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Abstract

Lifelong behavior modeling for single-domain has been widely in-
vestigated in industry click-through (CTR) prediction. However,
some domains do not always have rich historical behaviors in on-
line platforms, so cross-domain lifelong behavior modeling is over-
looked. This paper proposes a novel retrieval augmented lifelong
cross-domain net (RAL-CDNet) to address the challenges in cross-
domain lifelong behavior modeling. There are three components in
RAL-CDNet, i.e., cross-domain retrieval unit, cross-domain align-
ment unit, and cross-net. As the general search unit in the previous
study, a cross-domain retrieval unit features a retrieval augmented
paradigm that utilizes a pre-trained language model to learn the
intrinsic textual information of user behaviors and generates the
sequential behaviors from the source domain based on sequential
behaviors in the target domain. The retrieval augmented behaviors
can achieve consistency and capture accurate hidden interest for
target domain CTR prediction. Furthermore, we propose the cross-
domain alignment unit to align the embeddings across domains by
adding a semantic-guided contrastive loss and auxiliary task loss
in the source domain. This allows the embeddings to be consistent
across domains and have enough source information to capture
the cross-domain relation. Finally, the cross-net utilizes two-level
attention techniques to enhance the final prediction in the target
domain. We conduct extensive experiments on both a public dataset
and an industrial dataset from the WeChat advertising platform
to demonstrate the effectiveness of RAL-CDNet in terms of offline
and online metrics.
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1 Introduction

Click-through rate (CTR) prediction has played a crucial role in
online business platforms. It aims to predict the probability of the
user clicking the candidate items (e.g., advertisement, video) [4, 23,
32]. The industrial CTR model input mainly consists of user and
item information, which provides personalization. To fully utilize
user information, lifelong user behavior modeling has been widely
used in extracting a user’s hidden interests concerning the candidate
item, which acts as a key component in CTR prediction [26, 29, 38].

Nevertheless, the sequential behaviors in some small-scale do-
mains are sparse, posing a challenge to capturing the user’s hidden
interest. As an example illustrated in Fig. 1a, users click on some
advertising coupons related to APPs in the target domain, which
is sparse and makes it hard to reflect the user’s interest accurately.
Moreover, users will also spend a lot on corresponding APPs in the
source domain, resulting in lifelong behaviors. It can be noticed that
the length of behaviors in the source domain is nearly eight times
more than in the target domain from Fig. 1b, which means that the
lifelong user behaviors in the source domain help extract hidden
interests more accurately. Therefore, how to transfer the lifelong
behavior information from the source domain and make compre-
hensive predictions in the target domain is essential. A promising
solution is the cross-domain CTR model [18, 24], which aims to
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leverage auxiliary and rich user lifelong behavior from a source
domain to improve the performance of the target domain.

Source Domain Behaviors Target Domain Behaviors
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(b) Statistics of the length of be- (c) The relevant items in top-
havior sequence k items

Figure 1: (a) An example in the WeChat advertising plat-
form.(b) A comparison between the statistics of the length of
behavior sequences of the source domain and the target do-
main. (c) A map illustrated the distribution of relevant items
in the set of embedding-based top 50 items for 10 users.

Generally, lifelong user behavior modeling in the single-domain
mostly follows the two cascading stages [27, 28]: the General Search
Unit (GSU) handles lifelong user behaviors coarsely to reduce the be-
haviors relevant to the target candidate item, and the Exact Search
Unit (ESU) extracts the interest representation from the output be-
haviors of GSU to help make the final prediction. However, adopt-
ing the lifelong behavior modeling paradigm directly to the cross-
domain CTR model will face three particular challenges. First, GSU
will face inconsistency in cross-domain lifelong user behavior mod-
eling. GSU usually utilizes either expressive item embeddings [3, 5]
or item intrinsic features to identify relevant items in lifelong be-
haviors [28, 29]. On the one hand, item embeddings in the source
domain are supervised by the label from the target domain. On
the other hand, the features are not similar across both domains.
How to sift through lifelong user behaviors effectively determines
which relevant items from the source domain can be transferred
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to the target domain. And cross-domain modeling significantly in-
creases the difficulty and complexity of searching in GSU. Second,
the way to search for the behaviors in GSU relevant to the target
candidate item will suffer from sparse issue. Specifically, previous
studies will take the candidate item or behavior as the query to
search for the relevant behaviors [2]. However, the cross-domain
sequence contains more noise, leading to fewer relevant items in
the source domain. As Fig. 1c shows, the set of embedding-based
top-k similar items only recalls a few relevant items in the source
domain. The sparse sequence will then make it hard to extract user
interest. Third, ESU must deal with alignment between the source
domain and the target domain. In cross-domain modeling, the only
supervised signal is from the target domain, which restricts the
optimization of the effective source domain embedding and makes
it difficult to capture the cross-domain relation, thus degrading the

performance [15].

This paper addresses these challenges by proposing a novel re-
trieval augmented lifelong cross-domain net (RAL-CDNet) for
cross-domain lifelong behavior modeling. To tackle the inconsis-
tency issue, we introduce a cross-domain retrieval unit (CD-RU),
which is inspired by retrieval augmented generation incorporating
extern knowledge in the large language model [9, 10]. The intrinsic
textual description of the item will be transformed into an embed-
ding representation by a pre-trained language model (PLM) [14],
which then serves as a trace to determine the relevant items in
our CD-RU. Notice that the textual information is intrinsic across
domains and contains less noise, thus helping more accurately iden-
tify the relevant behaviors. Moreover, we input not only candidate
behavior but all the sequential behaviors into the CD-RU. Then,
the CD-RU generates new sequential behaviors from the source
domain. In other words, we utilize CD-RU to retrieve source domain
sequential behaviors according to the sequence in the target do-
main, which mitigates the sparse issue. We propose a cross-domain
alignment unit (CD-AU) incorporating a semantically guided con-
trastive loss and source domain auxiliary task to align the source
and target embeddings. Finally, we also design a cross-net with
a two-level attention mechanism to learn the two sequential be-
haviors enhancing the CTR prediction [34]. Our contributions are
summarized as follows:

e This paper first identifies related challenges in cross-domain
industry scenarios for lifelong user behavior modeling. Then, a
novel framework named RAL-CDNet is proposed. By addressing
the identified challenges, RAL-CDNet can effectively transfer
lifelong user behaviors from the source domain to the target
domain.

e We propose CD-RU, CD-AU, and cross-net, consisting of RAL-

CDNet. In CD-RU, we adopt a retrieval-augmented paradigm to

generate the source domain sequential behavior according to the

target domain sequence. The CD-AU aligns the representation
across the domain and then cross-net utilizes the transferred
information to enhance the CTR prediction in the target domain.

Extensive offline experiments on public and real-world product

datasets are conducted. The results demonstrate the superiority

of the RAL-CDNet. Furthermore, we also deploy our RAL-CDNet

on our large-scale advertising platform, and notable online A/B

testing improvements verify the effectiveness of the RAL-CDNet

in enhancing the prediction.
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2 Related work

In this section, we briefly review related work on two topics: cross-
domain CTR prediction and lifelong user behavior modeling.

2.1 Cross-domain CTR prediction

Several arrays of studies contribute to cross-domain recommen-
dation [16, 25, 39]. The most related topic to our work is cross-
domain CTR prediction, which mainly focuses on leveraging source
domain information to improve the performance of the target do-
main [6, 18, 22, 24]. MiNet [24] considers three types of user interest
in cross-domain CTR prediction and designs two levels of attention
to fuse the information inter-sequence and intra-sequence. To fur-
ther fuse the information, DASL [18] introduces dual embedding
and dual attention. CDANet [6] proposes a cross-domain augmenta-
tion network that can perform explicit knowledge transfer between
two domains, which is more flexible for transferring information
across domains. Our work differs from these in that it focuses on
leveraging lifelong user behavior from the source domain to help
with CTR prediction in the target domain.

2.2 Lifelong User Behavior Modeling

The modeling of rich user behaviors has been a key component for
improving the performance in the industry CTR prediction [26, 30,
37, 38]. With the exponential growth of data, the computational
demand for lifelong user behaviors becomes too heavy to tackle
within one model. The SIM [27] and UBR4CTR [28, 29] introduce the
two-stage cascaded framework to divide the process into a General
Search Unit and an Exact Search Unit. On the one hand, some works
are devoted to designing various relevant metrics and ways to find
the relevant items. For example, ETA [5] uses the locality-sensitive
hash to encode item embeddings trained by ESU and retrieves
relevant behaviors from long-term behaviors via Hamming distance.
On the other hand, some works address the discrepancy between
GSU and ESU. TWIN [3, 33] designs an identical target-behavior
relevance metric for both stages to maintain end-to-end training.
Notice that extending these works to cross-domain lifelong user
behavior modeling is nontrivial and challenging, and may degrade
the performance due to the transfer of information. LCN [15] first
tackles the challenge by introducing a lifelong attention pyramid.
However, the inconsistent embeddings across domains and the
noise present in lifelong user behaviors from the source domain
still leave room for performance improvement.

3 Preliminary

We formalize the modeling problem in this section. First, we con-
sider the features of a user u in both the target and source domains
consisting of three categories:

e Basic user features {x, }.

o User short-term behaviors in target domain t, represented by
Ty = {Ui"" 05 ’Uéu}'

o User lifelong behaviors in the source domain s,represented by

Szlt={0§s"'svf""’vfnu}~

Notice that the length of the sequence 7y is z;,, which is far smaller
than the length my, of the lifelong sequence S,ll. The CTR prediction
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in the target domain aims to estimate the click probability of user-
item pair (u, v) with respect to item features {x,} as follows:

Puv = Fo(Xu. %o | Tu), (1)

where 0 represents the parameters of the prediction model . With
the aid of transferring lifelong user behaviors from the source do-
main, we further introduce the retrieval function R, and R(7, S,i)
with short-term behaviors in the target domain and lifelong behav-
ior in source domain as input. The cross-domain lifelong behavior
modeling is formulated as:

Puo = Fo(Xu, Xy | %’R((E’Sllt)) @

Our RAL-CDNet appropriately aims to model the ¥ and R. The
optimized cross-entropy loss function is defined as follows:

B
1
Lerr=-73 Z(yi log(pus,0;) + (1= yi) 1og(1 = pu; ), (3)
i=1
where y; € {0, 1} is the label that indicates whether the user clicks
or not, and B denotes the total number of user-item sample pairs
in a batch.

4 Methodology

In this section, we elaborate on the proposed method in detail. The
overall framework of RAL-CDNet is illustrated in Fig. 3, which
mainly consists of three components: cross-domain retrieval unit,
cross-domain alignment unit, and cross-net, respectively. The RAL-
CDNet’s inputs include user features, candidate item features, and
behaviors in both the target and source domains. First, it utilizes
a cross-domain retrieval unit to generate relevant short-term se-
quences from the source domain. After the embedding layer, two
short-term sequential behaviors are aligned with a cross-domain
alignment unit. Meanwhile, the following cross-net will give the
final click-through prediction.

4.1 Cross-Domain Retrieval Unit

The cross-domain retrieval unit generates relevant behaviors in the
source domain according to the short-term behaviors in the target
domain. The associated textual information related to lifelong user
behaviors in the source domain can be denoted as {tf, cee tfnu}.
Similarly, the sequence of short-term behaviors in the target domain
is {t!,---, % }. Note that previous works have investigated that
semantic knowledge from textual CTR data can be a complementary
element for improving performance [8, 11, 20]. In our RAL-CDNet,
the textual data contains the intrinsic information that connects
the source and target domain, as an example shown in Fig. 2.

Text t; of v; :"Pinduoduo Mall purchased a piece of clothing and paid 120 RMB."

Text tz- of v; : "Pinduoduo coupon: Spend 20 RMB and get 10 RMB off."

Figure 2: An example of textual data for source domain and
target domain item.

Specifically, we compute the textual embedding related to the
items in the target domain, i.e., for any item v 5 in the target domain,
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Figure 3: The overall framework of our retrieval augmented lifelong cross-domain net (RAL-CDNet). The model has three
components: (1) the bottom right illustrates the cross-domain retrieval unit, which retrieves sequences from the lifelong
user behavior in the source domain. (2) the upright shows the cross-domain alignment unit aligns the embeddings across
domains and explores the relation between domains. (3) The blue part on the left is a cross-net, fusing information for the final

prediction.

we get the textual embedding rep; with a PLM. We also use the
same PLM to calculate the textual representation rep; for lifelong
user behaviors. To sift through the lifelong user behaviors, we
introduce a mask vector m = {0, 1}™«, the mask value m; is then
defined as follows:

mi=1 ¢ 3je{l,---,z,}, cos(repf,rep;) > 0,
rep; - repj.
where

©

cos(rep’, rep’) = ————2 .
' |Irep; IllIrep’ I
Where the 6 is a threshold, which is determined as a hyper-parameter,
and with the mask vector, we keep the lifelong behaviors only re-
lated to the input short-term sequence in the target domain.

The retrieval function R in Eq. 2 can be further defined as:

R=m-S. (5)

We drop the zero value element in the output, and the output of
R is S; with the length of the sequence n,,, which is smaller than
my,. Notice that we pre-compute the similarity scores in our online
version, and we can fetch the score according to the item pair,
accelerating the computation.

4.2 Cross-Domain Alignment Unit

The retrieved sequence S; and the sequence 7; in the target do-
main will be embedded into the latent vectors. However, both the
embeddings are only optimized following the target supervised
labels, making it hard to capture the relation between the source
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and target domains. Moreover, a gap exists between the embedding
for the source domain and the target domain because the retrieved
sequence is based on the behaviors from the source domain.

To overcome these challenges, we propose the cross-domain
alignment unit, which is responsible for aligning the embeddings
across domains. To preserve the information from the source do-
main, we simply introduce an auxiliary loss to ensure that the
embedding of the source behaviors can be used to predict the click
probability in the source domain. For the user u;, the source item to
be predicted can be denoted as v;. With the aid of the embedding
layer, both features are converted to embedding, e, and eys. Our
auxiliary task is to predict whether source item o§ can be clicked:

(6)
and MLP is a multi-layer perception with

Pelick = O'(MLP(eupele?)),

where o(x) = Wl(—x)’

activation function. Furthermore, the loss function is:

Lsy = —=[yi - log(perick) + (1 = yi) -log(1 = perick)l,  (7)

where y; € {0, 1} is the click label of the user-item pair, indicating
whether the item will be clicked or not in the source domain.

The auxiliary task only guarantees that the information from the
source domain is preserved. We also need an extra loss to align the
embeddings and explore the relation across domains. We construct
a contrastive loss based on the textual similarity [1, 35, 36]. To begin
with, we select an item embedding ef from the S;), the similarity
score in the cross-domain retrieval unit is re-used to find a textual
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similar item in 73, and the embedding of this item is denoted as ej.,

. . sy . S t .
which constitutes the positive sample pair (07, vj}. Regarding the
negative pairs, we employ a parallel approach to the positive pair,
resulting in pairs with similarity scores below the threshold. The
contrastive loss is summarized as follows:

i X5 mij - exp((ef © e})/T)
7 X5 (1=mij) - exp((ef © €)) /7)

s.t. mj; = I(cos(rep;, repﬁ-) > 0),

Lcr = —log

®

where © denotes the vector inner product operation, and 7 is the
adjusted temperature coefficient.

4.3 Cross-Net

The cross-net gives the final prediction of CTR in the target domain.
The major challenge for cross-net here is how to fuse the informa-
tion between the two sequences S; and 7. We design a two-level
attention mechanism to fuse the information here.

Due to the previous alignment mechanism, we first concat both
two embeddings of sequences, b, = {ei, o ,eflu;ei, e ,eéu }. The
attention process can be used with the following formulas:
oK™
W)s hy =1y - by

where Q= WQbu,K = WKbu

1y, = softmax(

©

where W2 and WX denote the attention weights, d represents the
inner dimension, the ry, is the attention scores associated with the
by, and the hy, is the weighted sequence. Note that we conduct the
attention operation on the whole sequence b,, without discrimi-
nating between S;, and 7, which leads to fusing the information
across two domains.

We further introduce query attention to associate the embed-
ding with the candidate item e,. Because different sequences con-
tribute differently to the final prediction, we divide the hy, into two
parts related to two domains again, i.e., hj = {h3,--- ,hflu} and
h!, = {hf,--- ,h% } respectively. The query attention process is
performed on each sequence, and we take the process on the source
sequence as an example:

T
QqKyq
Vd
where Qg = Wes, Kg = WD, Vg = W) b,

€;, = softmax( Wy,

(10)

This attention process differs from the first level of attention only
in the query, which is the candidate item.

Combined with the sequential presentation, user representa-
tion, and item representation, the final prediction in Eq. 2 can be
reformulated:

Puv = Fy(eu, eq, eflaeft) (11)
The ¥ can be a single MLP or other model, such as DeepFM [13].
The final optimized loss function is a combination of three losses:

(12)

where Acr and 147 denotes the factor to control the importance of
Lcr and L] respectively.

L=Lerr+AcrLer +AarLar,
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5 Experiments

In this section, we conduct experiments to answer the following five
key questions, demonstrating the superiority of our RAL-CDNet.

e RQ1: How does RAL-CDNet perform compared to the baselines?

e RQ2: What is the role of some key components in RAL-CDNet?

e RQ3: What is the impact of different sequence lengths and pre-
trained models on the performance of RAL-CDNet?

e RQ4: How effective is the CD-RU in RAL-CDNet?

RQ5: How does RAL-CDNet perform in online business scenar-

ios?

5.1 Experiment Setup

5.1.1 Datasets. We conducted experiments using two datasets: one
is the public Amazon dataset, and the other is an industrial dataset.
The processed datasets’ statistics are summarized in Table 1.
Amazon Dataset!. The Amazon dataset is extensively utilized
to assess the performance of recommendation systems. In this study,
we selected three of the most commonly used categories, i.e., Books,
Movies & TV, and CDs & Vinyl, for cross-domain CTR prediction
tasks. Specifically, we treated Book as the source domain, while
Movie and CD were used as two target domains. During prepro-
cessing, we only retain users who co-occur in both the source and
target domains and have at least 5 ratings for items with metadata.
We converted ratings of 4 or 5 to label 1 and others to label 0. To
simulate the CTR prediction of real industrial recommendation
scenarios (i.e., predict the future CTR), we sorted user logs chrono-
logically. For each user, the most recent rating was used to form the
test set, the second most recent rating was used for the validation
set, and the remaining ratings constituted the training set.
Industrial Dataset. This dataset is collected from the WeChat
advertising platform’s traffic logs and contains user behavior se-
quences related to successful coupon recharges and WeChat pay-
ments. We collected each user’s 30-day behavior sequence for
coupon items and 365-day behavior sequence for payment items
(the maximum length is 3,000). The payment item sequence is speci-
fied as the sequence in the source domain. The label of each sample
is the user’s click operation on the coupon item. The dataset con-
tains 500 million records from 200 million users, collected over 31
days. We divided the dataset based on time, using data from the
first 30 days for training and data from the 31st day for testing.

5.1.2  Metrics. For offline evaluation, following previous work [19,
21], we utilized two commonly used metrics for CTR prediction
tasks: the Area Under the ROC Curve (AUC) and the logarithmic
loss (logloss). For online A/B testing, the evaluation was conducted
using two key performance indicators: CTR and Cost Per Mille
(CPM), measuring advertising revenue per thousand impressions.

5.1.3 Baselines Methods. To comprehensively evaluate our pro-
posed RAL-CDNet, we selected a series of methods from multi-
ple directions, including single-domain, single-domain sequential,
cross-domain, and cross-domain sequential methods, for compari-
son. Below is an overview of the baseline methods:

e DNN [7].Itis a Deep Neural Network consisting of an embedding
layer, multiple FC layers, and an output layer.

!https://cseweb.ucsd.edu/~jmcauley/datasets/amazon_v2/
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Table 1: Statistics of the processed datasets.

Dataset Amazon Industrial
Source:Book Target:Movie | Source:Book Target:CD Source Target

#Shared users 133,103 54,835 272,415,397
#Items 1,006,743 121,386 691,947 238,329 9,572 1,033

#Train instances 1,682,884 852,743 501,349,887

#Valid instances 133,103 54,835 18,617,498

#Test instances 133,103 54,835 18,617,498
Max.Len/Avg.Len #clicked | 9,463/24.12 1,919/11.58 9,463/28.16  2,938/15.18 | 499,284/887.68 86/15.18

DeepFM [13]. It is a recommendation model that combines Fac-
torization Machines (FM) [31] and Deep Neural Networks (DNN)
to model both low- and high-order feature interactions.

DIN [38]. The Deep Interest Network (DIN) models users’ dy-
namic interests based on their historical behaviors to enhance
the accuracy of CTR prediction.

SIM [27]. This early work performs lifelong sequence modeling
through the GSU and ESU stages while designing SIM(Hard) and
SIM(Soft) based on different search strategies in the GSU stage.
TWIN [3]. This is a long sequence modeling method that en-
hances the consistency between GSU and ESU by applying cross-
feature dimension compression.

CoNet [16]. This is a classic method for cross-domain recommen-
dation, which enables cross-domain knowledge transfer through
a cross-connection.

CDAnet [6]. This approach consists of a translation network and
an augmentation network designed to perform explicit knowl-
edge transfer between two domains.

MiNet [24]. Mixed Interest Network (MiNet) simultaneously
models three types of user interests: long-term interests across
domains, short-term interests from the source domain, and short-
term interests in the target domain.

LCN [15]. This is a Lifelong Cross Network (LCN) for cross-
domain lifelong sequence modeling, which mainly consists of
two components: the Cross Representation Production module
and the Lifelong Attention Pyramid module.
RAL-CDNet(Hard). This is a simplified version of our proposed
RAL-CDNet, which performs cross-domain retrieval through
hard matching of textual keywords.

5.1.4  Parameter Settings. For general hyperparameters, all fea-
tures, including items and user IDs, are mapped to distinct embed-
ding spaces with a uniform embedding size of 16. The model param-
eters are initialized using the Xavier initialization method [12], and
the model is optimized using the Adam optimizer [17]. We select
the optimal learning rate from {1le-3, 5e-4, le-4, 5e-5, le-5} and
the Iz regularization from {1e-3, 5e-4, le-4, 5e-5, le-5, 5e-6, le-6}.
We set the batch size to 512 and 4096 for the public and industrial
datasets, respectively. For the hyperparameters of RAL-CDNet, we
select the optimal threshold 6 from {0.5,0.6,0.7, 0.8}, and the op-
timal weight coefficient Acp and A4y from {1e-1, 5e-2, le-2, 5e-3,
le-3, 5e-4, le-4} and {0.0, 0.1, 0.2, 0.3}, respectively. Our model
is developed using TensorFlow. For baseline methods, we utilize
the open source implementations for DNN [7], DeepFM [13] and
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DIN [38], CoNet [16] and MiNet [24]. Since there are no existing
implementations available for SIM [27], TWIN [3], CDAnet [6],
and LCN [15], we re-implement them using the information pro-
vided in the original paper. Note that all baseline models are tuned
within the same hyperparameter setting range to achieve optimal
performance.

5.2 RQ1: Overall Performance

In this subsection, we compare RAL-CDNet with four types of base-
lines: single-domain, single-domain sequential, cross-domain, and
cross-domain sequential recommendation models. The overall per-
formance of RAL-CDNet and the baseline methods is summarized
in Table 2.

From Table 2, we can make the following observations: 1) On
both datasets, single-domain sequential methods (e.g., DIN, SIM,
TWIN) and cross-domain methods (e.g., CoNet, CDAnet) generally
outperform pure single-domain methods (e.g., DNN, DeepFM). This
clearly indicates that incorporating user interaction sequence in-
formation and cross-domain information helps to more accurately
model users’ true preferences, while single-domain methods over-
look these important factors. 2) Cross-domain methods (e.g., CoNet,
CDAnet) significantly outperform single-domain sequential meth-
ods (e.g., DIN, SIM, TWIN) on the Amazon dataset. This may be
because the user interaction behavior in the two target domains
of the Amazon dataset is sparser, making cross-domain informa-
tion more crucial for modeling user preferences in this case. 3)
Cross-domain sequential methods (e.g., MiNet, LCN) outperform
both single-domain sequential methods (e.g., DIN, SIM, TWIN) and
cross-domain methods (e.g., CoNet, CDAnet) on both datasets. This
indicates that incorporating sequential and cross-domain infor-
mation is crucial for capturing user preferences in domains with
sparse user interactions. 4) Our RAL-CDNet significantly outper-
forms all baseline methods on both datasets, demonstrating its
effectiveness in cross-domain lifelong behavior modeling and its
ability to enhance model performance. Furthermore, RAL-CDNet
surpasses another cross-domain lifelong behavior modeling ap-
proach, LCN, further validating our key motivation: leveraging the
intrinsic textual description of items and converting it into corre-
sponding embedding representations for retrieval can help obtain
more relevant items from the source domain, thereby enabling
more accurate modeling of user preferences. Finally, RAL-CDNet
outperforms RAL-CDNet(Hard), which indicates that converting
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Table 2: Results on all datasets, where the best and second best results are marked in bold and underlined, respectively. Note
that * indicates a significance level of p < 0.05 based on a two-sample t-test between our method and the best baseline.

Dataset Amazon Industrial
Source — Target Book — Movie Book — CD Payment — Ad
AUCT  Logloss| | AUCT Logloss| | AUCT Logloss]
DNN 0.7584 0.4413 0.7153 0.3255 0.8361 0.2100
DeepFM 0.7574 0.4421 0.7154 0.3306 0.8371 0.2096
DIN 0.7617 0.4672 0.7164 0.3293 0.8381 0.2091
SIM(Hard) 0.7612 0.5200 0.7158 0.3255 0.8380 0.2091
SIM(Soft) 0.7618 0.5128 0.7163 0.3253 0.8382 0.2091
TWIN 0.7624 0.4690 0.7176 0.3290 0.8379 0.2092
CoNet 0.7635 0.4270 0.7212 0.3228 0.8378 0.2093
CDAnet 0.7640 0.4267 0.7215 0.3229 0.8381 0.2094
MiNet 0.7662 0.4311 0.7269 0.3449 0.8384 0.2092
LCN 0.7643 0.4318 0.7221 0.3323 0.8387 0.2089
RAL-CDNet(Hard) | 0.7708 0.4230 0.7301 0.3309 0.8405 0.2080
RAL-CDNet 0.7717*  0.4210* | 0.7310* 0.3291 0.8407* 0.2079

textual descriptions into embeddings for retrieval is a crucial step
in enhancing model performance.

5.3 RQ2: Ablation Study

In this subsection, we conduct an ablation study to assess the impact
of key components in RAL-CDNet. Specifically, we first progres-
sively remove key components from RAL-CDNet, including the
cross-domain alignment unit (denoted as "w/o CD-AU"), the cross-
domain retrieval unit (denoted as "w/o CD-RU"), and the cross-net
(denoted as "w/o Cross-Net"). Then, we modify the functionality of
the cross-domain retrieval unit in RAL-CDNet to retrieve the top-k
relevant source domain items based on the candidate item embed-
dings, similar to LCN and train it in an end-to-end manner (denoted
as "RAL-CDNet(E2E)"). The corresponding results are presented in
Table 3. We can observe that removing any of the key components
leads to performance degradation, indicating that the cross-domain
alignment unit, cross-domain retrieval unit, and cross-net are all es-
sential for our RAL-CDNet, with each contributing to cross-domain
lifelong sequence modeling. Replacing the cross-domain retrieval
unit with a method that retrieves top-k related source domain items
based on the embedding similarity of candidate items also leads
to performance degradation. This suggests that retrieving source
domain items based on candidate item embedding similarity may
result in fewer truly relevant items. Additionally, the end-to-end
training approach increases the difficulty of embedding similarity
retrieval.

5.4 RQ3: In-depth Analysis of RAL-CDNet

Next, we provide more in-depth analysis and discussion on the
impact of Sequence Length L and the PLM Size in RAL-CDNet. In
addition, efficiency analysis and sensitivity analysis of parameter 0
can be found in the appendix A

Impact of Sequence Length L. For sequence modeling methods,
the sequence length L is a crucial parameter that directly affects
the model performance. Our RAL-CDNet needs to consider the

Table 3: Ablation Analysis on our RAL-CDNet, where the
best results are marked in bold.

Dataset Amazon
Source —» Target Book — Movie Book — CD
AUCT Logloss| | AUCT Logloss]

w/o CD-AU 0.7686 0.4258 0.7272 0.3380
w/o CD-RU 0.7692 0.4292 0.7291 0.3384
w/o Cross-Net 0.7682 0.4275 0.7273 0.3303
RAL-CDNEet(E2E) | 0.7691 0.4261 0.7278 0.3384
RAL-CDNet 0.7722 0.4209 0.7310 0.3291

maximum sequence length settings for S; and 7. For simplicity,
we set the maximum sequence lengths of S;, and 7;, to be the same.
To analyze the impact of the maximum sequence length L on RAL-
CDNet’s performance, we conducted experiments with different
settings of L, and the results are shown in Fig. 4. We can observe
that as L increases, RAL-CDNet’s performance improves on both
Amazon datasets, indicating that the inclusion of more sequential
behaviors is beneficial. However, when L > 100, the performance
improvement becomes smaller, which may be due to the limited
number of user interactions, making it increasingly difficult to
introduce more sequential behaviors with larger L. Additionally,
across different L settings, RAL-CDNet generally outperforms RAL-
CDNet(Hard). It is worth noting that, to balance model training
cost and performance, the final value of L for RAL-CDNet and other
baseline methods is uniformly set to 50 for the experiments.

Impact of PLM Size. As mentioned earlier, we leverage a pre-
trained language model (PLM) to convert the intrinsic textual de-
scriptions of items into embedding representations for more effi-
cient cross-domain retrieval. However, different PLMs interpret
textual descriptions differently, leading to variations in embedding
representations. These, in turn, affect cross-domain retrieval per-
formance and ultimately influence the model’s performance. To
investigate the impact of different PLMs, we conducted experiments
using three PLMs of varying sizes, with the results presented in
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Figure 4: The impact of sequence length L on RAL-CDNet
performance in the Amazon dataset.

Table 4: The Impact of Different Sizes of PLM, where the best
results are marked in bold.

Dataset Amazon
Source — Target Book — Movie Book — CD
PLM AUCT Logloss| | AUCT Logloss|
BGE-Small (33M) | 0.7695 0.4249 0.7304 0.3361
BGE-Base (109M) | 0.7711 0.4305 0.7307 0.3352
BGE-M3 (568M) | 0.7717  0.4210 | 0.7310 0.3291

Table 4. We can observe that PLMs with larger parameter scales
perform better, which aligns with intuition. Larger PLMs generally
have a stronger ability to understand textual descriptions and thus
generate higher-quality embedding representations. Therefore, in
the actual experiment, we ultimately chose BGE-M3? as the PLM
for the cross-domain retrieval unit.

5.5 RQ4: Cross-Domain Retrieval Visualization

In this subsection, we demonstrate our method’s cross-domain re-
trieval capability and effectiveness through several case studies.
Specifically, we selected two cases from the Amazon dataset, corre-
sponding to the hard match retrieval and our CD-RU retrieval, to
briefly demonstrate the retrieval results, as shown in Fig. 5. As seen
in Case 1, hard match retrieval is performed based on the textual
description of the movie-domain item, "Action and Adventure," and
the related items retrieved in the book domain also all belong to
the "Action and Adventure" category. In contrast, since our CD-RU
retrieval is based on the embedding representation of the item’s
textual description, it can capture a broader range of related items.
Thus, in Case 2, we observe that items in the movie domain cat-
egorized as "Fantasy, Mystery, and Adventure" can retrieve the
"Science Fiction" book, which essentially represents items aligned
with the user’s similar preferences. Overall, these two cases validate
the effectiveness of our RAL-CDNet in cross-domain retrieval and
demonstrate that CD-RU retrieval can discover a broader range of
related items.

5.6 RQ5: Online Deployments

In this subsection, we report the online A/B testing results of our
RAL-CDNet on the WeChat advertising platform over four con-
secutive weeks. The results further verify the effectiveness of our
RAL-CDNet.

Zhttps://huggingface.co/BAAI/bge-m3
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Figure 5: Case study of cross-domain retrieval visualization,
where the source and target domains are the Amazon Book
and Movie datasets, respectively.

Lifelong user behaviors from the source domain are payment
behaviors collected through WeChat payments, and the target do-
main is advertising for some APP coupons during WeChat tele-
phone recharging. We utilize payment behaviors to enhance the
CTR prediction in coupon advertising. We collect user feedback
over the A/B test period to calculate CTR and CPM metrics. Gener-
ally, compared with the baseline, the improvements are significant,
with RAL-CDNet improving +5.34% in CTR and +7.67% in CPM.
Moreover, we also give the details of online relative improvement
ratios for four consecutive weeks in Fig. 6. It is easily concluded
that our RAL-CDNet improves both CTR and CPM consistently.

0.125
—— CTR 0.125 —— CPM

0.100 0.100
3 0.075 3
g 30.075
g 0.050 £ 0.050

0.025 0.025

0.000 0.000 * *

o 5 10 15 20 25 30 1] 5 10 15 20 25 30
Day Day

Figure 6: Online relative improvement ratios in consecutive
four weeks(Left is the CTR improvement, Right is the CPM
improvement).

6 Conclusion

In this paper, we investigate cross-domain lifelong behavior model-
ing to enhance CTR prediction. We propose a retrieval augmented
lifelong cross-domain net (RAL-CDNet) composed of three com-
ponents: a Cross-domain Retrieval Unit(CD-RU), a Cross-domain
Alignment Unit(CD-AU), and a Cross-net. The CD-RU adopts a
retrieval-augmented paradigm that utilizes textual CTR data to
bridge the source and target domains. The CD-AU introduces two
tasks to align embeddings across domains and explore the relation
across domains. Finally, cross-net fuses the information together to
give the prediction. Both online and offline experiments are con-
ducted to verify the effectiveness of our RAL-CDNet. As for future
work, we aim to introduce a large language model to optimize the
two stages jointly.
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A More Experimental Results
A.1 Efficiency Analysis

Inference latency and storage cost are critical concerns in real-world
recommendation systems. Hence, in this section, we analyze the
inference latency and the number of parameters of our proposed
method to validate its efficiency.

Regarding inference latency, the main challenge lies in comput-
ing textual embeddings using a pre-trained language model (PLM).
However, in our online deployment, we maintain a Redis table in-
cluding <user, behaviors> pairs, which will be updated with item
embedding in one day. We also filter the source behaviors not in
our target domain candidate items during the offline stage. As a
result, in the inference stage, we only retrieve the items according
to the similarity metric for the user. The overall inference time is
shown in Table 5, from which we can observe that the inference
latency of our RAL-CDNet is comparable to that of other models.

As for the number of parameters, the PLM is used in the CD-RU
module and is frozen for retrieval, thus introducing no additional
trainable parameters. As we only retrieve behaviors from the source
domain, the increase of parameters in the embedding layer depends
on the number of retrieved behaviors compared with a single do-
main, which is the same in the cross-domain setting. Then, CD-AU
only introduces an MLP, and Cross-Net is a typical cross-domain
sequential CTR prediction network. The comparison of parameter
counts is also reported in Table 5.

Table 5: Inference time and number of parameters statistics.

Dataset Amazon
Source — Target Book — CD
Models Inference Time (s) | Number of Parameters
SIM(Soft) 0.0114 9,517,957
CoNet 0.0087 16,060,338
MiNet 0.0110 16,640,098
LCN 0.0162 16,151,435
RAL-CDNet 0.0142 16,461,074
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Table 6: Sensitivity analysis of PLM similarity threshold 0,
where the best results are marked in bold.

Dataset Amazon
Source — Target Book — CD
0 AVG Length of Retrieved Sequence | AUCT | Logloss]
0.8 3.84 0.7273 0.3506
0.7 12.32 0.7310 | 0.3357
0.6 25.53 0.7298 0.3387
0.5 26.71 0.7281 0.3393

A.2 Parameter Sensitivity Analysis

The similarity threshold 0 is an important hyper-parameter in our
method. Here, we conduct a sensitivity analysis of § on one dataset
from Amazon, and the results are shown in Table 6.

It can be observed that the smaller the value of 6, the longer the
retrieved item sequence becomes, but more noisy items are also
introduced. Conversely, the larger the value of 0, the shorter the
retrieved sequence is, resulting in less informative content. Thus,
we use 0 = 0.7 as the best similarity threshold for retrieval in the
CD target domain. In future work, we may consider treating 6 as a
learnable parameter to further explore ways to balance complexity
and performance.
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