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1 PRE-TRAINED RECOMMENDER SYSTEMS

Recent studies on pre-trained vision/language models such as BERT [6] and GPT [26] have demonstrated the benefit of
a promising solution-building paradigm where models can be pre-trained on broad data describing a generic task space
and then adapted successfully to solve a wide range of downstream tasks, even when training data of downstream task
is limited. Inspired by such progress, we investigate the possibilities and challenges of adapting such a paradigm to
the context of recommender systems, and propose a causal recommender model named PREREC. It captures generic
interaction patterns by training on diverse user-item interaction data extracted from different domains, which can then
be fast adapted to improve zero- and few-shot learning performance in unseen new domains (with no or limited data).

The key to learning a generalizable model lies in capturing knowledge grounded on a universal feature space. To
bridge domain discrepancies, ZESRec [7] first proposed to use generic item textual description to produce the item
universal embedding, while the user universal embedding is computed via a sequential model that aggregates item
universal embeddings for items in the user history. Despite the promising results, ZESRec limits itself to pre-training
on a single source domain and inference on a single target domain. As a follow-up work, UniSRec [12] further extends
support for multi-domain pre-training and evaluate the pre-trained model on multiple target domains. However, UniSRec
fails to consider the bias either within each domain or across domains during pre-training, while both may lead to drift
in user interests, item properties, and user behavioral patterns.

In this work, we aim to design an universally generalizable recommender that can be pre-trained on multiple source
domains and fine-tuned on different target domains. We start by identifying two types of bias: In-domain bias considers
noises taking effects within each domain, and one example is the popularity bias that affects not only the item exposure
rate, but also the user behavioral pattern due to users tend to follow the majority and interact with trending items.
Cross-domain bias considers noises introduced by the unique domain properties. For instance, each domain has

distinctive user community, which causes the shift in user interests across different domains.
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perparameters related to distribu- Fig. 2. The neural network implementation for our PREREc. Analogous to Fig. 2, fggrr is
tion variance of variables U;, V; implemented as a multilingual language model, fseq is implemented as a transformer decoder,
Dy, Zj, which are omitted from the and fpop is implemented as a linear layer with activation.

graph for simplicity.
Fig. 2 illustrates the implementation from a neural network perspective. Fig. 1 shows our graphical model, specifically:
e Variable Dy, € R represents the (latent) properties of domain k such as the user community. B is the embedding
hidden dimension. We identify Dy as a confounder as it affects user U;, item Vj, and interactions R; jy.
e Variables U; € RB and H; € RNu*B represent interests of user i and user i’s interaction history in domain k, and
Ny, represents the number of items in the history of user i.
e Variable F; € RC represents the popularity factors of item j in domain k, including two prominent factors: (1)
number of recent interactions of item j, (2) numbers of recent interactions of all items in domain k.
e Variables X, Z; € RB, and V j € RB are item j’s description, popularity representation, and overall properties.
We identify Z; as a confounder affecting both item V; and interactions R; . (See Appendix E for computing Z;.)
e Variable R; . € {0, 1} is the interaction label denoting whether user i has interacted with item j in domain k.
Pre-training. For the pre-training stage of PREREC, we assume the user-item interactions R; jx and item textual
description X; are observed for each domain, while the popularity factors F; and user history H; can be directly
derived from the interaction R;jx. With hyperparameters Ay, Ay, A, and A, and given the graphical model in Fig. 1, the

maximum a posteriori (MAP) estimation on latent variables (U;, V;, Dy, Z;) can be decomposed as following:
P(U;, V}, Dy Zj IRy e Hi, X5,y A Aoy A, Az) o
P(R;jx[Ui, V. Dy, Zj) - P(Ui|Hi, Dy, A) - P(V|X, Dy, Zj, A) - P(Z|F}, A7) - P(D|Aq). ¢Y)
We define the conditional probability over the observed interactions as:
P(Ryjk[U. V. D Z)) = frofimax(U] Vj + De W + Z;Wo). (2)
We assume Gaussian distributions on all latent variables in Fig. 1, i.e., U;, Vj, Dy, and Z, as follows:
P(U;i|Hy, Dy, M) = N (Us; freq(Dy. Hi), A, 1g)s P(VjIXj, D, Zj, Ao) = N (Vs fitem(Dy. Zj, fo(X)). A5 ')

P(Zj|F}. 12) = N(Zj: fpop(F)). A7 'Ig): P(Dg[Ag) = N (D0, 27 1), (3

where N (x; u, A7) denotes the probability density function (PDF) of a Gaussian distribution with mean p and

diagonal covariance A~ 1Ip for the variable x; f;(-) and fpop(+) are the learnable encoding functions for item embedding

V; and popularity embedding Zj, respectively. In our work, we adopt multi-layer perceptron (MLP) for fe(-) and fpop ().
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Maximizing the posterior probability is equivalent to minimizing the negative log likelihood (NLL) of Eqn. 1:

Ks Ik Jk K
ZZZRuklogmoﬁm(U Vi +DWy +Z,W,)) + 5 an] FropENIP + %> Dy
k=1 i=1 j=1 Jj= k=1
Ks ]k Ks Ik
Ay Ay
+5 IV} =~ oD Z)IIP + & 11Ui = fieq(Dg HII%, @
k=1 j=1 k=1 i=1

where Wy € RE, W, € RB are learnable weights. K denotes a set of source domains; for each domain k, we have I
users and Jj. items.

Causal Zero-shot Recommendation. Given the pre-trained model, we enforce intervention on U;, V; and Z;
by performing the do-calculus [27] to eliminate the cross-domain bias while incorporate the in-domain bias in the
target domain, as shown in Fig. 1. Specifically, we do not assume any domain properties and thus the posterior of Dy
collapses to the prior 0; the popularity factors F; are based on data statistics which can be derived on the fly in an online
environment. Therefore, we compute U; = fieq(Dy = 0,H;) and V; = fo(Dg = 0,Z; = fpop(F;), fperT(X;)). Here we set
Dy = 0 for U; and V. This serves as an approximation to the output expectation over the distribution of Dy, as input,
and we found this approach achieved similar performance in practice. Following the back-door formula [27] we have:

exp(UTV;+Z,; W) exp(Di W)
Y exp(Ul V;+Z; W) exp(DeWq)

P(R;ji|do(U;, V}, Zj))) = /fsoﬁmax(UiTVj +DWy +Z;jW,)P(Dy)dDy =

exp(U Vi+Z;W;)
= WP(DICMD]C = fsoftmax(U Vi+Z;jWy). (5)

P(Dg)dDy

Note that for fofimax() we only consider items in the same domain.

Fine-tuning. Once the interaction data in the target domain is available, we can then fine-tune all the parameters
of PREREC end-to-end in this new domain. During fine-tuning, we optimize Eqn. 4 on the target domain data and
re-estimate all latent variables along with corresponding encoding functions as stated in Eqn. 2 and Eqn. 3.

For inference after fine-tuning, With the re-estimated latent vectors (Bk, 7Z > v s Gi) and all learnable parameters
inside foofimax(), ie., Wd and W, we then perform causal inference by intervening on the domain bias (Dy.), popularity

bias (Zj), item properties (V), and user interests (U;):
P(Ryjic|d0(U. V. Dk, Z1) = frofimar(U} Vj + DWq +Z;Wo). ®)

2 EXPERIMENTS

In this section, we introduce the zero-shot performance in Sec. 2.1, the fine-tuning performance in Sec. 2.2. We pre-train
PREREC on three source domains (“India”, “Spain”, and “Canada” in the XMarket dataset [2]) and then perform zero-shot

» e

and finetuning evaluation against baselines on five target domains (“Australia”, “Mexico”, “Germany”, “Japan” in the
XMarket dataset as Cross-Market and the Online Retail dataset as Cross-Platform) respectively. With the proposed
metrics, the average performance over target domains is meaningful as the task difficulties are on the same level. Due to
the page limitation, we put sections Datasets, Baselines, and Evaluation Metrics into Appendix C. Our code is available

at https://github.com/myhakureimu/PreRec.

2.1 Zero-shot Experiments

The zero-shot performance comparison between varied methods is shown in Fig. 3. Among the non-learnable models,
SBERT [28] (Inner product between the last interacted item embedding and all item embeddings. Item embeddings
3
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Table 1. Zero-shot performance comparison of different methods. K%= 0.04% for Cross-Market and K%= 0.5% for Cross-Platform.
We mark the best results with bold face and the second best results with underline. Please refer to Appendix C.3 for definitions of
Recall@K% and rr-NDCG@K%. These metrics are specifically designed to measure the average performance of multiple domains.

Scenario Dataset Metric Test Type Random POP SBERT ZESRec UniSRec PreRec,, PREREC

Recall@K% all 0.0004 0.0450 0.0552 0.0431 0.0404 0.0583 0.1036

Australia unseen  0.0004 0.0127 0.0619 0.0472 0.0452 0.0655 0.0756
r-NDCG@K% all 0.0002 0.0261 0.0380 0.0287 0.0281 0.0396 0.0656

unseen  0.0002 0.0063 0.0420 0.0323 0.0316 0.0438 0.0476

Recall@K% all 0.0004 0.0695 0.1509 0.1397 0.1521 0.1645 0.2316

Mexico unseen  0.0004 0.0248 0.1403 0.1157 0.1386 0.1487 0.1469

Cross r-NDCG@K% all 0.0002 0.0388 0.1095 0.0961 0.1134 0.1178 0.1557
-Market unseen  0.0002 0.0111 0.1009 0.0748 0.1000 0.1027 0.1017
Recall@K% all 0.0004 0.1514 0.2737 0.2639 0.2703  0.2827 0.3526

Germany unseen  0.0004 0.1016 0.2528 0.2295 0.2430 0.2506 0.2750
-NDCG@K% all 0.0002 0.0936 0.2103 0.1886 0.2100 0.2103 0.2576

unseen  0.0002 0.0559 0.1910 0.1703 0.1852 0.1923 0.1954

Recall@K% all 0.0004 0.0657 0.2926 0.2259 0.2579 0.2817 0.3083

Japan unseen  0.0004 0.0556 0.2737 0.2152 0.2662 0.2730 0.2741
r-NDCG@K% all 0.0002 0.0376 0.2016 0.1514 0.1776 0.1929 0.2033

unseen  0.0002 0.0325 0.2061 0.1545 0.1967 0.1949 0.1980

Cross Online  Recall@K% all/unseen 0.0050 0.0672 0.1383 0.0564 0.1147 0.1397 0.1794
-Platform  Retail r-NDCG@K% all/unseen 0.0025 0.0362 0.0848 0.0316 0.0698 0.0841 0.1065

are encoded based on item descriptions) outperforms Random and POP since it leverages additional item descriptions.
Importantly, SBERT achieves comparable performance with the learnable models, ZESRec [7], UniSRec [12], and
PreRecy, which shows that without a proper pre-training strategy dealing with variance and bias in the pre-training
data, the pre-training stage may not bring large performance gain. Among the learnable zero-shot models, UnisRec
slightly outperforms ZESRec because it includes additional contrastive training objectives. Our PREREC significantly
outperforms all baselines by a large margin in most cases, thanks to the causal mechanism for debiasing.

The improvement on unseen items is relatively lower than the overall improvement. With additional data analysis,
we discovered that unseen items are usually unpopular items in target domains; this is also why POP’s performance on
“unseen” items is worse than that in “all” items.

Ablation Study on Causal Mechanism To demonstrate the benefit of the causal model in Fig. 1, we denote PreRecy,
as a vanilla version of the graphical model in Fig. 1. PreRec,, does not consider in-domain and cross-domain bias, i.e.,

without nodes Dy and Zj.. Table 1 shows that in almost all cases PREREC outperforms PreRecy, by a substantial margin.

2.2 Fine-tuning Experiments

Fig 3 in Appendix A.2 shows the results of incremental fine-tuning. Among all target domains, PREREC consistently
outperforms all baselines, with the performance steadily improving as the number of target domain training samples
increases, showing PREREC is progressively adapting to the target domain; the performance gap between PREREC and
the baselines is gradually shrinking, suggesting diminishing complementary value of the distilled knowledge during
pre-training. It is worth noting that the performance gap between PREREC and the baselines is still prominent even
when there are as many as 10* target domain training samples, which are equivalent to several weeks or even months
of effort in collecting data. Additionally, We put numerical results of full fine-tuning in the Appendix A.1.
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Scenario Dataset Metric Random POP SBERT GRU4Rec* SASRec* UniSRec PREREC

Recall@K%  0.0004 0.0450 0.0552  0.0546 0.0735  0.0600 0.1130
r-NDCG@K% 0.0002 0.0261 0.0380  0.0349 0.0495 0.0416 0.0715

Recall@K%  0.0004 0.0695 0.1509  0.2315 0.2475  0.2478 0.2646
r-NDCG@K% 0.0002 0.0388 0.1095  0.1683 0.1813  0.1832 0.1825

Australia

Cross Mexico

-Market
German Recall@K% 0.0004 0.1514 0.2737 0.3344 0.3428 0.3235 0.3935
Y NDCG@K% 0.0002 0.0936 0.2103  0.2653  0.2726 0.2697 0.2964
Japan Recall@K% 0.0004 0.0657 0.2926 0.3428 0.3645 0.3587 0.3813

r-NDCG@K% 0.0002 0.0376 0.2016  0.2475 0.2554 0.2549 0.2601

Cross Online  Recall@K%  0.0050 0.0672 0.1383  0.2524 0.2728  0.2513 0.2992
-Platform  Retail r-NDCG@K% 0.0025 0.0362 0.0848  0.1545 0.1665 0.1589 0.1769

Table 2. Full fine-tuning results of different models. K%= 0.04% for Cross-Market and K%= 0.5% for Cross-Platform. The notation *
indicates the model is trained from scratch. We mark the best results with bold face and the second best results with underline.
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Fig. 3. The solid line indicates the model is pre-trained while the dashed line indicates the model is trained from scratch. The last
point for each line corresponds to the full fine-tuning with all available training data in the target domain.

A.1  Full Fine-tuning Experiments

Table 2 shows the full fine-tuning performance of different methods. All in-domain models (GRU4Rec and SASRec)
achieve better performance than SBERT, which is the best non-learnable zero-shot model, due to training on the target
domain data. The pre-trained model UniSRec achieves performance similar to the in-domain models’, showing that
UniSRec brings no additional gain from pre-training on other domains if there is sufficient data in target domains.
PRrREREC outperforms all baselines on almost all cases under both cross-market and cross-platform scenarios by a large
margin after fine-tuning, demonstrating that: (1) PREREC distills ample generic knowledge in the pre-training stage,
and it still has complementary value even after fine-tuning on target domain data; (2) PREREC is capable of rapidly
adapting to the new domain without forgetting the distilled knowledge during pre-training (i.e., robust to catastrophic

forgetting).

A.2 Incremental Fine-tuning Experiments

Fig 3 shows the incremental fine-tuning results as described in Sec. 2.2.
7
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B RELATED WORK

In-domain Recommendation There is a rich literature on in-domain recommendation, i.e., training and testing
the recommender systems on the same domain. Collaborative filtering methods such as PMF [25] and BPR [29]
are first proposed to approach this problem. Later the deep learning methods such as GRU [4], Transformer [30]
and Graph Neural Network [37] were proposed and demonstrated superiority on a variety of tasks, works such as
GRU4Rec [11], SAS4Rec [14] and KGAT [33] adopt these latest neural network architectures and achieve great success
in the recommendation regime. These methods assume only rating/interaction data is available without any content
information (e.g., text description for items). Such an assumption precluded their direct application to pretraining-based
recommenders. A new line of deep learning recommenders, pioneered by collaborative deep learning (CDL) [32] and its
variants [19, 31], seamlessly incoporate content information into deep recommenders, thereby opening up the possibility
of pretraining-based recommenders and significantly allevating cold-start problems in recommender systems.

Cross-domain Recommendation. Beyond in-domain recommendation, there are other works that utilize data from
source domains to boost recommendation performance in target domains with either common users or common items [1,
10, 16, 20, 22, 36, 38, 46]. Another line of work, usually referred to as Dual-Target Cross-Domain Recommendation, tries
to improve performance of both source and target domains [13, 17, 21, 42] (A more comprehensive survey of cross-
domain recommender systems can be found in [45]). Note that these aforementioned cross-domain recommendation
methods are fundamentally different from pre-trained recommendation. The former’s training phase involves data
from both the source and target domains; in contrast, the training phase of pre-trained recommendation uses data only
from the source domain.

Bias in Recommendation While recommender systems are analyzed through in-domain and cross-domain per-
spectives, there is also an emphasis on understanding them through the lens of bias [3]. Within a single domain, the
topic of item popularity debiasing has garnered significant attention. Studies such as [24, 40, 43] have demonstrated
that addressing item popularity bias can enhance recommendation quality. In the broader context of cross-domain
bias mitigation, some researchers have made noteworthy contributions. For instance, [18] has adapted traditional
Inverse-Propensity-Score (IPS) methodologies to fit cross-domain contexts, while [8] employs invariant representations
to reduce the impact of spurious correlations. However, the method to effectively leverage item popularity knowledge
from pre-training domains to new domains remains an open question.

Causality in Recommendation Closely related to debiasing, studies have also incorporated causality into recom-
mender systems. [34, 35] explore the extraction of invariant user-item embeddings across varying scenarios, aiming to
minimize the influence of potentially misleading features. Both [41] and [44] integrate the influence of popularity into
their causal analyses within a specific domain. Nonetheless, the application of causality on a broader scale, specifically
within pre-trained recommender systems, remains largely unexplored.

Difference between Pre-trained and Traditional Recommender System Traditional recommendation ap-
proaches, including collaborative filtering-based methods [25, 32] and session-based methods [11, 14, 23], typically
learn item embeddings indexed by domain-specific item IDs (also known as item ID embeddings) through interaction
data. Such item ID embeddings are transductive and are not generalizable to unseen items, which causes the in-domain
item cold-start issue and also becomes a blocker for transferring knowledge from one domain to another. Of course, we
can infer the embedding of the unseen item based on its metadata, however different domains are likely to possess

different sets of item metadata. For example, the item metadata in domain m is {director, actor} while in domain n is
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Pre-train Zero-shot/Fine-tune
India Spain Canada Australia Mexico Germany Japan Online Retail
Laguage English Spain English English Spain English Japanese  English
#Items 45893 39675 99376 42094 43095 70527 22591 4223
#Users 507581 400883 992366 86975 249229 997555 277570 24446
#Inters 748607 708103 1971956 213086 483660 1840912 465746 540455
#Unseen / / / 14525 32477 60637 12831 516009
Table 3. Dataset statistics for different domains of XMarket and Online Retail. Language indicates the default language used on
Online Retail and the Amazon website for that domain (country). #Inters is the number of interactions, #Unseen is the number of

Data

target-domain samples that are non-overlapping with source domains.

{genre, rating), the knowledge that the model learned based on item metadata in domain m can never be transferred to
domain n and vice versa.

Usage of Large Language Model in Recommender System Several studies, such as [5, 9, 39], utilize Large
Language Models (LLMs) for recommender systems. These works leverage LLMs for a variety of downstream tasks by
developing customized prompts. Recently, works such as [7, 12] shed light on the path of pre-trained recommender
systems, which capture generic knowledge grounded on the common feature space during pre-training. However, in
contrast to our model PREREC, these approaches neglect to take into account the potential variance or bias present

within the expansive multi-domain data.

C DATASETS, BASELINES, EVALUATION METRICS, AND IMPLEMENTATION DETAILS
C.1 Dataset Processing and Statistics

We consider two datasets: (1) XMarket dataset! [2], which is a large-scale real-world dataset covering 18 local markets
(countries) on 16 different product categories; and (2) Online Retail?, which contains data collected from a UK-based
online retail platform. To ensure a sufficient number of non-overlapping users/items to evaluate zero-shot and fine-tuning
performance rigorously while guaranteeing enough user-item interactions for training and evaluation, we set “India’,
‘Spain’, “Canada” in the XMarket dataset as the pre-trained datasets, set “Australia”, “Mexico”, “Germany”, “Japan” in
the XMarket dataset as the cross-market datasets, and choose the online retail dataset as the cross-platform dataset.
For the experiment, we pre-train PREREC on the pre-trained datasets and evaluate on both cross-market datasets and
cross-platform dataset.

Domain and Dataset Split. For each domain/dataset, we randomly split users into training/validation/test sets
with the ratio of 4:3:3. The test splits of target domains are used for evaluation under both the zero-shot setting and the
fine-tuning setting. Furthermore, to evaluate the zero-shot performance rigorously, we further filter out the overlapping
users and items from the test splits; we name the remaining split unseen test set. See the Appendix for the dataset

statistics of each target domain.

C.2 Baselines
We consider the following methods during evaluation:
e Random: Recommend items by random selection from the whole item catalogue without replacement.

e POP: Recommend items based on the items’ popularity in the last stage (i.e., the last 15 days in our experiments).

Lhttps://xmrec.github.io/
https://www.kaggle.com/datasets/carriel/ecommerce-data
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e SBERT: Apply the pre-trained SBERT [28] on the item’s description and generate the textual embedding as the
item embedding, use the item embedding of the last interacted item in the user sequence as the user embedding,
and recommend the next item to the user based on the inner product between the user embedding and the item
embedding.

e GRU4Rec [11]: Use GRU to model the user interaction sequence for session-based recommendation. For fair
comparison, we use the SBERT embedding generated from item’s description as the input item representation.

o SASRec [14]: A self-attention based sequential model for session-based recommendation. For fair comparison, we
use the SBERT embedding generated from item’s description as the input item representation.

o ZESRec [7]: A flexible sequential framework that can be pre-trained on a source domain and directly applied to a
target domain. It generates the universal item embedding via pre-trained language models (in our experiments
we adopt SBERT) and generates universal user embeddings by aggregating universal item embeddings in the user
sequence. In the experiments, we employ the GRU variant of ZESRec.

e UniSRec [12]: A follow-up work of ZESRec which further enables pre-training on multiple source domains.
It adopts a self-attention based sequential model, equipping it with a MoE-enhanced Adaptor and additional
contrastive training objectives, to assist with domain fusion and improve performance. As [12] claims, UniSRec is a
state-of-the-art cross-domain model.

e PreRecy: A simplified version of PREREC without the causal debiasing mechanism; in other words it does not take

the cross-domain bias and the in-domain bias into the consideration during pre-training.

C.3 Evaluation Metrics

We use Recall@K% and our proposed r-NDCG@K% to evaluate model performance. For pre-training on multiple source
domains, it is not ideal to use average Recall@K or NDCG@K to measure the performance and to do early-stop; this is
because different domains have different numbers of items, and domains with fewer items tend to have larger NDCG@K
or Recall @K, consequently dominating the evaluation. We therefore use Recall@K% and our proposed -NDCG@K%
(‘r’ stands for ‘revised’) to do early-stop and model evaluation. Denoting the number of items in a domain as N, with
the next interacted item as the single target, -NDCG@K% is defined as follows (note that there is no summation in the

metrics because there is only a single target):

r-DCG = 1/log(a + W), (7)
r-iDCG = 1/log(a+ 241 = 1/log(a), ®)
_NDCG = BRCG _ log(a) )
r ~ 1-iDCG — bx(rank-1) . *
log(a+——F—)

Here a and b are hyperparameters. Note that r-NDCG becomes the commonly used NDCG if a = 2 and b = N. In our
experiments, we set a = 2 and b = 15000. Meanwhile, we use @K% instead of @K, with @K% indicating that only the
top K% recommended items will contribute to the Recall@K% and r-NDCG@K%. Empirically, we set K%=0.04% for
the cross-market scenario and set K%=0.5% for the cross-platform scenario. We use the average r-NDCG@K% on the

validation set to early-stop training; we use both r-NDCG@K% and Recall@K% on the test set to evaluate a model.
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D THE CHOICE OF K% IN R-NDCG @K% AND RECALL@K%

We choose K% = 0.04% due to under the number of samples N from Table 3 we have 10 < N X K% < 50. This provides
the results between NDCG@10 and NDCG@50, which aligns with common evaluation setting including NDCG@10,
NDCG@20, or NDCG@50. For the same reason, when evaluating Cross-Platform, we choose K% = 0.5%.

D.1 Implementation Details

Here we note down the details for model implementations and the training process.

Models. All methods except Random and POP use Sentence-BERT [28] to extract item BERT embeddings. For a fair
comparison, all methods use 256-dimensional item embeddings and user embeddings; for sequential models based on
GRU, the number of layers of GRU is set to 2; for self-attention based sequential models, the number of multi-head
attention layers is set to 2.

Training. We use Adam [15] for both pre-training and fine-tuning with the learning rate of 0.0003. L2 regularization
is implemented with weight decay in PyTorch’s Adam. We use the average r-NDCG@XK% on the validation set to
early-stop pre-training, after which the pre-trained model is used for fine-tuning on each target domain. See the
Appendix for more details. Evaluation Setup. During evaluation, we simulate an online environment where models
can only access the target domain data during inference, and all the models are evaluated on the test set of the target
domain. Besides measuring performance on the whole test set, we also separately measure performance on the unseen
test set (see Sec. C.1). We utilize Recall@K% and r-NDCG@K% as evaluation metrics since they are less sensitive to
differences in task difficulty across different domains. This is to ensure that performance for different domains is directly
comparable, which is reflected by the consistent performance of the Random model across four target domains within
the XMarket dataset (Recall@K% and r-NDCG@K% are constantly 0.004 and 0.002, respectively). The baselines can be
broadly categorized into (1) non-learnable zero-shot models: Random, POP, SBERT, and (2) learnable zero-shot

models: ZESRec, UnisRec, PreRec,. Table 1 shows the zero-shot performance of different models.

E THE DESIGN RATIONALE OF COMPUTING POPULARITY PROPERTIES

To calculate the popularity score in a domain k, assuming a set of items Ji, and the number of interactions of an item j
in time slot T is c]T. Naively, one could compute popularity factors F; via the following two options:
e Method A: Directly using log cJT or cjr as the popularity factors F; for item j at time interval T.
e Method B: Computing the percentage of the traffic volume, i.e., using C;/Zie]k cl.T or (CJT/Zie]k cl.T)P as the
popularity factors F; for item j at time interval ¢, where p is a pre-defined scalar.
However, these two methods are not transferable across multiple domains:
e For Method A, assuming domain m has more interactions than domain n and both domains have the same
number of items. In this case, even though item j in domain m has more interactions than item i in domain n, it
does not mean that item j in domain m is more popular than item i in domain n.
e For Method B, assuming domain m has more items than domain n. In this case, even if item j in domain m has
the same percentage of traffic volume (e.g. 5%) as item i in domain n, item j may still be more popular in domain
m than item i in domain n.
To address the abovementioned issue, we design a method inspired by the half Gaussian distribution. Assuming in

any domain, the number of interactions of each item follows a half Gaussian distribution. The popularity factor F; of

11
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Fig. 4. The illustration of how popularity score works. The first column shows different domains have different traffic volumes and
the second column shows occupation is not comparable among different domains since different domains have different numbers of
available items. The third and fourth columns show the distribution of the first and the second dimension of the popularity factor F
in each domain, which is a normalized frequency proposed in this paper, and shown to be more comparable among different domains.
After pertaining, the popularity factor F is further mapped to the popularity score. As shown in the last column, the popularity score
is comparable among zero-shot domains, indicating the generalizability of our proposed method for popularity.

item j can be measured as:

o1, | Zieg ()P
p =2 w

where the popularity factor F; is transferable from domain to domain.

We check the distribution over the number of interactions of items for each real-world dataset and discover that they
may not precisely follow the half-Gaussian distribution. Therefore, we propose to consider different orders of norms for
the denominator in Eqn. 10 and compute a set of popularity factors as F:

T T

el
J— J J

Fj=[+F . ..
1 %

1.

i<l
SN

where sT is a normalization term calculated as:

1
IO RGN
Jek
with varied k as the popularity property, and use a trainable neural network to get the popularity score. The final w
ranges from 1 to 4, i.e., the popularity property factors F; is a 4-dimension vector. Fig. 4 illustrates how the popularity

score works on four zero-shot domains.
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hyperparameter candidate value

learning rate 0.00003, 0.0003, 0.003, 0.03
batch size 32, 64, 128, 256, 512

# of negtive samples 64, 128, 256, 512

# of gru layers 1,2,3,4,6,8,12

# of attention layers 1,2,3,4,6,8,12

# of attention heads 1,2,3,4,6,8,12

# of embedding dimensions
for user/item
domain bias regularization 0.03, 0.3, 3, 30, 300
item bias regularization 100

64, 128, 256, 512, 1024

Table 4. The hyperparameter tuning setting. The selected ones are marked in bold face.

F ADDITIONAL TRAINING DETAILS

We use one Tesla V100 GPU for training the model. The pre-training phase takes around 25 minutes per epoch, and the
maximum number of training epochs is 30.

For contrastive learning, UniSRec uses in-batch negative. Thus, the negative items are from all domains. PReREc
adopts a more complex implementation, sampling negative items randomly and uniformly from the same domain as
the positive item.

For hyperparameter tuning, we consider candidates as shown in Table 4.
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