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Abstract. Offline store recommendations have emerged as a powerful tool in the mall 
industry for enhancing the customer experience and boosting mall revenue. Existing 
research focuses on mining behavioral patterns but largely overlooks the underlying psy
chological mechanisms that drive store choice behaviors. To bridge this gap, our study is a 
pioneering work that incorporates demand satiation to enhance offline store recommenda
tions. Informed by optimum stimulation level (OSL) theory, we propose a novel dynamic 
demand satiation model (DDSM) featuring two adaptive components: (1) the satiation decay 
component takes an exponential form to capture the decay of satiation over time, and (2) the 
intention adaptation component utilizes deep recurrent neural networks to account for 
diverse shopping intentions. Using a real-world offline shopping data set, we empirically 
demonstrate and analyze the superior performance of our method over several classic and 
state-of-the-art methods. Additionally, we conduct an interpretability analysis to gain 
insights into the model’s recommendation mechanism. We also explore the role of demand 
satiation in enhancing the offline shopping experience through a user study.
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1. Introduction
Experiential retail emerged as a significant trend at the 2023 International Council of Shopping Centers confer
ence, highlighting the growing importance of providing interactive and personalized shopping experiences in 
brick-and-mortar stores.1 In line with this trend, mall practitioners are embracing cutting-edge technologies such 
as AI-powered recommender systems to offer tailored suggestions and enhance the offline shopping experience. 
For example, Mall of America (MOA), the largest shopping and entertainment complex in North America, 
recently launched an MOA Insiders program, which leverages offline shopping data to understand customer 
preferences and provide real-time personalized recommendations.2 This leads to an upgraded shopping experi
ence and ultimately translates into increased sales and profits (e.g., 208% surge in transactions per visit). Another 
notable example is AI-powered mall robots by Cheetah Mobile, which have been deployed in 962 shopping malls 
across 33 cities in China.3 Combining voice technology, facial recognition, and an embedded indoor navigation 
system, mall robots can actively interact with customers and intelligently recommend stores, brands, and cou
pons, demonstrating significant success in attracting foot traffic, boosting coupon redemption rates, and increas
ing sales and revenue. Therefore, recommender systems have emerged as a powerful tool for enhancing the 
customer experience and boosting mall revenue.

1 
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The goal of offline store recommendations is to predict customers’ next store visit based on their previous 
shopping sequence (i.e., the sequence of visited stores). Existing studies generally employ heuristics (e.g., 
neighborhood-based collaborative filtering) to generate store recommendations, assuming that customers with 
similar shopping behaviors have similar preferences (Li et al. 2017, Ghose et al. 2019, Zeng et al. 2021). Although 
these heuristic methods are simple and easy to interpret, they fail to capture intricate sequential dependencies. 
Session-based recommendation (SBR) methods offer a powerful tool for mining sequential dependencies and 
have demonstrated great success in online recommendations. For instance, latent factor models (e.g., Kabbur et al. 
2013) effectively capture short-term, linear sequential patterns, whereas deep sequential models (e.g., Kang and 
McAuley 2018) excel at capturing long-term, nonlinear sequential dependencies. However, despite their 
enhanced representational power, existing SBR methods generally overlook the intrinsic psychological mecha
nisms that underlie behavioral outcomes.

Psychology-informed recommender systems, which leverage psychological theories to guide the development of 
recommendation algorithms, demonstrate advantages in recommendation accuracy and interpretability (Wei et al. 
2023). In this vein, a critical yet understudied phenomenon is demand satiation, which drives the dynamic evolution 
of demands during a shopping trip. Satiation refers to a decline in enjoyment resulting from repeated exposure to 
stimuli, such as food consumption or engagement in activities (Sevilla et al. 2019). In offline shopping, customers typi
cally have multiple demands during a trip, each of which can be fulfilled by visiting specific stores (Arentze et al. 
2005). As customers visit several stores related to a particular demand, the pleasure derived from each visit 
diminishes, indicating a gradual satiation of that demand. Consequently, customers shift their focus to unsatiated 
demands. This process, termed demand satiation, describes how demands are gradually satiated by visiting relevant 
stores, with the unsatiated part leading to subsequent store choice behaviors. Therefore, uncovering the mechanism 
of demand satiation is crucial for capturing demand evolution and predicting store choice behaviors.

Theoretically, the optimum stimulation level (OSL) theory offers a solid theoretical framework for explaining 
the mechanism of demand satiation. The core notion of OSL theory is that a customer’s satiation status on a par
ticular demand depends on the discrepancy between that customer’s OSL and actual stimulation level (ASL) 
achieved by visiting relevant stores (Steenkamp and Baumgartner 1992). Imagine, as illustrated in Figure 1, that 
a female customer has visited three stores, including one restaurant (Subway) and, subsequently, two fashion 
stores (Theory and Maje). As shown, the customer’s OSLs for the demands of food, fashion, and electronics are 
eight, five, and three units, respectively. The OSL for food was satiated by the restaurant (Subway), so similar 
restaurant recommendations such as Pizza Hut would be redundant. In contrast, the OSL for the fashion demand 
was not fully satiated by the first fashion store (Theory), which prompted the customer to visit other fashion 
stores (e.g., Maje) to accumulate the corresponding ASL. The discrepancy between the OSL and ASL determines 
whether it is desirable to recommend another fashion store (e.g., Sandro) to satisfy the fashion demand. If the 
two demands for food and fashion have been satiated, recommending the Apple Experience Shop would be a 
better option to enhance exploration. Therefore, to provide accurate and timely store recommendations, it is nec
essary to dynamically capture the discrepancy between the OSL and ASL across demands; this motivates us to 
design a novel psychology-informed recommendation approach that captures the mechanism of demand 
satiation.

Figure 1. (Color online) Illustration of Demand Satiation Based on OSL Theory Using a Shopping Example 
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However, developing such a psychology-informed recommendation approach faces three methodological 
challenges. First, the OSL differs across demands and customer groups (Raju 1980, van Trijp et al. 1996). For 
example, females tend to exhibit a stronger desire to buy clothes than to explore electronics, whereas males may 
have the opposite preference (Underhill 2008). The latent and unobservable nature of demands and customer 
groups further amplifies the complexity of estimating OSLs based on shopping data. Second, customers obtain 
varying ASLs when visiting different stores. Even for the same store, the obtained ASLs may vary depending on 
customers’ shopping intentions. For instance, a fashion store may provide differing ASLs for customers with a 
strong intention to buy clothes compared with those just hedonic browsing. Moreover, the ASL obtained from a 
store visit can decay over time. A typical example is that a customer who has been fully satiated by a restaurant 
visit may feel hungry again after a period, known as the effect of satiation decay (Baucells and Sarin 2007). Hence, 
it is quite challenging to accurately estimate the ASL obtained from a store visit during a shopping trip. Third, 
even if the current demand has been identified based on the discrepancy between the OSL and ASL, deciding 
which store to recommend is still a nontrivial task. Besides matching the current demand, other factors (such as 
physical distance) that affect shopping convenience should also be considered.

To address the methodological challenges, we propose a novel psychology-informed deep probabilistic 
approach called the dynamic demand satiation model (DDSM). As illustrated in Figure 2, our proposed model 
encompasses two probabilistic generative processes. The demand satiation process, designed to address the first 
two challenges, introduces a new framework rooted in OSL theory. The framework vividly captures the discrep
ancy between the OSL and ASL to determine the probability of generating a demand. We further refine the 
framework by integrating two innovative adaptive components (i.e., the satiation decay and intention adaptation 
components) to flexibly adjust the ASL obtained from a store visit. The store choice process, designed to tackle the 
third challenge, combines demand-matching scores and switching costs to estimate store choice probabilities. 
The demand-matching scores estimate the extent to which a store meets the current demand, whereas the switch
ing costs measure the efforts or inconvenience incurred from transitioning between stores. Using a real-world 
data set collected from a large shopping mall, we demonstrate our method’s superior performance in offline 
store recommendations through benchmark evaluations and ablation studies. Additionally, we conduct an inter
pretability analysis to reveal our model’s recommendation mechanism and a user study to highlight the positive 
impact of demand satiation on enhancing the offline shopping experience.

2. Related Work
2.1. Offline Store Recommendations
Unlike the abundant literature on online recommendations, research on offline store recommendations is still in 
its preliminary stage. Existing studies commonly assume that customers with similar shopping behaviors have 
similar preferences. A widely adopted practice of these studies is to represent customers with multidimensional 
features, cluster them based on customer similarity, and employ heuristics to generate recommendations. For 
example, Ghose et al. (2019) apply graph-based clustering to group customers based on their fine-grained 

Figure 2. Illustration of the Model Framework 
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shopping trajectories and then employ neighborhood-based collaborative filtering to generate store recommen
dations heuristically. Zeng et al. (2021) establish a correlation between spatial movement and customer prefer
ence and discover similar customers based on a spatial-temporal pattern analysis.

In summary, existing offline store recommendation methods focus on mining behavioral similarity but largely 
overlook the psychological mechanisms that underlie store choice behaviors. Furthermore, these methods are 
limited in capturing intricate sequential dependencies during a shopping trip. In this regard, a large body of liter
ature on session-based recommendations, widely employed by online platforms, has demonstrated advantages 
in mining sequential dependencies.

2.2. Session-Based Recommendations
SBRs aim to predict the next interaction given a sequence of user-item interactions (i.e., a session). Existing SBR 
methods can be broadly grouped into three categories: heuristic methods, latent factor models, and deep sequen
tial models.

Heuristic methods determine the relevance of an item to a given session heuristically. Various techniques, such 
as Markov models and neighborhood-based collaborative filtering, are employed, focusing on mining 
co-occurrence patterns to generate next-item recommendations (Ludewig and Jannach 2018). Alternatively, latent 
factor models utilize matrix factorization techniques to map items/sessions onto a low-dimensional latent space, 
yielding representative recommendation models such as factored item similarity models (FISM) (Kabbur et al. 
2013) and factorized personalized Markov chains (FPMC) (Rendle et al. 2010). Whereas latent factor models 
exhibit greater representation power than heuristic methods for discovering short-term, linear sequential pat
terns, they are still insufficient for capturing long-term, nonlinear sequential dependencies, for which deep 
sequential models come into play. Deep sequential models are generally formulated within a sequence representation 
framework, which utilizes deep neural networks to encode a session into a latent space and calculates relevance 
scores using the dot product between the sequence representation and a target item embedding. In this realm, a 
series of deep sequential models are developed based on different architectures of sequence representation, 
including recurrent neural networks (e.g., Hidasi et al. 2016), transformer networks (e.g., Kang and McAuley 
2018, Sun et al. 2019), and graph neural networks (e.g., Xu et al. 2023).

Although deep sequential models exhibit excellent representational capabilities for capturing intricate sequential 
patterns, their inherent sequence representation framework encodes sessions into latent, uninterpretable spaces, 
thereby impeding interpretable demand modeling and the dynamic tracking of demand evolution. Consequently, a 
research gap remains in devising an effective SBR approach that can explicitly capture demand evolution from a 
demand satiation perspective while maintaining the strong representational power of deep sequential models.

3. Theoretical Foundation
Satiation has been widely investigated in psychology and consumer behavior research as a key variable in 
influencing consumer behaviors, such as consumption of food or engagement in activities. A typical example is 
that the consumption of one unit of food can reduce the desire for subsequent consumption, known as diminish
ing marginal utility in economics (Baucells and Sarin 2007). The satiation phenomenon has been studied from 
both physiological and psychological perspectives. Physiologically, it is defined as the decline in enjoyment 
resulting from repeated exposure to stimuli (Sevilla et al. 2019). The general finding is that consuming a larger 
quantity of stimuli in a shorter time span leads to a higher level of satiation (Galak et al. 2013). Psychologically, 
the level of satiation experienced is influenced by subjective perceptions of enjoyment associated with stimuli, 
even if the physical properties of the stimuli are kept constant. Influential factors for psychological satiation may 
include categorization of stimuli (Redden 2008), perceptions of temporal distance between consumption occa
sions (Galak et al. 2014), and any emotional or identity-related considerations (Poor et al. 2012).

To mitigate satiation, variety seeking is adopted as a viable strategy to reduce repetition and increase stimula
tion. By switching among alternatives, consumers experience less boredom from repeated consumption and gain 
new stimulation, thus augmenting overall enjoyment over time (van Trijp et al. 1996). In offline shopping, 
demand satiation occurs as customers consecutively visit several stores related to a particular demand, which 
prompts them to switch to another demand to seek stimulation. In addition, timing factors also play a key role in 
adjusting satiation. For instance, taking a break (Galak et al. 2013) or adjusting the pace of consumption (Nelson 
and Meyvis 2008) can help customers recover from satiation. The rationale behind these strategies is that the 
level of satiation naturally diminishes with the passage of time, known as the effect of satiation decay (Baucells 
and Sarin 2007). This explains why customers may revisit previously satiated demands after engaging with alter
native demands for a period, as this time interval allows them to recover from satiation and renew their interest. 
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Overall, demand satiation plays a pivotal role in governing the dynamic evolution of demand during a shopping 
journey.

To understand the mechanism of demand satiation, OSL theory offers a solid theoretical foundation. The core 
notion is that the discrepancy between OSL and ASL determines whether a demand reaches satiation status 
(Steenkamp and Baumgartner 1992). Concretely, the OSL represents the preferred level of stimulation that indi
viduals seek from consumer behaviors, and it varies from individual to individual. For example, men have a 
higher OSL than women across the entire age span, and younger people show higher OSLs than older people in 
both genders (Raju 1980). In addition, an individual’s OSL also depends on one’s shopping demands (e.g., the 
product categories to be purchased). A customer who has a high OSL in one product category (e.g., fashion) may 
have a low desire for another category (e.g., electronics (van Trijp et al. 1996)). Thus, it is necessary to consider 
the heterogeneity of OSLs across customer groups and shopping demands.

Driven by the OSL, individuals actively seek external stimuli (e.g., visiting stores in our context) that provide 
an ASL (Raju 1980). Unlike the OSL, which is relatively stable for an individual, the ASL across demands dynam
ically changes during a shopping trip. When a demand’s ASL falls below its OSL, customers tend to acquire fur
ther stimulation from the environment, such as by visiting stores relevant to that demand, to attain the preferred 
level of stimulation; conversely, when the demand’s ASL reaches the OSL, customers may feel satiated and dis
continue shopping behaviors on that particular demand (Steenkamp et al. 1996). Therefore, to make effective 
store recommendations, it is critical to dynamically capture the discrepancy between OSL and ASL for each 
demand during the shopping trip, for which OSL theory plays a pivotal role in motivating and guiding the 
development of our approach.

4. Problem Formulation and Methodology
4.1. Problem Formulation
We consider a shopping mall with a set of stores I. Each shopping sequence is defined as a temporally ordered 
sequence of stores visited during the trip. Formally, we denote the shopping sequence using s � 〈i(1), : : : , i(t), : : : , 
i( | s |�1), i#〉, where i(t) ∈ I represents the tth store (t ∈ {1, 2, : : : , |s | � 1}) in the sequence, and i# indicates the end of 
a shopping sequence, such as leaving the mall at the exit. We use s(t) � 〈i(1), : : : , i(t)〉 to denote the subsequence of 
s that contains the first t stores. For convenience, we list the important notation used in this paper in Table A.1 of 
Online Appendix A.

We can now formulate the store recommendation problem for this study:
Given a shopping mall with a set of stores I and a collection of shopping sequences D � {sm}

|D |
m�1, estimate the 

probability P(i(t) |s(t�1)) of visiting store i(t) ∈ I next given a customer’s shopping sequence s(t�1).
To estimate the store visitation probabilities, we propose a novel deep probabilistic approach named DDSM. 

Below, we first introduce its overall probabilistic generative framework.

4.2. Probabilistic Generative Framework
DDSM models the generation of the observed shopping sequences based on the framework of probabilistic gen
erative models (PGMs). Our choice of the PGM framework is driven by the following two considerations. First, it 
is a powerful tool for describing the data generation process through which the observed data are generated 
from latent variables (Koller and Friedman 2009). Thus, it allows us to model the decision-making process from 
latent demands to store choice behaviors. Second, PGM offers a flexible framework for incorporating prior 
knowledge when specifying the data generation process, making it suitable for leveraging OSL theory to guide 
the design of our recommendation model.

To account for the heterogeneity of customers, a feasible strategy is to segment customers into ng groups and 
employ a latent variable g ∈ {1, 2, : : : , ng} to indicate a customer group. This strategy allows us to describe a custo
mer’s shopping behavior based on the latent groups to which the customer belongs. Concretely, given an 
observed shopping sequence s, we use wg :� P(g) to denote the probability that this sequence is generated from 
customer group g. Therefore, the probability P(s) can be described as a convex combination of P(s |g) using the 
group membership probability wg as a weight, as follows:

P(s) �
Xng

g�1
P(g)P(s |g) �

Xng

g�1
wgP(s |g), (1) 

where 
Png

g�1 wg � 1, and 0 ≤ wg ≤ 1 for g ∈ {1, 2, : : : , ng}. We choose to differentiate customers at the group level, 
rather than at the individual level, primarily for two reasons. First, an individual-level model design involves 
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excessive parameters, necessitating substantial individual-level data for effective parameter learning (Shi et al. 
2019). Thus, the group-level modeling strategy is more suitable, as it reduces model complexity and alleviates 
data sparsity issues. Second, customer segmentation is a key tool for understanding market diversity and inform
ing retail strategies (Liu et al. 2010). By segmenting customers into groups, our method gains insights into the 
diversity of customer groups and makes effective store recommendations accordingly.4

Next, we present the detailed specification of P(s |g), that is, the probability of generating the sequence s given 
the group g. Based on the chain rule, we decompose P(s |g) as

P(s |g) � P(i(1), : : : , i( | s |�1), i# |g) �
Y| s |�1

t�1
P(i(t) |s(t�1), g)

" #

P(i# |s( | s |�1), g): (2) 

To model P(i(t) |s(t�1), g), we consider a hierarchical process by first generating a demand and then selecting a 
store relevant to that demand. Specifically, let k ∈ {1, 2, : : : , nk} denote the latent shopping demand that can be satis
fied by visiting relevant stores in the mall, where nk is the total number of shopping demands. Then, 
P(i(t) |s(t�1), g) can be formulated as

P(i(t) |s(t�1), g) �
Xnk

k�1
P(k, i(t) |s(t�1), g) �

Xnk

k�1
P(k |s(t�1), g)P(i(t) |s(t�1), k), (3) 

where the second equality assumes that P(i(t) |s(t�1), k) � P(i(t) |s(t�1), k, g), which implies that the impact of group g 
on store choice decisions is captured by the demand k.

In addition to shopping demands, we introduce a latent variable k# to indicate the demand to leave the mall. 
When the exit demand occurs, customers choose to end their trip and leave the mall. Hence, the exit probability, 
P(i# |s( | s |�1), g), equals the probability of generating k#, namely,

P(i# |s( | s |�1), g) � P(k# |s( | s |�1), g): (4) 
Combining Equations (2)–(4), we obtain the probability P(s |g) as follows:

P(s |g) �
Y| s |�1

t�1

Xnk

k�1
P(k |s(t�1), g) ·P(i(t) |s(t�1), k)

" #

·P(k# |s( | s |�1), g), (5) 

where P(k |s(t�1), g) and P(k# |s( | s |�1), g) are the probabilities of generating a shopping demand and an exit 
demand, respectively, both relying on effectively modeling the demand satiation process during a shopping trip, 
and P(i(t) |s(t�1), k) is the probability of visiting a store given a particular demand, named the store choice process. 
Next, we detail these two generative processes.

4.3. Demand Satiation Process
4.3.1. Demand Satiation Framework. Premised in OSL theory, the probability of generating a demand depends 
on the discrepancy between the demand’s OSL and ASL, referred to as the unsatiated stimulation level (USL). 
Suppose that the USLs for demands A, B, and C are three, eight, and five units, respectively. Hence, demand B 
has the highest USL and is the most urgent demand to consider next, with demand C following behind it and 
demand A being the last. Formally, let θ(t�1)

gk be the USL of demand k for customer group g after visiting s(t�1). 
We formulate P(k |s(t�1), g) as

P(k |s(t�1), g) �
exp(θ(t�1)

gk ) · I(θ
(t�1)
gk > 0)

Pnk
k′�1
[exp(θ(t�1)

gk′ ) · I(θ
(t�1)
gk′ > 0)] + exp(θ

k#)
, k ∈ {1, 2, : : : , nk}: (6) 

With the indicator function I(θ(t�1)
gk > 0), only unsatiated demands (i.e., θ(t�1)

gk > 0) are considered in the subse
quent shopping trip, which aligns with the fact that customers tend to discontinue exploration for satiated 
demands. In addition, θ

k# > 0 is a positive constant denoting the USL for the exit demand. Note that the proba
bility of generating the exit demand equals 1�

Pnk
k�1 P(k |s(t�1), g). Hence, as shopping demands are gradually 

satiated, the probability of generating the exit demand increases, resulting in the termination of a trip.
The key to modeling the demand satiation process is to depict how the USL evolves during the shopping pro

cess. As noted, the USL is the discrepancy between the OSL and ASL accumulated through a sequence of visited 
stores. As an intrinsic property of human beings, the OSL differs across different demands and customer groups. 
To capture this heterogeneity, we employ a nonnegative parameter lgk ≥ 0 to represent group g’s OSL for demand 
k ∈ {1, 2, : : : , nk}. Besides OSL, the ASL accumulated over a sequence s(t�1) can be measured as the summation of 
individual ASLs provided by each store in the sequence. Let aik ≥ 0 be the maximum stimulation level that store i ∈
I can provide for demand k. To flexibly adjust the ASL obtained from a store visit, we further introduce two 
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adaptive components: the satiation decay component GSD and the intention adaptation component GIA. The USL θ(t�1)
gk 

is then modeled as the difference between the OSL and the accumulated ASL:

θ(t�1)
gk � lgk�

Xt�1

τ�1
GSD ·GIA · ai(τ)k, (7) 

where GSD and GIA are defined as gating functions between zero and one. When both of them reach one, the ASL 
provided by the store i(τ) approaches ai(τ)k. Otherwise, the ASL deviates from ai(τ)k, depending on the values of 
GSD and GIA. Therefore, with these two adaptive components, our model vividly captures how the ASL obtained 
from a store visit decays over time and varies depending on shopping intentions. We next present the designs of 
these two components.

4.3.2. Satiation Decay Component. Satiation decay describes the phenomenon where the level of satiation natu
rally diminishes over time (Baucells and Sarin 2007), causing previously satiated demands to become unsatiated 
again. To capture this phenomenon, we introduce a dynamic time decay function GSD on the accumulated ASL, 
which widens the gap between OSL and ASL and, in turn, increases the probability of regenerating previously 
satiated demands. Among the various time decay functions, we choose the commonly used exponential decay 
(Baucells and Sarin 2007) because of its simplicity and empirical effectiveness in our context.5 To capture the 
varying decay rates across different demands, we employ parameter γk ∈ (0, 1) to represent the decay rate of 
demand k. The satiation decay component GSD is then formulated as

GSD � γt�1�τ
k , (8) 

where the superscript t� 1� τ is the number of time steps between visiting store i(τ) and the last visited store 
i(t�1). The larger the time gap t� 1� τ, the smaller the value of GSD, indicating a stronger effect of satiation decay. 
In addition, a smaller value of γk suggests that the demand k is more susceptible to the effect of satiation decay.6

4.3.3. Intention Adaptation Component. The intention adaptation component GIA characterizes how the ASL 
accumulated from store i(τ) for demand k is influenced by shopping intentions. Intention is conceptualized as an 
individual’s subjective probability of performing a specific behavior (Fishbein and Ajzen 1975). In offline shop
ping, intentions serve as a key determinant of store choice behaviors. For example, customers with a “directed 
buying” intention typically focus on visiting specific stores, compared with those with a “hedonic browsing” 
intention (Moe 2003).

Given the determinant role of shopping intentions in driving store choice behaviors, it is therefore rational to cap
ture shopping intentions based on the composition of shopping sequences (Ding et al. 2015). Compared with shop
ping sequences consisting exclusively of fashion stores, shopping sequences with diverse store categories (e.g., 
restaurants, household items, and accessories) reflect different shopping intentions. Thus, to capture the shopping 
intentions reflected in a shopping sequence, we employ gated recurrent units (GRU) to derive the representation of 
shopping sequences (Cho et al. 2014). Formally, let ei ∈ Rne denote the ne-dimensional embedding vector for store 
i ∈ I and Fgru denote the set of parameters defined in GRUs. The representation of sequence s(τ) is computed as the 
nh-dimensional hidden state h(τ) ∈ Rnh derived from the GRU network, using the recursive formula

h(τ) �GRU(h(τ�1),ei(τ) ; Fgru):

In addition to the sequence representation h(τ), we further combine the customer group information to infer 
shopping intentions, given that shopping intentions often differ among customer groups. Thus, we employ an 
nr-dimensional embedding vector for each group g, denoted as eg ∈ Rnr , to capture the impact of customer 
groups on shopping intentions. Combining h(τ) and eg, we represent the shopping intention at time step τ as

y(τ)g � ReLU(W(h(τ)‖eg)), (9) 

where “‖” denotes vector concatenation, ReLU(·) (rectified linear unit) is the activation function with ReLU(x) �
max(0, x), and W ∈ Rne×(nh+nr) is the weight matrix.

Based on the shopping intention y(τ)g , we then formulate the intention adaptation component GIA. Intuitively, 
the value of GIA is positively correlated with the extent to which the shopping intention matches the demand 
that a store can fulfill. Thus, we use the dot product to calculate the matching degree between demand k and the 
shopping intention y(τ)g , as given by

GIA � σ(ek · y(τ)g ), (10) 
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where ek ∈ Rne is the ne-dimensional embedding vector for demand k, and σ(·) denotes the sigmoid function; that 
is, σ(z) � 1=(1+ e�z). Combining Equations (7) and (10), we know that if the demand embedding ek matches the 
intention y(τ)g well, the value of GIA is close to one, and thus, the ASL obtained from store i(τ) for demand k 
approaches ai(τ)k. Conversely, a mismatch between ek and y(τ)g leads to a lower value of GIA, and thus, a lower 
ASL is achieved. This implies that even for two customers visiting the same store i(τ), their obtained ASLs for a 
given demand k can vary depending on their shopping intentions. For example, when visiting a fashion store, 
customers with a strong intention of “directed buying” tend to achieve higher ASLs on the demand of buying 
clothes compared with those just for “hedonic browsing.”

4.4. Store Choice Process
The store choice process P(i |s(t�1), k) models the probability of visiting store i by considering two key respects. 
First, customers are driven to visit stores that match their current demand well, so the matching score between 
the current demand k and a target store i should be considered. Thus, we model the demand-matching score using 
the dot product of the demand embedding ek and the store embedding ei, expressed as rki � ek · ei.

Second, customers often consider shopping convenience when deciding which store to visit next. Accordingly, 
we introduce the concept of switching costs to characterize the efforts or inconvenience incurred when moving 
between different stores during a trip (Song et al. 2019). For instance, given two candidate stores that are equally 
relevant to the current demand, a nearby store is more likely to be preferred compared with a distant one 
because the increase in physical distance leads to a higher switching cost. Moreover, switching between incom
patible categories of stores may increase cognitive load, leading to higher switching costs.

In this study, we adopt a data-driven approach to measure the switching cost based on the observed shopping 
data D � {sm}

|D |
m�1. The basic assumption is that two stores frequently visited in succession during a shopping trip 

have a lower switching cost (Song et al. 2019). Accordingly, we calculate the transition probabilities at the store, 
category, and zone levels, and use them to extract three corresponding switching factors: xs

ji, xc
ji, and xz

ji. Conse
quently, the switching cost from store j to i is calculated as a linear weighted sum of the switching factors, using

cji � β1xs
ji + β2xc

ji + β3xz
ji, (11) 

where b � [β1,β2,β3]
⊤ is a real-valued parameter vector. Details of switching factor operationalization are pro

vided in Online Appendix D.
Based on the demand-matching score rki and the switching cost cji, we can now model the store choice proba

bilities P(i |s(t�1), k) as proportional to the net utility between rki and ci(t�1)i:

P(i |s(t�1), k) � exp(rki� ci(t�1)i)P
i′∈I exp(rki′ � ci(t�1)i′ )

: (12) 

4.5. Model Training and Recommendation Strategy
Having introduced the generative process for DDSM, we next discuss how to learn the model parameters F for 
the DDSM. Given the observed data D � {sm}

|D |
m�1, our learning objective is to maximize the log likelihood of the 

data, expressed as

max
F

log P(D |F) �max
F

X|D |

m�1
log P(sm |F), (13) 

where F � {wmg, lgk, aik,γk , eg, ek , ei}m, g, k, i ∪ {W, b} ∪Fgru.7 To optimize Problem (13), we employ adaptive moment 
estimation (Adam (Kingma and Ba 2015)), a variant of the stochastic gradient descent algorithm, to estimate the 
optimal configuration of F.

Given the optimal configuration of parameters, denoted as F∗, we follow DDSM’s probabilistic generative 
framework to infer the store visitation probabilities P(i |s(t�1), F∗) as follows:

P(i |s(t�1), F∗) �
Xng

g�1
P(g, i |s(t�1), F∗)

�
Xng

g�1
P(g |s(t�1), F∗)P(i |s(t�1), g, F∗)

�
Xng

g�1
P(g |s(t�1), F∗)

Xnk

k�1
P(k |s(t�1), g, F∗)P(i |s(t�1), k, F∗), (14) 
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where the third step applies Equation (3) to decompose P(i |s(t�1), g, F∗). The probabilities P(k |s(t�1), g, F∗) and 
P(i |s(t�1), k, F∗) can be calculated based on Equations (6) and (12), respectively. Moreover, we express the proba
bility P(g |s(t�1), F∗) based on Bayes’ theorem as

P(g |s(t�1), F∗) �
P(s(t�1) |g, F∗)P(g |F∗)

Png

g′�1
P(s(t�1) |g′, F∗)P(g′ |F∗)

, (15) 

where P(s(t�1) |g, F∗) is defined in Equation (5). To compute the prior probability P(g |F∗), we can approximate it 
using the average of group membership probabilities wmg from the observed data D, namely, P(g |F∗) :�

1
|D |

P |D |
m�1 wmg for all g ∈ {1, 2, : : : , ng}. Based on the estimated store visitation probabilities, top-K store recommen

dations are generated for each customer.

5. Empirical Evaluation
5.1. Data and Evaluation Procedure
The offline shopping data set was collected from a large shopping mall in Beijing, which covers a large commercial 
area of over one million square feet spanning four floors. For foot traffic management and other legitimate 
safety/security purposes, the mall deploys a customer monitoring system in shared areas, which records anonymized 
customers’ shopping sequences. By applying the typical five-filter strategy (i.e., filtering out sequences with fewer 
than five stores (Sun et al. 2020)), we obtained the evaluation data set comprising 131,079 sequences between Septem
ber 1 and October 27, 2019, which are distributed across 171 stores from 28 categories within eight shopping zones.

We evaluated the store recommendation task using a temporal split-by-ratio approach (Sun et al. 2020), dividing 
shopping sequences into training (80%), validation (10%), and test sets (10%). For each method (i.e., our DDSM and 
each benchmark), we used the training set to learn its optimal model parameters, the validation set to tune its best 
hyperparameters using a grid search, and the test set to assess its recommendation performance.8 To simulate real- 
time recommendation scenario in offline shopping, we iteratively predicted the store visit i(t) given the previous 
shopping sequence s(t�1) for t � 2, : : : , |s | � 1. We did this by estimating the store visitation probabilities 
P(i |s(t�1), F∗) over the set of candidate stores (i.e., I \ {i(t�1)}) by Equation (14) and then recommending the top-K 
stores with the highest probabilities.9 We evaluated the recommendation performances with three widely used 
metrics: mean reciprocal rank (MRR), recall, and discounted cumulative gain (DCG). All these metrics range from 
zero to one, with higher values indicating superior performance. For calculation details on these metrics, please 
refer to Online Appendix G. Details of our implementation are available on GitHub (He et al. 2025).

5.2. Benchmark Evaluations
To demonstrate the superiority of our method, we selected several classic and state-of-the-art recommendation 
methods from each category as benchmarks. For heuristic methods, we chose two well-known neighborhood- 
based collaborative filtering methods: ItemKNN and SessionKNN (Ludewig and Jannach 2018). In addition to 
these, we also designed a simple recommendation strategy, MostPop, which recommends stores based solely on 
popularity (i.e., the total number of visitors). For latent factor models, we selected FISM (Kabbur et al. 2013) and 
FPMC (Rendle et al. 2010); the former concentrates on long-term preferences during an entire session, whereas 
the latter focuses on short-term sequential dynamics that are reflected in the last store choices. For deep sequen
tial models, we chose several advanced recommendation methods based on different architectures for sequence 
representation. Specifically, regarding recurrent neural networks, we selected GRU4Rec (Hidasi et al. 2016), 
which shares the same architecture used in our intention adaptation component. Regarding transformer net
works, we chose the two milestone models: SASRec (Kang and McAuley 2018) with a unidirectional structure 
and BERT4Rec (Sun et al. 2019) with a bidirectional structure. Additionally, we included a recently developed 
method, CORE (Hou et al. 2022), which utilizes the transformer network to design a representation-consistent 
encoder. Regarding graph neural networks, we considered MIA-SR (Xu et al. 2023), which employs graph convo
lutional networks to exploit item-attribute relations within a multitask learning framework.

Table 1 reports the average performance of each method over 10 rounds, with the values in parentheses indi
cating DDSM’s performance lift over each benchmark.10 Several observations can be made from this table. First, 
our method achieves statistically significant improvements over all benchmarks across these metrics (t-test, p- 
values < 0.001). Even compared with the advanced deep sequential models, our method still obtains a significant 
enhancement, ranging from 10.88% to 17.69% in MRR and 6.12%–29.11% in recall. This demonstrates the crucial 
role of demand satiation for capturing evolving demands and boosting the recommendation performances. Sec
ond, effectively capturing sequential patterns is critical for enhancing offline store recommendations, as evi
denced by the superior performances of the sequential methods (e.g., DDSM, MIA-SR, and BERT4Rec) over the 
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nonsequential ones (e.g., SessionKNN and MostPop). Furthermore, our method remarkably surpasses the 
sequential benchmarks, primarily because of its effectiveness in capturing intricate sequential dependencies via a 
dynamic demand satiation process.

5.3. Ablation Analyses of Model Components
The proposed DDSM comprises two probabilistic generative processes, including (1) the demand satiation pro
cess featuring two innovative adaptive components: satiation decay (SD) and intention adaptation (IA), and (2) 
the store choice process that incorporates the switching costs (SCs) to balance the demand-matching score in esti
mating store visitation probabilities. To determine the contribution of each designed component, we introduced 
several control methods by removing the corresponding component from DDSM, including (1) DDSM (without 
SD), which removes SD by setting GSD in Equation (7) to one; (2) DDSM (without IA), which removes IA by set
ting GIA in Equation (7) to one; (3) DDSM (without SD and IA), which removes SD and IA together; (4) DDSM 
(without DS) by ignoring the entire demand satiation (DS) process by setting 

Pt�1
τ�1 GSD ·GIA · ai(τ)k � 0; and (5) 

DDSM (without SC), which drops SC by setting ci(t�1)i in Equation (12) to zero.
Table 2 reports the average performances for DDSM and the control methods over 10 rounds, with parentheses 

indicating DDSM’s improvement over baselines (paired t-test, p-value < 0.001). We highlight several key 

Table 1. Recommendation Performances for DDSM and Benchmark Methods

Category Method MRR

Recall@K DCG@K

K � 1 K � 3 K � 5 K � 3 K � 5

Deep sequential models DDSM (our method) 0.326 0.204 0.363 0.451 0.296 0.332
MIA-SR 0.294 0.165 0.327 0.425 0.258 0.299

(10.88) (23.64) (11.01) (6.12) (14.73) (11.04)
BERT4Rec 0.293 0.174 0.321 0.409 0.258 0.295

(11.26) (17.24) (13.08) (10.27) (14.73) (12.54)
SASRec 0.291 0.165 0.325 0.419 0.257 0.296

(12.03) (23.64) (11.69) (7.64) (15.18) (12.16)
CORE 0.284 0.158 0.317 0.409 0.250 0.287

(14.79) (29.11) (14.51) (10.27) (18.40) (15.68)
GRU4Rec 0.277 0.168 0.304 0.383 0.246 0.279

(17.69) (21.43) (19.41) (17.75) (20.33) (19.00)
Latent factor models FPMC 0.274 0.151 0.300 0.394 0.236 0.275

(18.98) (35.10) (21.00) (14.47) (25.42) (20.73)
FISM 0.207 0.097 0.213 0.298 0.163 0.198

(57.49) (110.31) (70.42) (51.34) (81.60) (67.68)
Heuristic methods ItemKNN 0.258 0.142 0.280 0.357 0.222 0.253

(26.36) (43.66) (29.64) (26.33) (33.33) (31.23)
SessionKNN 0.147 0.046 0.133 0.219 0.095 0.130

(121.77) (343.48) (172.93) (105.94) (211.58) (155.38)
MostPop 0.122 0.050 0.105 0.174 0.080 0.108

(167.21) (308.00) (245.71) (159.20) (270.00) (207.41)

Note. Numbers in parentheses are given as percentages.

Table 2. Recommendation Performances for DDSM and Control Methods

Method MRR

Recall@K DCG@K

K � 1 K � 3 K � 5 K � 3 K � 5

DDSM 0.326 0.204 0.363 0.451 0.296 0.332
DDSM (without SD) 0.316 0.195 0.350 0.439 0.284 0.321

(3.16) (4.62) (3.71) (2.73) (4.23) (3.43)
DDSM (without IA) 0.315 0.197 0.348 0.434 0.284 0.319

(3.49) (3.55) (4.31) (3.92) (4.23) (4.08)
DDSM (without SD and IA) 0.305 0.187 0.337 0.424 0.274 0.309

(6.89) (9.09) (7.72) (6.37) (8.03) (7.44)
DDSM (without DS) 0.293 0.170 0.326 0.416 0.260 0.297

(11.26) (20.00) (11.35) (8.41) (13.85) (11.78)
DDSM (without SC) 0.308 0.184 0.341 0.435 0.274 0.313

(5.84) (10.87) (6.45) (3.68) (8.03) (6.07)

Note. Numbers in parentheses are given as percentages.
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observations from this table. First, each adaptive component makes a clear and comparable contribution to the 
recommendation performance, as evidenced by the 3.16% improvement by SD and the 3.49% enhancement by IA 
on the MRR metric. Second, when comparing DDSM with DDSM (without DS), we find that removing the entire 
demand satiation component causes a sharp decline (8.41%–20.00% across the metrics) because assuming static 
demand distributions fails to capture their evolution dynamics. Interestingly, even simply modeling the demand sati
ation process by assuming a fixed ASL has some efficacy, as seen from the superior performance of DDSM (without 
SD and IA) compared with DDSM (without DS). This suggests that OSL theory provides a viable framework for 
modeling demand satiation as the discrepancy between OSL and ASL. Lastly, incorporating switching costs signifi
cantly enhances performance, with DDSM surpassing DDSM (without SC) by 3.68%–10.87%. This underscores the 
importance in balancing demand matching with switching convenience in offline store recommendations.

5.4. Interpretability Analysis
To understand DDSM’s recommendation mechanism, we performed a case study based on a real shopping 
sequence s(t�1) that starts from a restaurant (Good Noodles), followed by a shoe store (UGG) and two fashion 
stores (Miss Sixty and CK Jeans). As shown in Figure 3, DDSM calculates the store visitation probabilities over 
all candidate stores based on its PGM framework. Specifically, DDSM first leverages s(t�1) to infer its member
ship distribution over group g. Then, it performs two generative processes: the demand satiation process (identi
fying the current demand k) and the store choice process (predicting the next store choice i). Finally, the model 
correctly ranks the ground-truth store (Nike Kicks Lounge) first in its top five recommendation list, comprising a 
mix of sportswear and fashion stores. Below, we concentrate on the two core generative processes and illustrate 
their underlying mechanisms.

We first analyze the demand generation probabilities P(k |s(t�1), g, F∗) to understand how DDSM identifies the 
current demand. Our analysis focuses on the most probable group, gmax � arg maxg{P(g |s(t�1), F∗)}, that the 
sequence belongs to. In our case, we have P(gmax |s(t�1), F∗) � 0:892, indicating the dominance of group gmax. 
Given gmax, we display the top five demands with the highest probabilities of P(k |s(t�1), gmax, F∗) on the left side 
of Figure 4. We observe that k1 represents the primary demand with a probability of 0.512, whereas k2 represents 
the secondary demand with a probability of 0.130. The probabilities of the remaining demands are all below 0.1. 
According to Online Appendix H, which interprets demand semantics by listing top representative stores, we 
know that k1 corresponds to the demand for sportswear, whereas k2 corresponds to the demand for fashion. This 
explains why the recommendation list in Figure 3 is a mixture of sportswear and fashion stores. Furthermore, we 
can interpret the magnitude of the probability P(k |s(t�1), gmax, F∗) based on the discrepancy between the OSL and 
ASL for a particular demand, as depicted on the right side of Figure 4. Clearly, the primary demand k1 is associ
ated with the largest difference between the OSL and ASL, with demand k2 following behind it. In addition, the 
fashion demand k2 exhibits a relatively higher ASL than the sportswear demand k1, suggesting that the fashion 
demand is gradually satiated by the recently visited fashion stores (i.e., Miss Sixty and CK Jeans) and the sports
wear demand becomes dominant in the subsequent shopping trip.

Next, we analyze how DDSM determines which store to recommend based on the store choice probabilities 
P(i |s(t�1), k, F∗). For ease of presentation, we focus on the top two demands (k1 and k2) and choose four stores 
with the highest P(i |s(t�1), k, F∗) for each demand. The left side of Figure 5 shows the probabilities 
P(i |s(t�1), k, F∗), and the right side illustrates the underlying mechanism that determines the magnitude of these 
probabilities. As we can see, the sportswear demand k1 shows high probabilities of visiting Nike Kicks Lounge 

Figure 3. Flowchart of the Decision-Making Process for Deriving Store Visitation Probabilities in Equation (14) 

Note. F∗ denotes the optimal configuration of parameters in DDSM.
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and Adidas Originals because of the substantial surplus between the demand-matching score rk1i and the switch
ing cost ci(t�1)i for the two stores. Thus, driven by the primary demand k1, Nike Kicks Lounge and Adidas Origi
nals are ranked at the top two positions in the recommendation list. Additionally, influenced by the secondary 
demand k2, fashion stores such as Moussy are ranked below them. Overall, this case study illustrates our model’s 
recommendation mechanism and shows its capacity to provide interpretable recommendations.

5.5. User Study
Beyond recommendation accuracy and interpretability, we further examined the role of demand satiation in 
enhancing the offline shopping experience. We considered the task of shopping trip recommendations, which aims 
to recommend an ordered sequence of stores for customers’ remaining shopping journey (Guo et al. 2024).11 To 
assess their perceptions of trip recommendations, we designed a user study comprising three stages: (1) simulating 
initial shopping sequences, (2) generating trip recommendations, and (3) evaluating the recommendations. A 
detailed description of the user study and the questionnaire dimensions are provided in Online Appendix J.

Our study recruited 99 campus students, yielding 258 shopping sequences and corresponding questionnaire 
evaluations. Comparing DDSM with DDSM (without DS), we find that incorporating demand satiation signifi
cantly improves the overall satisfaction score from 2.75 to 3.48, marking a 26.5% enhancement. Notably, DDSM 
receives favorable ratings (four or five) from 53.5% of questionnaires, nearly doubling the 27.9% for DDSM (with
out DS). More specifically, we examined customers’ fine-grained perceptions across several dimensions: prefer
ence matching, boredom alleviation, route convenience, and time suitability. Figure 6 shows that DDSM is the 
preferred model across all these dimensions. By integrating demand satiation, our approach provides more accurate 
and exploratory trip recommendations tailored to customer preferences, in contrast to tedious recommendations 

Figure 4. (Color online) Demand Generation Probabilities and the Corresponding OSL and ASL 

Figure 5. (Color online) Store Choice Probabilities and the Underlying Mechanism 

Notes. The two demands, k1 and k2, represent sportswear and fashion demands, respectively. For each store i, we denote the demand-matching 
score for k1 as rk1 i (respectively, rk2 i for k2) and the switching cost from the last store i(t�1) to i as ci(t�1) i.
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that may induce boredom. In addition, our approach to modeling demand satiation also facilitates route smoothness 
and time suitability, largely attributable to its effective mechanism for capturing intricate sequential patterns and 
predicting the termination of shopping trips. These findings complement the satiation literature (Sevilla et al. 2019) 
with additional empirical evidence, underscoring the pivotal role of demand satiation in enhancing the offline shop
ping experience.12

6. Conclusion
Brick-and-mortar shopping malls are striving to offer more interactive and personalized shopping experiences 
for which offline store recommendations serve as a powerful tool. Extant research primarily focuses on mining 
behavioral patterns (e.g., similarities or sequential dependencies) but largely overlooks the psychological mecha
nisms that drive these behavioral outcomes. To address this gap, our study is a pioneering work that incorpo
rates demand satiation to enhance offline store recommendations. Informed by OSL theory, we propose a novel 
DDSM featuring two adaptive components: (1) the satiation decay component that takes an exponential form to 
capture the decay of satiation over time, and (2) the intention adaptation component that utilizes deep recurrent 
neural networks to account for diverse shopping intentions. Based on a real-world offline shopping data set, we 
empirically demonstrate the superior performance of our method in offering more accurate, timely, and inter
pretable recommendations. Through a user study, we also verify the role of demand satiation in improving the 
offline shopping experience.

Our study provides several contributions and implications for the research community. First, focusing on the 
emerging problem of offline store recommendations, our study incorporates a new perspective of demand satia
tion and proposes a novel psychology-informed recommendation model. Therefore, our study contributes to the 
growing field of predictive analytics (e.g., Tian et al. 2022, Yin et al. 2022, Han et al. 2023) by presenting a novel 
and effective method for offline store recommendations. Second, our study advances the methodological litera
ture on session-based recommendations (Wang et al. 2021) by introducing a novel framework rooted in OSL the
ory. In contrast to the traditional sequence representation framework, our framework dynamically estimates the 
discrepancy between individuals’ OSL and ASL to determine the probability of demand generation. By captur
ing demand evolution from a demand satiation perspective, this framework not only significantly improves rec
ommendation accuracy but also interprets the underlying mechanism that drives store choice behaviors. Finally, 
our study suggests the critical role of theory in informing and guiding the design of recommender systems (He 
et al. 2019, Burton-Jones et al. 2021). In particular, we leverage OSL theory to explain the mechanism of demand 
satiation and then model the demand satiation process within the PGM framework. Hence, our study sheds light 
on a viable research paradigm: leveraging psychological theory to reveal behavior mechanisms and guide model 
design, demonstrating positive impacts on recommendation effectiveness and interpretability.

Our study also reveals significant implications for business management. First, mall managers can adopt our 
method to deliver store recommendations in offline shopping. As shown in the user study, our method signifi
cantly improves the offline shopping experience from multiple aspects, including enhanced preference matching, 
alleviation of boredom, improved route convenience, and better time suitability. Given the enormous market 
size (e.g., a 1.4 trillion-yuan mall market in China13), the successful application of our method could generate 
considerable financial gains for shopping malls. Second, our method is ready to be deployed for offline store 
recommendations in shopping malls. The data used in our method (i.e., shopping sequences) can be automati
cally collected through intelligent indoor sensing and positioning systems, such as Wi-Fi, RFID, and video 

Figure 6. (Color online) Proportion of Customers’ Preferred Models for Each Dimension Between DDSM and DDSM (Without 
DS) 
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cameras, which have become standard and mature technologies in the mall industry (Ghose et al. 2019). Based 
on the collected data, our method can learn model parameters offline and make store recommendations in real 
time.14 These store recommendations can be delivered to customers in various channels, such as information 
screens and mall robots. Finally, our method can be extended to content recommendation domains, where satia
tion effects impact users’ content consumption behaviors. For instance, in a stream of news consumption, users 
tend to experience a decline in enjoyment after reading several news articles on a particular topic, indicating a 
satiation effect at the topic level (Song et al. 2019). Thus, our model can be adapted to capture the topic-level sati
ation effect in news consumption and enhance the quality of news recommendations.

Our study has several limitations and opens avenues for future research. First, this work focuses on a standard 
session-based recommendation setting using readily accessible shopping sequence data. Future studies could 
consider enriching particular model components with additional data, such as customer demographics and mar
keting information. As preliminary attempts, Online Appendix M extends the store choice process with 
popularity-based factors, whereas Online Appendix N presents an extended framework that incorporates cus
tomer demographics (such as age and gender) to discover customer groups and capture customer heterogeneity. 
Second, our user study confirms that incorporating demand satiation alleviates boredom from repetitive experi
ences and offers more exploratory recommendation results. A promising research direction would be to bridge 
demand satiation with novelty/unexpectedness in recommender systems (Li and Tuzhilin 2023), achieving more 
accurate and novel recommendations. Finally, in addition to offline evaluation and user study, future evaluation 
based on field experiments could better assess the method’s real-world impact on customer satisfaction, in-store 
patronage conversion, and revenue generation.

Endnotes
1 See https://www.coniq.com/resources/earnings-from-icsc-las-vegas-2023/.
2 See https://www.coniq.com/resources/case-study-mall-of-america/.
3 See https://syncedreview.com/2020/09/18/cheetah-mobile-deploys-8000-shopping-mall-robots-boosting-offline-retail/.
4 In Online Appendix B, we provide an interpretable analysis regarding how the customer groups identified by our model reflect diverse 
shopping differences and capture customer heterogeneity.
5 In addition, we also empirically tested a more complex hyperbolic decay, calculated as GSD � (1+αk(t� 1� τ))�γk=αk , where αk and γk are 
parameters specific to demand k. Our results show that the added complexity does not lead to enhanced performance. Therefore, we opt for 
the simpler yet effective exponential decay in this study.
6 An interpretability analysis regarding the varying decay rates γk across demands is provided in Online Appendix C.
7 Here, wmg denotes the probability that the sequence sm is generated from group g.
8 For DDSM, the optimal configuration of hyperparameters was set as ng � 6, nk � 60,nr � 16, ne � 128, and nh � 48. A sensitivity analysis on 
hyperparameters is provided in Online Appendix E.
9 In Online Appendix F, we considered an alternative evaluation setting for recommending only nearby stores. Our proposed DDSM consis
tently outperforms the benchmarks in this physically constrained candidate setting.
10 By definition, DCG@1 has the same value as Recall@1, so we omit the column for DCG@1.
11 In Online Appendix I, we present the approach to delivering trip recommendations and empirically demonstrate the superior performance 
of our method compared to benchmarks in this task.
12 An additional user study that compared our method with the best-performing benchmark model, MIA-SR, is presented in Online Appen
dix K, which also demonstrates the superiority of our DDSM.
13 See https://www.mckinsey.com/cn/~/media/mckinsey/locations/asia/greaterchina/ourinsights/2022chinaretaildigitalizationwhitepaper/ 
2022-china-retail-digitalization-whitepaper.
14 In Online Appendix L, we provide a time complexity and running time analysis for our method, demonstrating its capacity to provide 
real-time recommendations.
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