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Supplementary Materials: Notation, Reproducibility, Target
Problems, and Experiments

Anonymous Authors

For a better understanding of this paper, in this section, we provide
more details of notations, reproducibility, target problems, and
experimental results.

1 IMPORTANT NOTATIONS

For the sake of better readability, we list the main notations of this
paper in Table 1.

Table 1: Important notations

Symbol Definition
D Domain x, x € {0,1,..,a — 1},
a is the number of domains
R e RMX1 the rating matrix
rij €R the rating of user u; on item o;
k the dimension of user/item embeddings
m the number of users
n the number of items
U =A{uy,...um} the set of users
U e Rk the embedding matrix of users
V ={ov1,...0n} the set of items
V e Rk the embedding matrix of items
G = ({UV},E) the‘hete%rogeneo‘us grapb, Eis 'the set of
user-item interaction relationships (from R)
Uu/v the combined embeddings of common users/items
yij €Y the interaction of user u; on item v;
Y € RMX1 the user-item interaction matrix
the notations for domain x, where a
«* x€{0,1,2,...,a—1} is the total number of domains, e.g., m®
represents the number of users in domain 0
i the predicted notations, e.g., J;; represents the
predicted interaction of u; on item v;

2 REPRODUCIBILITY DETAILS

Apart from the observed user-item interaction samples as posi-
tive samples, denoted as Y*, we tend to randomly select a certain
number of unobserved user-item interactions as negative samples,
denoted by Y;~, to replace the whole negative sample set Y, i.e., all
unobserved interactions. This is because we cannot observe users’
attitudes toward their unrated items. It could be that the users have
not been aware of these unrated items because of ranking position
or display style. This training strategy has been widely used in
the existing approaches [2, 9, 11]. Based on rating information, the
label of user-item interaction y;; between a user u; and an item v;
can be represented as:

Tij, if Yij € )’+;
Yij = 0, if Yij € YS_; (1)
null, otherwise.
Most of the existing CDR approaches [2, 7, 11], and our AMA-
CDR choose a normalised cross-entropy loss as follows.

De-—Y logi—(1- —Y Vlog(1 - §
(y§) =t log g = (1=t log(1= ), ()
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where max(R) is the maximum rating in a domain.

3 SUPPLEMENTARY DETAILS OF THE
TARGET PROBLEMS

3.1 Many-to-Many CDR

We define our main task, i.e.,, many-to-many cross-domain rec-
ommendation, as follows. Many-to-many cross-domain rec-
ommendation: Given the multiple (many) domains 0 to a — 1,
including user sets {2, ..., U% 1} and item sets {VO, .., V¢~ 1},
many-to-many CDR is to improve the recommendation accuracy
in all domains simultaneously by leveraging their observed infor-
mation.

3.2 Transfer Paradigms in CDR

In the area of cross-domain recommendation, as introduced in [10],
the existing CDR approaches can be generally classified into three
groups, i.e., single-target, dual-target, and multi-target. However,
as more and more CDR methods emerge, according to their transfer
paradigms, the existing CDR approaches can be further divided
into four groups, i.e., single-target: one-to-one paradigm and many-
to-one paradigm, and dual/multi-target: one-to-many paradigm
and many-to-many paradigm, which serve different cross-domain
scenarios. For example, the many-to-many paradigm represents
that the CDR approach leverages the knowledge learned from many
(multiple) domains to improve the recommendation accuracy in all
domains simultaneously. Compared with the first three paradigms,
the many-to-many paradigm is more challenging and meaningful.
This is because the many-to-many paradigm can almost serve all
CDR scenarios.

3.3 Objective Distortion

Many existing CDR approaches ignore the importance of their
training paradigms, i.e., two-step training and end-to-end training.
Some embedding-based transfer CDR approaches, e.g., EMCDR [3],
DCDCSR [8], GA-MTCDR [11] and PCRec [5], tend to first train the
embeddings of users/items (step 1) by some embedding generation
models, e.g., matrix factorization [3, 8] or graph embedding [5, 9, 11],
and then transfer/share the embeddings across domains (step 2).
This is a typical solution of two-step training, which may lead to
objective distortion between the two steps. The two-step training
paradigms of these CDR approaches can be generally classified
into two strategies (see the two strategies in Eq. (3)) and there are
respectively represented as follows.

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

106

107

108

109

110

111

112

114

115

116



117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149

150

159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

Conference’17, July 2017, Washington, DC, USA

. ~ ~ Lx y/1Lx Qlx
e D By, §=o(FUF VT, 0M)),

yeYXtuyX-
Step 1: Strategy 1
min __obj(UM, V¥, @),
Ul,xvvl,x’el,x
Strategy 2

®
where £() is the loss function, 7 is the interaction prediction be-
tween the user u; and the item v, (%) is the activation function,
(%) is the prediction function, e.g., matrix factorization(MF) and
multilayer perception (MLP), Ul.l’x is the pre-trained user embed-
ding of u; in the domain D* in step 1, le’x is the pre-trained item
embedding of v; in the domain D* in step 1, ©] are the param-
eters for the prediction function f(x*) in step 1, and obj(x) is an
independent objective function, e.g., the neighbourhood preserving
objective of graph embedding models (such as DeepWalk [4] and
Node2vec [1]).

usx : Z (9. y), §=o(fU, V>, 05Y)),
2, 2,X @2.x X X
,Vex.e

Step 2: eYX+tUYX~
UZ,x — t(Ul’O, . Ul,a—l), VZ,x — t(Vl’O, . Vl,a—l )’

©
where U is the optimized user embedding set generated by the
transfer function ¢(x), e.g., non-linear mapping [3, 8] and embed-
ding combination [9], in step 2. Similarly, V> is the optimized item
embedding set generated by transfer strategies. Also, ©>* are the
parameters in step 2.

SR > @y, §=o(fUNVE,e)),
T yeyxtuyXT

U =t(U°, ..U Y, v*¥ =¢(VO, .., vey,

End-to-end:

)
Analysis The two steps do not share any parameters, i.e., ®* and
©2% are definitely different, and thus the training process of step 1
can not serve for step 2. Moreover, as for Strategy 2 in Step 1, there
are the independent objectives of embedding generation models,
which are totally different from the objectives of Step 2, i.e., rec-
ommendation models. These factors lead to a significant objective
distortion between the two steps. In contrast to the two-step train-
ing, the most outstanding advantage of end-to-end training is to
optimize only one objective, i.e., the direct objective for recommen-
dations.

3.4 Negative Transfer

The traditional definition of negative transfer is that transferring
knowledge from the source domain can have a negative impact
on the target learner [6], which focuses on the two domains, i.e.,
a source domain and a target domain. However, there are multi-
ple source and target domains in many-to-many CDR scenarios.
Therefore, we define the notion of negative transfer (caused by
undifferentiated knowledge transfer) in the many-to-many CDR
scenarios as follows.
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Figure 2: The impact of top-N.

e(gP7e, y),

S ey > Y

yeYXtuyx- yeYXtuyx-
7Y = o (f(H(U°, ., UG, UaY) ((V°, . Va2 vat) %)) (©)
P = o (f(t(U,..,U*2),t (VO .., V972),0%)),

where £() is the loss function, 7 is the interaction prediction, o (*)
is the activation function, f(x) is the prediction function, e.g., ma-
trix factorization(MF) and multilayer perception (MLP), and # ()
is the transfer function, e.g., non-linear mapping [3, 8] and embed-
ding combination [9]. This definition represents that after adding a
new source domain, i.e., D41 with the embeddings of users/items
U%~1/v4=1 the training loss of transfer methods (the new one) in
the domain D* is larger than that of the previous one. In fact, in
our experiments, we directly choose recommendation performance
rather than training loss to judge whether the negative transfer
occurs or not.

4 EXPLORATORY EXPERIMENTS

To validate the impacts of the hyper-parameters, i.e., embedding
dimension k and top-N, on the performance of our AMA-CDR
model, we additionally conduct the following two experiments.
Due to space limitations, we only report the experimental results
on the DoubanBook domain.

4.1 Impact of embedding dimension

To study the impact of embedding dimension on our proposed AMA-

CDR, we choose different dimensions, i.e., {4, 8, 16, 32, 64, 128}, for

performance comparison. The experimental results of HR@10 and

NDCG@10 on the DoubanBook domain in Figure 1. As observed
2024-04-13 07:53. Page 2 of 1-3.
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from Figure 1, when the embedding dimension k is 32, our AMA-
CDR achieves the best performance. From 32 to 128, the perfor-
mance decreases with k mainly because a large dimension k may
make the parameters of our AMA-CDR grow exponentially and
thus lead to the over-fitting problem.

4.2 Impact of top-N recommendation

To study the impact of top-N recommendation, we compare the
recommendation performance of our AMA-CDR in terms of HR@N
and NDCG@N, where N ranges from 1 to 10. Since the performance
trends of all top-N experiments on all the seven domains, due to
space limitations, we only report the results on the DoubanBook
domain in Figure 2. As we can see from Figure 2, the recommenda-
tion metrics of our AMA-CDR increase with N in the DoubanMusic
domain. However, this does not mean that in real applications, we
need to choose a large N for recommendations because users can-
not really check a long recommendation list. We should achieve
a balance between good recommendation performance and good
user experience.
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