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ABSTRACT

Aiming at helping users locally discover retail services (e.g., enter-
tainment and dining) on Online to Offline (020) service platforms,
we propose COUPA, an industrial system targeting for character-
izing user preference with inspiring considerations of time and
position aware preferences. We carefully implement and deploy
COUPA in Alipay with a cooperation of edge, streaming and batch
computing, as well as a two-stage online serving mode, to support
several popular recommendation scenarios. Extensive experiments
reveal the superior performance of COUPA for recommendation.

CCS CONCEPTS

« Information systems — Information systems applications.
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1 INTRODUCTION

Although current user preference modelling based recommendation
methods have achieved superior performance to some extent [6],
they are still unsuitable to industrial recommendation scenarios for
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Figure 1: (a) The illustrated example of recommendation
scenarios in Alipay. (b): The temporal pattern analysis on
“Hot Pot” and “Coffee”. (c): The analysis for position bias on
channels for “User type 17, “User type 2” and “User type 3”.
The smaller the number of x-axis, the higher the position.

Online to Offline (O20) service platforms (e.g., Meituan, Grubhub
and Uber Eats), where recurrence based temporal patterns are ubiq-
uitous. In the case of Alipay, whose goal is to guide users for locally
discovering retail services including entertainment, travelling, de-
livery and other services, there is a clear and strong need to capture
dynamic preference over time for recommendation. Concretely, we
illustrate an example in Figure 1 (a). There are numbers of channels
(e.g., “Food Delivery” and “Travel” channel) in our scenarios, each
of which represents a certain business field. Besides, several items
are displayed under each channel, which are called the contents
of the channel. Taking the contents of “Food Delivery” channel as
an example (as shown in the left part of Figure 1 (a)), users may be
interested in daily necessities (e.g., “Coffee”) or weekly intents (e.g.,
“HotPot”), leading to different click demands at different times. On
the other hand, as shown in Figure 1 (a), the feeds-like styles cause
the fact that users typically scan the screen of mobile phones from
top to bottom, revealing distinct attention distributions. That is,
users may prefer clicking items with certain positions regardless of
the relevance, which brings so-called personalized position biases
to hurt the recommendation effectiveness.
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Figure 2: The overall architecture of the proposed COUPA.

In light of the above observations, we aim at designing an indus-
trial recommender system for O20 service platforms, centering on
characterizing user preference from time and position bias aware
perspectives simultaneously, facing the following challenges: (C1)
Time aware preference modelling over continuous time; (C2) Position
aware preference modelling in a personalized way; and (C3) Sys-
tem design for complicated temporal interaction scenarios. To this
end, we propose COUPA, a novel COntinuoUs time and Position
bias Aware recommender system targeted for O20 service plat-
forms (e.g., Alipay). Specifically, we propose a novel continuous
time aware point process with an attention mechanism to explore
the excites of inhabits from previous interaction records in continu-
ous time (C1) and a position selector component, cooperated with a
position personalization module is elaborately designed to perform
personalized position debiasing in our scenarios (C2) To satisfy
the requirements of online serving, the implementation and de-
ployment are carefully designed to not only collect user behaviors
as well as corresponding positions in a real-time manner, but also
perform efficient online inference in a two-stage mode (C3). We
conduct extensive offline and online experiments, demonstrating
the superior performance of COUPA.

2 THE PROPOSED COUPA

In this section, we present COUPA, illustrated in Figure 2. Following
common strategies [3, 9], given a user u and an item v, we represent
the embedding for position related features as py, », user profile as
ey, context features as ¢, , and item profile as e,, respectively.

Time aware Preference Modelling. Generally, users’ preferences
are affected by the items they have already interacted (e.g., click
and purchase) with and the effects evolve as time passes. Since
modelling such preferences is highly time sensitive and the time
encoding should be generalized to any unseen timestamp, we firstly
represent timestamps in a continuous, higher dimensional space for
preserving the temporal patterns via the functional time encoding
function [7, 11, 17], i.e, ®(¢t) : Rt — RY. Subsequently, we propose
a novel continuous time aware point process module with a well-
designed continuous time aware attention mechanism.

i) Continuous time aware attention mechanism. We devise it upon
the masked self-attention architecture [15] to learn the adaptive
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weights over continuous time conditioned on the involved user be-
haviors and target item. Formally, given a triplet (u, v, t), we denote
the historical interaction records before time ¢ as Sy, , = {(v;, t;)[|t; <
t}. Following the original self-attention mechanism [15], we ob-
tain the temporal sequence matrix at time ¢ to take account of the
relationships of user behaviors Sy, , and target item v.

Zuo(t) = [eg || D(t=10); .ienn_, || D(t—tn_1); €0 || @(0)]T, (1)

where “||” denotes concatenation operation, N = |S,,| is the length
of user behaviors and e, is the original embedding for items. Then,
we produce the final representation that summarizes the influence
of user behaviors using the scaled dot-product attention:

hyo (1) = softmax(Qu,o (1)KL , () /Vd) Vi (1), 2)

where Qy, (1), Kyo(t) and Vi, () respectively denotes the “query”,
“key” and “value” matrix w.r.t. user u and item v in time ¢, which
are linear projections of the temporal sequence matrix Z,, , () [15].

ii) Continuous time aware point process. Here, we aim to esti-
mate the likelihood of the target item v based on the historical
interaction records Sy, , through a continuous time aware point
process, whose major role is to construct conditional intensity
function A, (#|Sy,0) [2, 13]. For convenience, we rewrite the above
intensity function as Ay (¢|Su,0) = Yo (t — tilhyy), where ¥, () is a
non-negative function, commonly implemented as the exponential
function in previous works. Instead of formulating such a spe-
cific functional form, which only models the exponential effects
(decrease or increase) of historical behaviors toward the target
item, following the idea in [12], we exploit a more complex way
to enhance the model capability. That is, we directly model the
cumulative intensity function , which can be differentiated for the
final intensity function, i.e., ¥y, ,(7|hyo) = fOT ¥ (s|hy,0)ds, where
T =t — t; denotes the interval since the last interaction. Obviously,
we adopt an intensity-free formulation to model the user’s time
aware preference towards target items, which is more suitable to
complex scenarios in real-world applications. Due to the ability
of modelling non-linear functions, we implement the cumulative
intensity function ¥, ,(-) with a feed-forward neural network as
follows:

Yuo(rlhyo) = g(Wr...g(Wley || huo || 7] +b1) +br),

3
Wi,...,W >0,by,...,b;, > 0. )

s.t.
Here, e,, is the user embedding derived from his/her original profile
features and g(-) is the ReLU activation function. At last, we obtain
our final intensity function as follows,

/1;(1‘) = Yo(rlhy,p) = 0¥y,o(7lhy0) /0t (4)
Position Bias aware Modelling. Through the above intuitive
analysis, user’s preference of clicking at certain positions may bring
in personalized position bias, while previous works always simply
assume that each position is dependent, which ignores the heavy
effects of personalized features related to users. To fill this gap, we
aim at performing position debiasing in a personalized manner,
where a position selector component equipped with a position
personalization module is elaborately designed.

i) Position personalization module. Since positions differ from each
other based on the features of specific users and items, the position
uplifts in different positions can be regarded as multiple tasks,
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whose differences and relations can be naturally captured by the
Multi-gate Mixture-of-Experts (MMoE) [10]. Hence, we formulate
so-called k-th position uplift for user u and item v as follows:

n

gu,v,k = ReLU(v Z softmax(WgXuy,0)i - fi (Xu,0) + ),
i=1

®)

where 8u,v,k refers to the position uplift in position k, f;(-) refers to
the output of i-th experts, n is the number of experts, W € Raxd
is a trainable matrix for the k-th position, v and b are also trainable
parameters and x,, , is generated by a 3-layer fully connected neural
network with the input of e, ¢, » and hy, 4 (¢).

To further enhance personalization, we incorporate a few po-
sition related features (i.e., p, ) and design a Gated Linear Units
(GLU) [1] block to control the information passed from features and
the position uplift from MMOoE block. Specifically, a linear trans-
formation is applied for the position related features py, , to obtain
the gate units €, ,,  for k-th position. Then, the final position uplift
can be calculated with sigmoid function o(-) as:

5u,v,k = U(Gu,v,k) ' tanh(gu,u,k)~ (6)

ii) Position selector. Knowledge transfer (or parameter sharing)
has been proven to be potential for facilitating model learning. We
take this inspiration to obtain the output 1, , x. of k-th position by
summarize uplifts from subsequent positions (i.e., i > k) as 1, 5 =
Zf(: i Ouv,i- Clearly, the uplift for the k-th position §, , x is involved
in the samples with position i(i < k), where the learned information
can be shared among these samples. To simplify the formulation
and speed up the numerical computation, we construct a position
matrix, which is denoted as S = [0(0), e, O(k—l)’ 1(k)’ cee, l(K)]
for position k. Then, given a user u and an item v with the position
k, we estimate the click likelihood as follows:

™

N T
Tuok = O'(/—’u,v,k) =0o(S - Au,v):

where Ay y = [8,0,0, "+ Ou,0k] is the position uplift vector.

Model Learning. In COUPA, we intend to maximize the following
posterior probability of model parameters ® with observed inter-
action records R = {u, v, k, t} involving target user u and item v
with corresponding position k and click timestamp ¢: p(©|R) o
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Table 1: Offline temporal recommendation performance.

Food Delivery Travel Channel

#User / #ltem 1.38M/193M  1.32M /17K 8.39M / 17
#Train / #Test 4.35M /3.38M 3.84M/3.18M 31.6M/1.68M

Metrics GAUC RI GAUC RI GAUC RI
DeepFM [3] 0.7534 +9.87% 0.7198 +15.92% 0.8837 +0.60%
GRU4Rec [5] 0.7682 +3.80% 0.7373 +7.37% 0.8839 +0.55%
DIN [21] 0.7682 +3.80% 0.7371 +7.46% 0.8846 +0.36%
DIEN [20] 0.7701 +3.07% 0.7421 +5.24% 0.8849 +0.29%
SASRec [38] 0.7688 +3.57% 0.7362 +7.87% 0.8843 +0.44%
Time-LSTM [23] 0.7698 +3.18% 0.7399 +6.21% 0.8842 +0.47%

COUPA4  0.7784*% 0.7548** - 0.8860* -

Table 2: Online performance comparison for position debias-
ing. We report the improvement ratio over YoutubeRank.

Food Delivery Travel Channel
Metrics CIR Ipv CTR IPV CIR IPV
YoutubeRank [19] - - - - - -
PAL [4] +1.07% +1.03% +0.78% +0.84% +1.26% +1.50%
COUPAp +1.44% +1.28% +1.22% +1.17% +2.04% +2.18%

p(0©)-p(R|O), While the first p(©) can be regarded as a regularizer
to avoid overfitting, we mainly focus on the estimation of the sec-
ond term p(R|©), which is factorized by minimizing its negative

logarithm:

(u,0.k,t)eR

—logp(R|©) = - (log p(vlk, u, ©) + log p(t|u, v, k, ®))

(u,0,k,t)eR

—log A%(t) + Z

' ~Ppeg

C(ru,u,k’ fu,v,k)

T
Ay (t)de).

®)

Here, C(-,-) is the cross entropy function and Pyeq is the noise
distribution for the generator of negative samples.

3 ONLINE DEPLOYMENT OF COUPA
Here, we present the deployment of COUPA in Alipay (Figure 3).

Data Processing. User feedback data are necessary to train the
recommender system, where the trade-off between data storage
and timely feedback need to be balanced. Hence, our principle is
to store 90-day click data in huge volume via cheap storage that
only guarantees latency in days, and timely feedback data in tiny
volume via edges that guarantees latency in seconds. As such, we
design the following batch, streaming and edge computing in a
cooperative manner, followed by a sequence fusion procedure.
Batch computing. Based on the offline and low-cost MaxCompute
platform, we perform batch computing for generating user click
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Figure 4: Online performance on real scenarios in Alipay.

sequences in the last 90 days, involving hundreds of billions of
interaction records, with a latency of days.

Streaming computing. Streaming computing is mainly based on
the frigate system (similar to Kafka and Storm system) in the Ant
Group, which directs at generating user click sequences in the last
2 days. Due to the effects of log back and real-time reporting, this
part of the data has a latency of tens of seconds.

Edge computing. Due to the urgent real-time demand of COUPA,
we employ edge computing for collecting click sequences on the
client in completely real time with a latency of only few seconds.
Specifically, user click data will be captured by the client at once
after reported, and recorded into the local database. As soon as a
user proposes a request, the client timely processes his/her click
data in the last 3 hours and sends them to online servers.

Through the sequence fusion, a complete sequence in the last 90
days with chronological order is passed to COUPA as input.

Two-stage Online Serving. This module is designed to relax de-
lays of the online system for COUPA with two main stages. Stage
I: Channel Ranking Worker performs the coarse-grained ranking
on channels with dozens of candidates based on COUPA, ignoring
features of contents under channels. Then only top M (i.e., M = 5)
channels are selected to request their corresponding contents (i.e.,
“Food Deliver” and “Travel” channels) recommender systems with
tens of millions of candidates in Content Recommendation Worker,
whose ranking model is COUPA. Stage II: With contents under
channels determined in Stage I as well as collected content features,
Channel Ranking Worker performs the fine-grained ranking consid-
ering content features on top M channels to decide their displayed
orders. In this way, system latency is greatly relaxed and ensures
the stability of COUPA for online inference.

4 EXPERIMENTS

Performance Comparison over Temporal Recommendation.
We report the comparison results w.r.t. GAUC [16, 22] and rela-
tive improvement (RI [14, 18]) on three offline datasets in Table 1
(Since the performance of position debiasing cannot be accurately
evaluated offline, we only show the performance of the variant
only modeling user’s temporal preference over continuous time
i.e,COUPA4). COUPA - is consistently better than all the baselines
with statistical significance at the level of 0.01 (0.05) (marked by
“* (or *)” in Table 1), demonstrating its effectiveness to learn time
aware preference for recommendation.

Performance Comparison over Position Debiasing. We exam-
ine the performance of position debiasing w.r.t. IPV and CTR on
three online scenarios (i.e., Food Delivery, Travel and Channels).
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For a fair comparison, we only report the performance of COUPAp,
aiming at position debiasing task. We perform the evaluation within
7 days and report average results in Table 2. From the results, we ob-
serve that COUPAp achieves the best performance with statistical
significance in all scenarios in terms of both IPV and CTR metrics,
clearly demonstrating the superiorities of COUPAp for performing
position debiasing in a personalized manner.

Online Performance. We deploy COUPA into three scenarios (i.e.,
Food delivery, Travel and Channels) in Alipay, comparing it with
the existing deployed baseline in our real system from “2022/01/13”
to “2022/01/20”. From the results in Figure 4, We observe that, com-
pared to the best baseline used in our real system, COUPA consis-
tently and significantly yields performance improvement by a large
margin in three scenarios across all online metrics.

9
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Figure 5: Case studies for COUPA.

Case Study. (Temporal Perspective) We select a certain user from
the Food Delivery dataset and plot his/her attention weights w.r.z.
time interval of historical behaviors in Figure 5 (a). With the increase
of time interval, the attention weight decreases with a periodical
trend. (Position Bias) We select two typical user clusters and plot
the average prediction score for each position k(i.e., 2., p1y, 5 ) as
well as their actual click trends in Figure 5 (b). As the position
changed, we find the distinct trends of average prediction scores
for the two selected users (i.e., increase for “User 1” and decrease
for “User 2”), consistent with their trends of actual clicks w.r.t. each
position. Both analyses verify the strong capability of COUPA for
summarizing influence from historical interactions and capturing
the personalized bias.

5 CONCLUSION

In this paper, we proposed COUPA for 020 service platforms and
carefully deployed it in Alipay, which comprehensively takes user
preferences towards temporal patterns and position biases into con-
sideration. Extensive offline and online experiments demonstrated
the superiority of COUPA.

6 PRESENTER’S BIO

Ant Group aims to create the infrastructure and platform to sup-
port the digital transformation of the service industry, enabling all
consumers and small businesses to have equal access to financial
and other services that are inclusive, green and sustainable.
Binbin Hu is an algorithm expert in the Ant Group, devoting to
graph machine learning and recommendation. Binbin Hu receives
the master degree from BUPT and has published more than 30
papers in top venues, e.g., KDD, SIGIR and WWW.
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