 0.1284 | 0.2220 | 0.1124 | 0.2652 | 0.1044 | 0.1515 | 0.1434 | 0.1802 | 0.1935 | 0.2816 | 0.2036
KIU 0.2423 | 0.1884 | 0.3220 | 0.1924 | 0.3252 | 0.2044 | 0.1454 | 0.1034 | 0.2016 | 0.1135 | 0.2616 | 0.1560

NCF 0.6084 | 0.4568 | 0.7252 | 0.4948 | 0.7553 | 0.5126 | 0.4045 | 0.2867 | 0.5082 | 0.3283 | 0.6032 | 0.3457
DeepICFa 06338 | 04642\ 0.7711 | 05143 | 0.7919 | 05331 | 04117 | 03045 | 05292 | 03386 | 0.6146 | 0.3510
KIU-c 0.3323 | 0.2684 | 0.3720 | 0.2824 | 0.3952 | 0.2844 | 0.2154 | 0.2335 | 0.2416 | 0.2735 | 0.3416 | 0.2960
CGN 0.6429 | 0.5124 | 0.7758 | 0.5207 | 0.7998 | 0.5356 | 0.4229 | 0.2969 | 0.5341 | 0.3228 | 0.6452 | 0.3756
DDTCDR 06891 | 0.5394| 0.7916 | 05393 | 08342 | 05895 | 04440 | 03157 | 05452 | 0.3432 | 0.6630 | 0.3922
MFDCR 0.6969 |0.5447 | 0.8178 | 0.5871 | 0.8643 | 0.5983 | 0.4599 | 0.3330 | 0.5974 | 0.4061 | 0.6902 | 0.4399

vs DeepICFa (%) | 10.0 174 6.1 14.1 9.1 12.2 11.7 94 12.9 19.9 12.3 155

vs DDTCDR (%)| 1.1 1.0 3.3 89 3.6 15 3.6 45 9.6 18.3 4.1 12.2

ND@k indicates NDCG@k.




Table 4, HR and NDCG of algorithms for Mov, and CDV, domains,

Dataset Movie & TV (Source domain : CD & Vinyl) CD & Vinyl (Source domain : Movie & TV)
Algorithm HR@5 | ND@5 |HR@10 |ND@10 | HR@15 | ND@15 | HR@5 | ND@5 | HR@10 IND@10| HR@15 | ND@15
ItemPop 0.1515 | 0.1434 | 0.1802 | 0.1935 | 0.2816 | 0.2036 | 0.1129 | 0.1149 | 0.1623 | 0.0943 | 0.2091 | 0.1170
KIU 0.1454 | 0.1034 | 0.2016 | 0.1135 | 0.2616 | 0.1560 | 0.0829 | 0.0449 | 0.1323 | 0.0443 | 0.1691 | 0.0670
NCF 0.4045 | 0.2867 | 0.5082 | 0.3283 | 0.6032 | 0.3457 | 0.2671 | 0.1836 | 0.3646 | 0.2123 | 0.4494 | 0.2378
DeepICFa 04117 | 03045 05292 | 03386 | 06146 | 03810 | 02816 | 0.2043 | 04088 | 0.2226 | 04926 | 0.2770
KIU-c 0.2054 | 0.1834 | 0.3516 | 0.2235 | 0.4316 | 0.2860 | 0.1329 | 0.1449 | 0.2023 | 0.1043 | 0.2391 | 0.1370
CGN 0.4084 | 0.3006 | 0.5157 | 0.3316 | 0.6250 | 0.3820 | 0.2968 | 0.2001 | 0.3910 | 0.2333 | 0.5449 | 0.2916
DDTCDR 04563 | 0.3254 | 05422 | 03488 | 0.6692 | 04054 | 03346 | 0.2326 | 04136 | 0.2463 | 0.5730 | 0.3122
MFDCR 0.4605 |0.3324 | 0.5830 | 0.3672 | 0.6767 | 0.4104 |0.3541 | 0.2489 | 0.4740 | 0.2649 | 0.5923 | 0.3324
vs DeepICFa (%) | 11.9 9.2 10.2 8.4 10.1 7.7 257 | 218 16.0 19.0 20.2 20.0
vs DDTCDR (%) | 09 2.1 75 53 11 1.2 5.8 7.0 14.6 75 34 6.5
‘ND@k indicates NDCG@k.
Table 5. HR and NDCG of algorithms for CDV, and Bok, domains,
Dataset CD & Vinyl (Source domain : Book) Book (Source domain : CD & Vinyl)
Algorithm HR@5 | ND@5 |HR@10 [ND@10| HR@15 [ND@15| HR@5 | ND@5 |HR@10 |IND@10| HR@15 | ND@15
ItemPop 0.1129 | 0.1149 | 0.1623 | 0.0943 | 0.2091 | 0.1170 | 0.1723 | 0.1284 | 0.2220 | 0.1124 | 0.2652 | 0.1044
KIU 0.0829 | 0.0449 | 0.1323 | 0.0443 | 0.1691 | 0.0670 | 0.2423 | 0.1884 | 0.3220 | 0.1924 | 0.3252 | 0.2044
NCF 0.2671 | 0.1836 | 0.3646 | 0.2123 | 0.4494 | 0.2378 | 0.6084 | 0.4568 | 0.7252 | 0.4948 | 0.7553 | 0.5126
DeepICFa 02816 | 02043 04088 | 02226 | 04926 | 02770 | 0.6338 | 04642 | 0.7711 | 05143 | 0.7919 | 05331
KIU-c 0.1829 | 0.1349 | 0.2423 | 0.1743 | 0.2991 | 0.1907 | 0.2923 | 0.2684 | 0.4020 | 0.2724 | 0.3952 | 0.2844
CGN 0.3171 | 0.2118 | 0.4190 | 0.2269 | 0.5684 | 0.3026 | 0.6455 | 0.5024 | 0.7799 | 0.5180 | 0.8025 | 0.5343
DDTCDR 0.3373 | 02304 04369 | 02440 | 05850 | 03131 | 0.6855 | 05282 | 0.7915 | 05472 | 08210 | 0.5509
MFDCR 0.3440 [0.2340 | 0.4514 | 0.2546 | 0.5872 | 0.3264 | 0.6934 | 0.5340 | 0.8096 | 0.5807 | 0.8628 | 0.5985
vs DeepICFa (%) | 22.1 145 | 104 144 19.2 179 94 15.0 5.0 12.9 9.0 12.3
vs DDTCDR (%) | 2.0 16 33 44 0.4 4.3 1.2 1.1 2.3 6.1 51 8.6
ND@k indicates NDCG@k.
$5E AL Bl AW, ABANAY Aol B B Doc2Vec® E4ste] ALgAS] ol g AAE B
Wel F39l NCFS} DeeplCFaiiths i3] whe A2 133tel Hole Teie BE ofols g Aty
dsE Bt 5‘41 [21]e A =8 ule} 2ol o] A9 A wgsta, AFH o w 453 - A
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ook §hg oJw| gt Fig. 29 th2A|, KIUS] A& 2 MFDCR2 154174 7]nke] @ =r<l
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Fig. 4. HR@k and NDCG@k of MFDCR Variants according to Domain Expansion, (a) Book, (b) Movie & TV, and

(c) CD & Vinyl domains,



CiE S8t JlEt A5 DA SOl = 829
Table 6. HR and NDCG improvements of MFDCR, and MFDCRg,
Method Measure Bok. Mov. CDV. Measure Bok. Mov CDV.
MFDCR, HR 0.745 0.533 0.416 NDCG 0.522 0.347 0.246
MFDCR, vs MFDCR; 6.2 81 12.0 vs MFDCR; 9.9 99 125
MFDCRj (%) 74 138 20.1 (%) 12.0 258 53.3
o] = MFDCRs°] MFDCR:ETF T U2 A%< 29 o] Ag-ALe] ofolle] 3t T HEE o F3T)
o A AFAA nlY =HY §FE T3 wxt GEst AT A F7hA] AT E kel Zo] Hal g
Tl 53 MFDCRn9| 455 &g & AL, FAT wa =2l 4 G Ee] 45E 54
MFDCRo] Al 7§ ©]39] b5 =Wl 3teo] FA43 £ Beth F71E B AT E GAIE geEis
A (transfer negative) A E FEE § JS & = o] &3t B Az ME&HE Hol1A A,
SEasd o] A¢ke MFDCRY] 4Al & AulzoAe] 2
oo tial Bt} HEstA Festr] A3, MFDCR, 245 BRI}
9] BE kol tig HR¥ NDOGS| B+ 27} MFDCR,
% MFDCR;®] 7|A€-& Table 60l }aln #2435 24 =
o F& 28 9 A A9 =dd o
Lo ML 7189 TR F HARZ 5o AHL A3 BA A Aobda sty g5kl AlA
29l =9l yehitt, ARHoz Autdor ma A VIUEES AMIEE o mvkdler gAAoR
=2l FHo] A% NS BFon, 7 =l 3t lom, £HAEL o5 FPFAA o
W2 Table 1914 URH § 548 20le(E Movie & =0lle] 2028 2t old@d #3e 9
& TVS} Book3t CD & Vinly)®l 45 & %& 4% Sl Aga 0= 4n) 96 59 gng
MNAE&E BAT ol8d A3+ wat 5wl F3 T3 4 e 78 E At AgHo= o=
7oz el MFDCRS E#HAL 293t o9 71E 2 71 e e AT ElolE Slad
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