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The cross—domain user representation, extracted
directly on the collected data from all domains, may be
severely biased by the domains with richer data and may
fail to model the user preferences in sparse domains.

Directly transferring these features may cause
performance degradation in the target domain due to
various reasons, e.g., low—quality embeddings
transferred from irrelevant domains.
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Figure 1: The architecture of the CAT-ART model. The CAT module takes domain-specific user embeddings as input and
generates global user representation in a self-supervised manner. Then, the global user embedding e; and the domain-specific
embeddings from all the other domains are transferred to a target domain, e.g., domain 2, for boosted recommendations.
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Preliminaries
a global user set U, and item sets {V1,---V,}inn > 3 domains.

matrix R? shape U] x |Vl

for user i and item j in domain d, rfj e [0,1],

Our goal is to improve the recommendation accuracy in
all n domains simultaneously based on the interaction matrices.
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Table 1: Statistics of the Collected Dataset with 5 Domains.

Domain #Users  #ltems #Interactions Density(%:)
App-Ins 100,000 101,981,793 0.874
APP-Use 100,000 18,156,535 0.155
Articles 1,166,552 50,000 102,832,656 1.763
Video-S 50,000 74,911,020 1.284
Video-L 50,000 11,412,988 0.196
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E - I _1 _1 t Table 2: Results (in %) of the Proposed Method and Baselines. The | represents negative transfer compared with SMF.
-1Xp§-r!---§--'\rl ..
Model Domain Precision Recall NDCG
@10 @20 @10 @20 @10 @20
APP-Ins | 33.82+0.70 2546+0.88 | 21.51+0.39 31.91+1.22 | 32.56+0.43  32.53+0.89
APP-Use | 20.91+0.23 1221+0.26 | 65.5+0.89 75+1.50 57.39+1.46  60.81+1.72
SMF Article 16.02+0.73  12.05+0.58 | 16.64+0.43  23.25+0.40 | 21.59+1.30 21.93+1.06
Video-S 3.9+0.03 3.86+0.02 | 3.59+0.44 6.9+0.77 383+0.13  4.84+0.25
Video-L | 598+0.20  3.91+0.10 | 26.73+0.87  34.6+0.88 | 20.37+1.19  22.91+1.2
APP-Ins | 33570370 25.192037! | 21.8+0.19  32.05:0.43 | 32.39+0.290 32.45:0.27!
APP-Use | 20.41+0.11¢  12.170.05¢ | 64.91+0.27"  755420.16 | 43.99+0.78} 47.89+0.74}
CMF Article | 10.29+027 837+0.19% | 8.83+0.23) 13.79x0.28! | 11244034} 12.07+031¢
Video-S | 3.87+0.12  3.81+0.12} | 4.08+0.17 7.6+0.29 400+0.14  5.04+0.18
Video-L | 4.74+0.03}  3.26+0.01} | 21.44+0.12! 29.1420.06! | 12.67£0.07}  15.140.05¢
APP-Ins | 36.08+1.53 27.11+0.41 | 23.28+0.99 34.29+0.44 | 36.95+45.56  36.53+4.02
APP-Use | 20.95+0.12 12.26+0.16 | 65.55+0.44  75.18+0.84 | 55.67+2.71} 59.14+2.52!
MPF Article | 1455+0.161  11.14+0.11¢ | 15.35+0.07}  21.72+0.12! | 20.96+0.63}  21.29+0.52¢
Video-S | 3.63+0.290  3.67+0.13! | 371030  7.16+0.68 | 3.85+0.40  4.91+0.11
Video-L | 27440950  2.09+052) | 11.96+4311 182+466! | 8.03+3.65! 10.01+3.791
APP-Ins | 16.77£0.05% 10.350.02} | 11.7x0.01' 14.3720.03! | 17.81£0.08 16.01x0.03¢
APP-Use | 13.88+0.05' 10.46+0.01% | 45.44+0.13¢  67.220.16' | 32352013}  40.16z0.1¢
GA-MTCDR | Article | 4.62+0.13¢  3.7320.03} | 4.12+0.14!  63720.11¢ | 62220180  6.360.13¢
Video-S | 3.44+0.03}  3.1+0.02) | 3.48+0.08! 6.03+0.06} | 4224005  4.69+0.04
Video-L | 3.18+0.15¢  2.22+0.07) | 1421+0.74! 19.76+0.54) | 1046+0.63} 12.23+0.49!
APP-Ins | 34.05+2.01 24.47+1.16% | 22.34+1.14 31.61+1.35) | 40.5+1.91  38.12+1.51
APP-Use | 20.68+0.36} 11.98+0.15! | 66.11+0.83 74.96+0.61! | 59.51+1.08  62.74+0.98
HeroGRAPH-L | Article | 11.27+0.12}  8.61x0.12) | 1501£02) 2068033l | 18.19+0.16! 18.86+0.23!
Video-S | 3.99+0.14 3.7+0.15 5.29+0.21  8.97+034 | 5.31+0.18  6.2+0.23
Video-L | 5.42+0.290  3.65+0.15! | 2462+1.220 32.84+120l | 1871+1.210 21.35+1.241
APP-Ins | 38.36+0.58 27.96+0.31 | 24.86+0.34 35.46+0.39 | 43.47+1.23 41.55+0.94
APP-Use | 21.23+0.18 12.33+0.18 | 66.53+0.65 75.66+1.02 | 59.98+0.86 63.27+1.02
CAT-ART | Article | 16.82+021  12.4+0.13 | 18.76+0.56 25.47+0.6 | 25.97+0.61 25.79+0.58
Video-S | 3.93+0.08  3.93+0.06 | 3.83+0.50  7.35+0.82 | 3.93+0.14  5.05+0.24
Video-L | 6.08+0.09  3.96+0.08 | 27.18+0.39 35.01£0.67 | 21.03£0.38 23.54:+0.86
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Table 3: Results (in %) of ablation studies. The | represents negative transfer compared with the SMF model.

Domain  Metric SMF +Autoencoder +Contrastive +ART -Attention
Precision@10 | 33.82+0.70 37.64+1.17 37.95+£0.45  38.36+0.58 | 36.24+0.26
App-Ins  Recall@10 21.51+0.39 2435+0.76 24.58+0.35 24.86+0.34 23.35+0.23
NDCG@10 32.56+0.43 41.34+3.75 4256+2.02  43.47+1.23 | 36.08%+1.54
Precision@10 | 20.91+0.23 21.00+0.11 21.08+0.23 21.23+0.18 21.01+0.07
APP-Use Recall@10 65.50+0.89 65.77+0.33 66.01£0.88  66.53+0.65 65.92+0.41
NDCG@10 57.39+1.46 59.09+0.37 58.61+£0.40 59.98+0.86 | 59.28+0.24
Precision@10 | 16.02+0.73 16.54+0.46 16.46+0.34  16.82+0.21 | 15.88 + 0.15¢
Article Recall@10 16.64+0.43 17.48+1.21 17.1941.13  18.76+0.56 | 15.89+0.38}
NDCG@10 21.59+1.30 23.98+2.28 23.54+2.75  25.97+0.61 22.25+1.71
Precision@10 | 3.89+0.025 3.91+0.08 3.97+0.13 3.93+0.08 3.82+0.28+
Video-S  Recall@10 3.59+0.44 3.71+0.40 3.72+0.37 3.83+0.50 3.46+0.251
NDCG@10 3.83+0.13 3.87+0.08 3.91+0.05 3.93+0.14 3.73+0.18¢
Precision@10 | 5.98+0.20 6.04+0.01 6.07+0.04 6.08+0.09 5.86+0.031
Video-L  Recall@10 26.73+0.87 27.00+0.08 27.17+0.20  27.18+0.39 | 26.27+0.091
NDCG@10 20.37+£1.19 21.00+0.14 21.12+0.21 21.03+0.38 | 20.26+0.15!

e SMEF: The single-domain Matrix Factorization (MF) model.

e +Autoencoder: We add the original autoencoder to extract global
representations for CDR.
e +Contrastive: We further add the contrastive loss for the train-
ing of the autoencoder, i.e., the CAT module.
e +ART: The ART module is further incorporated to integrate
domain-specific user embedding.

e -Attention: We remove the attention from the ART and only

use MLP layers to integrate domain-specific features.



g‘_?_'\gqmg Uhiversity mln?e;TechniqLeof
. ETEHEED

Avrificial Intelligence

‘4f°pj‘°ﬁ % J,k’of "’?o'
’?3 S e 5’3 ‘S

0.5
APP-Ins-0. nn:}un 150 0. D-:-15

0.4 =
APP-Use -[tBergs] 0.000 0.195 0.129 5"

0.3 Er
e el [

0.2 n
Videg-S-D.l32MD.132 0.000 0,186 B

0.1m

Viden-L-.. 0.189 0.000
—0.0

Figure 2: Averaged attention scores on the test set.
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