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Background: Cross-Domain Recommendation

Traditional recommendation systems are faced with two long-standing obstacles, namely data sparsity and cold-
start problems, which promote the emergence and development of Cross-Domain Recommendation (CDR). The

core idea of CDR is to leverage information collected from other domains to alleviate the two problems in one
domainl!!.
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Figure 1. Illustration of cross-domain recommendation”/

//A T EERANSITEXRE

g spAtial Sensing & Computing Lab



In order to distinguish our work from previous efforts, we focused a more generic scenario of Broader-Source Cross-Domain
Recommendation (BS-CDR), which integrates knowledge from more than two source domains.
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Figure 2. (a) The BS-CDR scenatio. (b) The performance attected by the number of domains

In this specific scenario, we face two prominent challenges :

1. Inadequate privacy preservation. Both intra- and inter-domain privacy must be carefully considered in BS-CDR.

2. Accumulative negative transfer. The impact of negative transfer can inevitably intensify with an increasing number of source
domains and the performance of CDR models can decline to levels lower than those of single-domain model.
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Method (1/4): Overall Architecture
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Figure 3. An overview of FedGCDR.
FedGCDR proposes two modules : Positive Knowledge Transfer Module and Positive Knowledge Activation Module

to address these challenges.
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Method (2/4): Positive Knowledge Transfer Module (Module 1)

First, privacy-preserving knowledge extraction

In a GNN-based approach, direct transfers are subject to privacy attacks. Each message propagation layer can be viewed
as a function with user and item embeddings as input. An attacker can easily obtain the private rating matrix based on
these embeddings. We apply DP to the source domain embeddings to safeguard inter-domain privacy.

Second, feature mapping

User features could represent personal preferences and are influenced by domain features. The discrepancy of domains
leads to the heterogeneity of feature space between domains which means that source domain embeddings cannot be
utilized directly by the target domain. We adopt a series of MLLP to explore mapping functions for each source domain.
To learn more effective mapping function, we adopt a mapping loss term:
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Method (3/3): Positive Knowledge Activation Module (Module 2)

First, graph expansion and target domain training

Virtual User ==== Virtual Social Links = [tem Attention

Target Domain User Space We construct virtual users by embeddings from the source domains. Based on their

Q g w_7 g ﬂ | correlated preference (they actually are the same person), we build social links

between them and the real target user to generate attention coefficients (which can

. —

\-_____fiy_‘“l‘f"___l‘iaiy___f“‘_’"_”_‘“i“ _____ -/ be regarded as domain attention).

Figure 4. lllustration of graph expansion.
Beside, we introduce a social regularization termb! to strengthen the virtual social links:
L

= e

Considering the feature mapping and virtual soc1a1 links, the ob]ective function of the target domain is:

L

Slm(xT, xS ) X xS

51
i7" Sim(xy, Xs,)

a
Lgar = BCELoss(RL,, RL,) + > m
Second, target model fine-tuning

To turther filter external noise, we adopt an additional fine-tuning stage: First, we freeze the message propagation layer of
GAT to 1solate the influence of source domains preventing Gaussian noise from permeating through the transfer process.
Second, we directly train the well-informed embeddings generated by the target domain GAT. These steps adapt the

learned external knowledge for predicting the target domain ratings. //A " RIS E I
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Experiments (1/4): Setting

Datasets

We study the effectiveness of FedGCDR with 16 popular domains on a real-world dataset Amazon!¥. To study the
impact of the number of domains on model performance, we divide these domains into three subsets containing 4, 8,
and 16 domains respectively and denote them as Amazon-4, Amazon-8, and Amazon-16 respectively.

Dataset | U] |U4| | T | R4 avg (sparsity)
Amazon-4 | 55,518 6,632 - 12,626 - 27,402 53,082 - 134,438 - 501,153 623,420 - 646,266 - 5,481,801 0.0802%
Amazon-8 | 99,506 6,632 - 13,978 - 27,402 53,082 - 106,985 - 501,153 186,016 - 618,539 - 5,481,801 0.0399%
Amazon-16 ‘ 117,672 1,036 - 9,038 - 27,402 17,209 - 64,624 - 501,153 41,427 - 379,657 - 5,481,801 0.0928%

Amazon-Dual ‘ 2,500 2,500 - 2,500 - 2,500 17,889 - 28,649 - 39,510 106,741 - 128,601 - 150,461 0.1955%

Table 1. Statistics on the datasets.

Baselines

* FedGNNPL an attempt to adopt FL. graph learning to recommender systems.
* EMCDRIE a conventional embedding-mapping CDR framework.

*  PriCDRIL a privacy-preserving CDR framework based on DP.

* FedCT®l: a2 VAE-based federated framework.

* FedCDR PI': a dual-target federated CDR framework.

7 //A T FEBASITEXRE

j spAtial Sensing & Computing Lab



Experiments (2/4). Recommendation Performance

Model } Amazon-4@ Books } Amazon-8 @Books | Amazon-16@Books

HR@5 NDCG@5|HR@]0 NDCG@10|HR@5 NDCG@S|HR@]O NDCG@10|HR@5 NDCG@S‘HR@]O NDCG@10

Single Domain | 0.4693  0.3188 | 0.6067 0.3634 [0.4693 03188 | 0.6067 0.3634 |0.4693 03188 | 0.6067 0.3634

EMCDR 0.4633 0.3075 | 0.6179 0.3191 04678 0.3268 | 0.5990 0.3518 103140 0.2184 | 0.4207 0.2348
PriCDR 0.4061 0.3159 | 0.5275 0.3550 ]0.4409 03196 | 0.5913 0.3681 0.3699 0.2650 | 0.4914 0.3042

FedCT 0.2911 0.2044 | 0.4276 0.2482 04665 0.3516 | 0.6002 0.3939 10.2779  0.2335 | 0.3580 0.2593
FedCDR 04115 03153 | 0.5415 0.3570 04791 03538 | 0.6182 0.3967 103926 0.2907 | 0.5626 0.3403

FedGCDR-DP | 0.4903 0.3417 | 0.6717 0.3733 [0.5224 0.3608 | 0.6727 0.3973 [0.4928 0.3509 | 0.6510 0.3742
FedGCDR |0.4941 0.3592 | 0.6732 0.3920 |0.5300 0.3686 | 0.6752 0.3985 |0.5016 0.3600 | 0.6516 0.3854

Table 2. The recommendation performance on Amazon@Books.

Amazon-4@CDs Amazon-8@CDs Amazon-16@CDs

Model HR@5 NDCG@5|HR@]0 NDCG@10|HR@5 NDCG@5|HR@10 NDCG@10|HR@5 NDCG@S‘HR@']O NDCG@10

SingleDf_)main‘0.41'19l 0.2751 | 0.5031 0.3040 ‘0.4119 0.2751 |(}.503'l 0.3040 |0.4119 0.2751 ‘0.5031 0.3040

EMCDR 04074 0.2651 | 0.5591 0.2972 [0.2882 0.1828 | 0.4361 0.2199 [0.4704 0.3683 | 0.5740 0.3937
PriCDR 0.3987 0.2838 | 0.5114 0.3202 02946 0.1988 | 0.4229 0.2400 ]0.4405 03689 | 0.5399 0.4011

FedCT 02681 0.1603 | 0.3774 0.1956 [0.1801 0.1282 | 0.3001 0.1681 [0.3522 0.2963 | 0.4326 0.3219
FedCDR 0.4299 0.2949 | 0.5636 0.3381 ]0.3088 0.2109 | 0.4620 0.2600 ]0.4823 0.3983 | 0.5808 0.4297

FedGCDR-DP | 0.4359  0.2960 | 0.5779 0.3520 ]0.4122 0.2983 | 0.5064 0.3106 ]0.4963 0.4061 | 0.6135 0.4453
FedGCDR |0.4588 0.3282 | 0.5819 0.3679 |0.4276 0.3142 | 0.5270 0.3464 |0.5267 0.4382 | 0.6208 0.4684

Table 3. The recommendation performance on Amazon@CD:s.

Our method targets two domains with different data quality and achieves the best results on all three sub-datasets.
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Experiments (3/4). Dual-domain Scenario

We randomly selected 2500 overlapping users in the Books domain and CDs domain to construct the dataset
Amazon-Dual

Model Books — CDs Books <+ CDs
HR@ 10 NDCG@10 HR@10 NDCG@ 10

Single Domain | 0.2713 0.1429 | 0.2594 0.1524
EMCDR 0.2816 0.1409 0.2596 0.1540
PriCDR 0.2903 0.1446 0.2662 0.1583
FedCT 0.2384 0.1239 0.2570 0.1551
FedCDR 0.2566 0.1376 0.2657 0.1554
FedGCDR-DP 0.3076 0.1552 0.2749 0.1602
FedGCDR 0.3323 0.1838 0.2958 0.1797

Table 4. The recommendation performance on Amazon@CDs.

Table 4 shows that our approach is also suitable for dual-domain scenarios where users full-overlap and have only
a single source domain and a single target domain.
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Experiments (4/4): Ablation Study and Privacy Budget Study

We studied the effects of two modules and privacy budget in FedGCDR.
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Figure 5. Ablation study on Amazon-16@CDs and Amazon-16@Books.

From the Figure 4, we can observe:

1) The two variants perform differently on different target domains. On the Books domain, FedGCDR-T performs better than FedGCDR-M,
which indicates that for domains with higher data quality, preventing the transfer of negative knowledge from other domains is more
important than mapping this knowledge better. The opposite results on the CDs domain indicates that for domains that are deficient in
information, mapping knowledge correctly is more important.

2) Compared to FedGCDR, the absence of either module can cause a significant drop in performance.

065 To study the effects of privacy budget € on the model performance.

06 | 1 o 71 From Figure 6 we can observe that the model’ s performance
_oss g042 decreases as € decreases. The degradation in model performance
s /_/" 2 suggests that our approach struggles to counteract the effects of

0.38 . . . . . .
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Thanks For Watching!

Zigi Yang, Xiaoliang Fan*
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Paper and code: fanxIxmu.github.io

o [ 00 (0 (0 (0 0 _ S a[nan i aliss Py 1
A a1 P e Bl s P A
th oo o TE T EEn | 008 [DDOOOOOOm 608 ]| o~ o~ —~ ' (M) NN~ ] ooR Ommmmmm 06| | oo e e rs s o o



mailto:yangziqi@stu.xmu.edu.cn
mailto:fanxiaoliang@xmu.edu.cn

