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ABSTRACT

Rewards-based programs are popular within e-commerce online
stores, with the goal of providing serendipitous incentives to delight
customers. These rewards (or incentives) could be in the form of
cashback, free-shipping or discount coupons on purchases within
specific categories. The success of such programs relies on their
ability to identify relevant rewards for customers, from a wide
variety of incentives available on the online store. Estimating the
likelihood of a customer redeeming an incentive is challenging due
to 1) data sparsity: relatively rare occurrence of coupon redemptions
as compared to issuances, and 2) delayed feedback: customers taking
time to redeem, resulting in inaccurate model refresh, compounded
by data drift due to new customers and coupons.

To overcome these challenges, we present a novel framework,
DrEss (Delayed Redemption Entire Space Sampling), that jointly
models the effect of data sparsity and delayed feedback on redemp-
tions. Our solution entails an architecture based on the recently pro-
posed Entire Space Model ([12]), where we leverage pre-redemption
engagement of customers (e.g. clipping of coupon) to overcome
the sparsity challenge. The effect of delayed feedback is mitigated
via a novel importance sampling mechanism, whose efficacy we
formally analyze via a novel application of Influence Function ([10]).
Experimental evaluation suggests that DREss achieves significant
lift in offline metric in comparison to state-of-the-art alternatives.
Additionally, a live A/B test with DREss resulted in a lift of 10 basis
points in the redemption rate.
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1 INTRODUCTION

Identifying and surfacing relevant items, typically from a large
set of items, is a fundamental building block for multiple online
businesses. For instance, within e-commerce [13, 17, 21], surfacing
relevant products within search or recommending pertinent prod-
ucts is critical for ensuring good customer experience. Similarly,
relevance of an ad to a query within advertising [7, 14] determines a
customer’s click or the relevance of a post within a social network’s
feed [1, 5] impacts the user’s engagement with it. News feeds [24]
and video streaming platforms [16] are but a few other domains
where relevant content plays a significant role towards business
outcomes.

In this paper, we focus on the problem of coupon recommen-
dation to customers. On e-commerce online stores, customers are
issued rewards in the form of coupons that can either credit an
instant cashback or offer a discount (“Do X get Y”), to be redeemed
with the next transaction. These coupons serve the purpose of in-
centivizing customers to complete a purchase, which was perhaps
not as affordable without the discount associated with the coupon.
As aresult, the recommender’s goal is to maximize coupon redemp-
tions, thereby maximizing purchases, through relevant coupon
recommendations. Coupons are initially issued to customers on
completion of certain actions on the online store. Prior to the ac-
tual redemption, customers typically engage with the online store,
thereby leaving evidence in the form of pre-conversion actions. For
instance, customers may inspect the coupon, optionally collect the
coupon, and finally redeem the coupon by completing the purchase.
Figure 1 captures transitions between user actions. The labels on
the edges represent a) the probability of moving from one action
to another, and b) mean delay (in hours) to transition to the next
action. A sequence of actions, such as “click — add — purchase”,
results in a trace.

Estimating the likelihood of redemption, within the context of
coupons, is a challenging problem. First, due to the relatively rare oc-
currence of redemptions, the number of training samples available
across all possible user traces is small. Coupled with the industry
trend of employing models with a large number of parameters, the
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Figure 1: Transition diagram for coupon states: issued (I), clipped (C)
and redeemed (R). The edge labels show data sparsity (in percentage
of positives) and median delay (in days). Figure is only for illustration
purpose and actual numbers are not revealed due to confidentiality.

obtained samples are insufficient to fit the large parameter space of
the model. This data sparsity problem can manifest in inaccurate
and over-confident estimation of redemption rates. On the other
hand, arrival of new customers and coupon types on the online
store, and varying redemption rates through the month, result in
changes in the data distribution. To keep the model up-to-date, this
necessitates frequent retraining of models deployed in a production
system.

Additionally, redemption is not an instantaneous event as cus-
tomers take time to decide the product they want to purchase.
Publicly available data ! from a popular e-commerce search engine
shows that the median time between click and conversion varies
anywhere between couple of hours to more than a week, across
different product categories. This leads us to the delayed feedback
problem which introduces a dilemma in model training - on one
hand, it is pragmatic to wait long enough such that the observed
distribution of redemption closely matches with the true distribu-
tion; on the other hand, the model needs to be retrained frequently
to deal with the evolving data distribution.

Recent works have addressed these challenges separately, in a
siloed fashion, primarily in the context of display advertising. For
example, Ma et al. [12] proposes an architecture (Entire Space Model
or ESM) that models conversion prediction as a multi-task problem,
by simultaneously predicting clicks and conversions. Wen et al. [23]
extend this work by decomposing conversion estimation into mul-
tiple post-click behavioral signals and composing the loss terms
based on sum-product rules of probability. However, unlike the
“impression — click — conversion” trace commonly assumed in
advertising, many domains have other pre-conversion signals such
as “add-to-cart”, "add-to-wishlist”, etc. which are not mandatory pre-
requisites for a conversion. For example, a customer may purchase
an item without any click or add-to-cart, probably swayed by a deep
discount, corresponding to the trace “impression — purchase”.
Hence the general conversion estimation problem warrants a non-
trivial departure from the ESM architecture.

There is an extensive literature on modeling delayed feedback
in the context of advertising, starting with the seminal work of
Chapelle [3] that models the joint probability distribution over con-
version and the time delay between the click and the conversion

!https://tianchi.aliyun.com/dataset/649
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events. Recent research [25] has focused on a sampling based ap-
proach that models the relationship between observed and true
distribution of conversion and subsequently optimizes the loss
function under the true distribution via importance sampling mech-
anism. However, there are few practical constraints ignored by
contemporary literature. First of all, items often have a finite life-
time after which the observed negatives become true negatives. In
the case of coupons, once the coupon expires after a pre-specified
duration, the issuance can be counted as a true negative. Further,
the redemption model uses historical redemption rate as a feature,
for which computation is also affected due to delayed feedback.
Traditional work in this area completely ignores the uncertainty
in the feature vector distribution due to the delayed nature of the
target variable. Further, there has been no prior work on addressing
data sparsity and delayed feedback jointly.

In this work, we present DrEss (Delayed Redemption Entire
Space Sampling), a unified architecture for coupon redemption rate
estimation to address the challenges of data sparsity and delayed
feedback of the redemption signal. Note that DREss is agnostic
of the underlying learning algorithm for the redemption model,
instead acts as a wrapper (i.e., “dress") around the core model.

Specifically, we make the following contribution in this paper,

(1) We introduce the problem of coupon ranking, in the context
of providing rewards to customers. We highlight some unique
challenges that warrant non-trivial solutions.

(2) To the best of our knowledge, DRESs is the first work that jointly
models data sparsity and delayed feedback of target labels in
the context of personalized coupon relevance estimation.

(3) We present a theoretical framework to quantify the efficacy of
Dress, through the lens of Influence Function [10].

(4) We conduct experiments on multiple datasets, including pub-
licly available datasets to highlight the performance of our solu-
tion in comparison to a wide range of baselines. Experimental
evidence suggests that our solution achieves significant lift in
offline metrics as compared to state-of-the-art approaches.

(5) DrEss is deployed in production for an online comparison with
the incumbent strategy and results in an improvement of +10
basis points in redemption rates, a non-trivial improvement in
terms of business metrics.

The rest of the paper is organized as follows. In Section 2, we
introduce notations and formally define the business problem, fol-
lowed by the components of DREss, our key technical contribution.
Section 3 presents the theoretical framework for analysing DREss,
while Section 4 presents a thorough and comprehensive set of ex-
periments.

2 DELAYED REDEMPTION ENTIRE SPACE
SAMPLING

We present DRESs, a novel framework to jointly model the effect
of data sparsity and delayed feedback of redemptions. Our solu-
tion entails a novel architecture based on recently proposed Entire
Space Model (ESM [12]) where we leverage post-issuance activity of
users (e.g. clipping of coupons) to overcome the sparsity challenge.
The effect of delayed feedback is mitigated via a novel importance
sampling mechanism. First, we introduce some notation.
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Figure 2: An illustration of true negatives, delayed positives and true
positives.

Notation. We let x; € RP denote the feature vector corresponding
to the i*h coupon issuance that combines static attributes of coupon
(discount, GL etc.), customer (e.g. demographics) and behavioral
features mined from past interactions on the online store. We use
y; € {0,1} (and y}) to denote the collect (redemption resp.) event
and tic, tl.' to denote the corresponding timestamps. Further, let tl.I , tlf"
be the issuance and expiry times. The age of an issuance is defined
asa; =t— tl.I where t is the current time. The timestamps are used to
define corresponding time intervals: 51.0 = tf - tiI R 5{ = tir - tiI , 5f =
tf - tl.I . To avoid notational clutter, we drop the suffix i whenever
the context is clear. There are three possibilities of the target label 2:
(1) positives: (y" = 1)&(8" < a) (2) false negatives (or delayed
positives): (y" = 1)&(8" > a), (3) true negatives: (y" = 0)&(6° <
a). Note that for true negatives, §” = co.

2.1 Delayed Feedback Model for Redemption

We first describe the construction of a delayed feedback model for
redemption, although the techniques presented here can be applied
for clip prediction with minimal changes. The training dataset D;
at time ¢ consists of samples of the form {(x;, y], a;, 5] );} where the
label y] is defined based on values observed till time ¢. If there was
no delay ie. a; > 5; for all training instances i € Dy, then one can
fit a predictive model y” = f;(x; 0,) by minimizing the loss £ =
E(x,yr)~p(x,yr) LY, fr(x; 6r)) where p(x,y") is the data generating
distribution. However, because of delayed redemptions, we don’t
have access to p(-). Instead we believe the samples in D; are drawn
from an observed distribution g(x,y") (different from p(-)) and we
venture to minimize £ = E(y, yr)~q(x,y) @ (%, y") - €y, fr (x;0r)),
where the importance weight term a(x, y") is defined as

_py) _ (p(yr |x)) _ (@)

q(xy")  \q(y" [ x) q(x)
N—— ———
label correction feature correction

a(xy") ey

?Here we talk about redemptions but the same applies to clip actions as well.
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Note that delay correction with importance sampling involves
two factors corresponding to the target labels and the features. It
is common for many production systems to use historical event
rate (e.g. historical CTR) as warm-start features in the model whose
computation is biased due to delayed arrival of the target label.
Unlike prior works that ignore the feature computation bias, our
framework allows us to seamlessly incorporate both the effects.

2.1.1 Importance Sampling for Label Bias Correction. We train a
wait-time prediction model p(w” | x) that tells us how long we
must wait before the observed redemption label for issuance x can
be consumed (for model training purpose). Note that the wait time
construct gives us a controllable lever to trade-off freshness of the
model with maturity of the target labels. It is imperative to partition
training dataset Oy into three sets after sampling a wait time w] ~
p(w" | x;) for each issuance: (1) eden generation (Dy): contains
instances from 9; where a; < wl.r . Instances in the eden generation
are excluded from the training dataset as they are deemed to be
immature. (2) old generation (Dy): issuances from the past where
the enclosed coupon has expired i.e. §¢ > a;, thus lending the
feedback observable. For instances in D7, p(x,y") = q(x,y"); (3)
young generation (.’Dty = D¢\ (D7 U DY)): where the age a;
of an instance is more than the wait time w]. These are the only
issuances with p(x,y") # q(x,y").

We begin by deriving the relationship between g(y"|x) and
p(y"|x) which simplifies the derivation of importance weights.

q(y" =1lx) =p(y" =1lx) - p(&" < alx,y" =1) @
Early Positive
q(y" = 0lx) = p(y" = 0x) +p(y" = 1|x) - p(8" > alx,y" = 1) (3)
———
Real Negative Delayed Positive

We plug in our estimate of g(-) to derive a closed-form expression
for the importance weights (Equation 1):

Py =0x) p(y" =0lx)

q(y" =0lx)  p(y" =0x) +p(y" = 1|x) - p(§" > alx,y" = 1)
= gin(x, @) 4

Py =1lx) _ 1 1

g =1k p( <abxy =1 1-5(xa) ?

Here we introduce a pair of auxiliary functions: a classifier g}, (x, a)
that estimates the likelihood of an issuance being true negative after
having observed no redemption till the point of data collection and
a survival function, S” (x, a), that models the delay in arrival of the
redemption signal. Note that to avoid large values of the survival
function in Equation 5 (and hence leading to division by zero), we
override the sampled wait time as w" « max(w’, f) where fisa
percentile of wait time distribution.

2.1.2  Importance Sampling for Feature Bias Correction. Armed
with importance weights for labels, we now turn our attention
to deriving importance weights ‘ZE—;C; to account for uncertainty in
the feature vector. Note that this correction step is required only for
issuances in Z)ty and limited to features that directly depend on the
target label (e.g. historical redemption rate of a coupon) Assuming

that p(x) and q(x) are factorizable, we have:
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Here ¥ contains the indices of features requiring the delay correc-
tion, 7 denotes past issuances that appear in the computation of
the feature xi, 7,7 = {i € I|y{ = 1}, and I,” == I} \ 1"

Sz,r =1,c=1,a)
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Figure 3: High-level architecture of DRrEss including the training
(left, colored in green) and inference (right, colored in blue) stages.

2.2 Entire Space Model for Redemption

Entire Space Model (ESM) is built upon the simple principle of sum-
product rule in probability. In our specific context, a redemption
may occur with or without a prior clip, thus leading to

Py =10) =p(y" =1ly° =1x) - p(y° =1lx)
+p(y" = 1]y° = 0,x) - p(y© = 0|x)

Thus, to build a predictive model for redemption, one may begin
with modelling each of the constituent terms: p(y” = 1|y = 1,x) :=
), p(y° = 1lx) = f°(x), and, p(y" = 1]y° = 0,x) - p(y° =
0lx) = p(y" = 1,y = 0|x) := f™¢(x). At a high-level, the network
computes individual terms f7¢(x), f(x), f"¢(x) and applies the
sum-product rule (Equation 8) to estimate p(y” = 1) = f"(x) =
FE(x) - fI(x) + (1 = £°(x)) - f7¢(x). The model is trained by
minimizing the loss over the predicted clip and redemption,
E(x,yc,yr)~p(x,yc,y’) {[(yc’fc (%)) + [(yr’fr (x))} ()]

2.3 Dress: Delayed Feedback Entire Space
Model for Redemption

®

We are now in a position to illustrate how the building blocks
developed thus far are composed to achieve our final objective: an
entire space model that can handle delayed feedback in both clip
and redemption. Training involves minimization of the importance-
weighted loss function,

E (x,¢,y7)~q (e ye,ym) 206 Y5y X L (W, F () + 07 (7 f7 (x)) }

The form of the importance weights depends on the exact values
of the labels y°, y” which we derive next.
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CaseI(y" = 1,y° = 1). Asboth clip and redemption are observed,
we can write ¢(y" = L,y =1|x) =p(y" =1,y =1,6" < a8 <
a). The importance weight in this case can be written as

1
T p(8r<ad <aly=1y" =1,x)

a(xy* =1y =1) (10)

Case II (y" = 1,4° = 0). As clip doesn’t follow redemption,
y¢ = 0 is a true negative. The observed distribution can be written
asq(y" =1L,y =0|x) =p(y" =1,4°=0,8" < a). The importance
weight in this case can be written as,

1

S <alxny=iy=0

a(xy®=0,y"=1)

Case III (y" = 0,y° = 1). This scenario encompasses two possi-
bilities: true-negative redemption and delayed-positive redemption.
The observed probability is the net sum of these two outcomes.
The importance weight a(x,y¢ = 1,y = 0) can be written as
the following ratio (for brevity, detailed derivation is deferred to
Appendix A),

Py =1y"=0]x)
p(yr=0yc=186<alx)+p(y" =1,y°=1,6°<a,é" > a|x)
(12)

Note that we don’t need to estimate individual terms, the im-
portance weight can be estimated by a conditional true negative
classifier g(x,a) = p(y" =0 | x,y° = 1,6 < a). The classifier is
trained on all samples with observed clip signal, i.e. y° = 1 and
6 <a.

Case IV (y" = 0,y¢ = 0). We explore all four possibilities for the
observed labels corresponding to true-negative and false-negative
clip and redemption. The importance weight in this case can be
estimated by a joint true negative classifier h(x,a) = p(y" =
0,4 =0 | x,8" > a,8° > a). The classifier is trained on samples
with no observed clip and redemption up to time ¢t = t; + a. For
brevity, detailed derivation is deferred to Appendix A.

The estimator for importance weights can be plugged in to derive
the correction terms for features as shown in Section 2.1.2. Figure 3
shows the high-level architecture of DREss. All components are
implemented as deep neural networks with learnable set of param-
eters. The right part of the figure (colored in blue) implements the
entire space model which is queried during the inference time. The
left part (colored in green) is used only during training and imple-
ments classifiers and survival functions to estimate the importance
scores.

3 RISK MINIMISATION IN DRESS

We now develop a theoretical framework to analyze the efficacy
of DRrEss, as well as the related family of algorithms based on Im-
portance Sampling (IS). The framework is built upon Influence
Function [10], which studies the effect of training dataset perturba-
tion on model parameter and test risk.

3.1 Background

Had we enjoyed access to Do — the aged version of Dy, where a; >
5; ,Vi € [N], so that y; reflects the eventual redemption label - we
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Figure 4: Effect of FLIP and ImPs through the lens of Influence Func-
tion. Row (a) corresponds to D, with samples x1, - - - , x4 (hatched)
in the Old Generation, and xs, - - - , x15 in the Young Generation. The
content of the cell is its label, and the color indicates the value of
®: benign, ®; < 0, is painted white, whereas harmful, ®; > 0, is
painted red. A darker shade of red implies accentuated harmfulness
(we omit the color gradient on benign samples for clarity). Row (b)
corresponds to D, which is the result of FLIP on (a). Row (c) and (d)
result from applying Imps and FL1P on (b), respectively.

could obtain the optlmal parameter under the Empirical Risk Min-
imisation framework, 0 = = argming Zl 1 Nf(yl,f,(xl,e)) Simi-
= {(x.y))
drawn i.i.d. from p(x,y"), we could calculate the empirical test risk
as LM(0) = 3 I, 05 fr(x530)).

In what follows, we study the perturbation in £M (HA) result-
ing from a perturbation of the training dataset, Do, which, in

larly, given access to a set of M test samples, DM :

turn, perturbs 0.1In particular, we study two types of perturbations:
Frip, where redemption labels are selectively flipped, y} +— zI,
inducing a corresponding change in the associated training loss,
T fr(xi:0)) > (27, fr(xi:0)); and, Imps, where each train-
ing loss term is scaled in accordance with IS: NI fr(xi50)) &

1 p(xi,y7) P( uy,)
N gy’ )[(yl,fr(xl,e)) Specifically, setting el

to discarding sample i from the training dataset.

In order to quantify the effect of perturbation on empirical test
risk, Influence Function studies an interpolated version of the per-
turbation, where an infinitesimal change is administered to the
training dataset. The interpolated version of FLIp is: % £(yy, fr(xi; 0)
) ﬁ{’(y{,fr(xi; 0)) + et (2], fr (xi;0)) — €it (Y}, fr (xi;0)), where
€ € [0, ﬁ] is the amount of the change, with €; = ﬁ signifying the
completion of the FLIP operation. Similarly, the interpolated version
of Imps is: ﬁt’(yir,fr(xi; 0)) — ﬁt’(y{,fr(xi; 0)+eit(y], fr(xi; 0)),

where €; € [O, ﬁ (p(x’:’yi) - 1)] is the amount of the change.
q(xl’ y,— )
Infinitesimal perturbation allows one to quantify the correspond-

. . .. a O
ing rate of change in empirical test loss, ®] = % |e;=0,

= 0 amounts

where 5; is the optimal model parameter obtained by minimising
the perturbed training loss, and o denotes the specific perturbation
operator (or a composition thereof). To this end, [11] furnishes the
following closed-form expression for <I>l.FL, corresponding to FL1p,
when the loss function is twice-differentiable and strictly convex:

oft =~V LY DS Vot (2], f (x5 0) — Vot(y], fr(xis0)))
(13)
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Where, H§ = ﬁ Zfil Vgt’(yir,fr(xi; 5)) is the Hessian matrix

computed at 0. Similarly, [10] furnishes the following close-form
expression for Cbis:

o = Vo LMOH Vol (4] fr (xi:6)) (14)

For a small, non-infinitesimal perturbation, ¢;, following [10], we
approximate the resultant change in empirical test loss as €; X @7.
Lastly, following [9], the net change caused by perturbing a group of
training samples by ¢; each, Vi € 7, is approximated as 3’ ;¢ 7 €;X®;.
Equipped with this framework, we now turn our attention to the
analysis of delayed redemption.

3.2 Risk Amplification

Delayed redemption can be viewed as an instance of the FLip opera-
tion on Deo, where the (delayed) positive samples, with y7 = 1,a; <
o7, are declared negative in D; by setting z] = 0. This operation
introduces False Negative (FN) samples in O;. Assuming the spe-
cific loss function in use is Binary Cross-Entropy, and summoning
Eq. 13, we derive the following theorem:

THEOREM 3.1 (RISK AMPLIFICATION). LetZ)tFN = {(xi,z{)|(xi, yr
) € Deo,yf = La; < 51’} be the set of FN samples in D;. Assum-
ing 0 to be the optimal model parameter obtained from Do, and

OFL to be the optimal model parameter obtained from Dy, we have
— —~ IS

M QFL _rM 0) = @; _
LM - £M(5) Py

Discussion. Proof is deferred to Appendix B. For harmful 3 sam-
ples in .‘DtFN with KDES > 0, Theorem 3.1 suggests a reduction in
empirical test risk. On the other hand, the originally benign sam-
ples with fDis < 0 have now been turned harmful by FLip. Moreover,

1
N ZieDfN

since fr(x;; GA) ~ 1,Vi € DEN, the harmfulness is accentuated, re-
sulting in an amplification in the empirical test risk by a factor of

—1 oad) Fig. 4 illustrates the process pictorially, where row (b)
r{Xi
depicts the result of the FL1p operation on row (a) highlighting the

risk amplification. The left panel in Fig. 6 indeed demonstrates the
amplified test risk demonstrated by FTT+EAGER, which corresponds

to OFL.

3.3 Risk Mitigation
A natural question to ask at this point is whether IS indeed mitigates
the amplified empirical test risk, LM (6FL). Specifically, if !S°FL
is the optimal parameter obtained by minimizing the (scaled) loss
function introduced in §2.1, is LM(Q'S"FL) < LM(QFLV

To this end, we recall from Eq. 4 that each sample i € D; with
a negative label, yf = 0, is assigned an importance weight of
97, (xi, a;). If this function is perfect, it effectively drops all the
FN samples in Z)tF N — including the harmful ones - thus mitigat-
ing the amplified risk. We formalize this intuition in Theorem 3.2
below:

THEOREM 3.2 (RISK MITIGATION). If g’ (xi,a;) = 0,Vi € DN,
and gy, (xi,a;) = 1 for all other negative samples in .‘Dt \ OFN,
LM(QISoFLy_ pM(gFLy < _ L ZIEZ)FN @ +216D2‘y I ﬁﬂ@ls

3As noted in [11], harmful samples comprise of noisy and out-of-distribution samples.
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Data analysis on Coupons dataset
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Data analysis on Taobao dataset
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Figure 5: Left figure: a) fraction of redemptions (in red) taking place d days after coupon issuance (d € [0,30]), b) fraction of redemptions on day
d that are preceded by a collect event on some day d’ < d, on the Courons dataset. Right figure: a) fraction of conversion on day d (d € [1,7])
after click on the item, b) fraction of conversions preceded by a pre-conversion signal (add-to-cart in green and favor in red) on some day d’ < d.

Discussion. Proof is deferred to Appendix C. While IS has the
desired effect on Z)tF N_ it also perturbs the weight of the positive

samples by a factor of (refer to Eq. 5). As mentioned

1
1-87(xi.a:)
in §2.1.1, ensuring that we wait long enough (at least § percentile
of the wait-time distribution) before inducting a training sample

in the Young Generation, we have 1 — S"(x;, a;) > f. This further
ensures that limg_,, LM(QISeFLy _ pM(gFLy = —% ZieDtFN <I>l.S
- guaranteeing mitigation of the risk posed by Z)tF N (recall that
the FLIP operation has turned originally-benign instances in Z)tF N
harmful 4, as established in Theorem 3.1). Row (c) in Fig. 4 illustrates
this pictorially.

In reality, however, true-negative classifiers are not perfect. Specif-
ically, when g}, (x;, a;) = € for all negative training samples, D;\‘,
LM(QISoFLy _ pM(gFLy » (e - %) Sepy @13 This, sadly, does
not guarantee risk mitigation unless € = o(ﬁ), in which case, it
effectively throws away all of Z)g\' - FN and TN alike.

Pre-redemption engagement signals incorporated in DRESs boost
the accuracy of the TN classifiers, g(x, a) and h(x, a), by adding
informative features. Formally, Theorem 3 in [2] suggests that the
test risk increases by an (additive) factor of /2I(Y"; X¢|X"), where
I(Y"; X¢|X") is the Conditional Mutual Information between the
label, Y", and the features derived from pre-redemption engage-
ment, X¢, given the rest of the features, X”. The right panel in Fig. 6,
where Mutual Information (MI) monotonically increases as more
(synthetic) collect events are injected, demonstrates that test loss
indeed decreases as MI increases.

4 EXPERIMENTS

In this section, we present a set of offline and online experiments to
evaluate the performance of our model, in comparison to baseline
techniques. We first present our findings on a coupons dataset
collected from an emerging marketplace followed by results on a
publicly available dataset on product recommendation. We glean
some insights on the inner working of our model via a suite of

4For clarity of exposition, we overload <I>'i5 to denote harmfulness in DN - not in
Do, unlike Theorem 3.1.

semi-synthetic experiments. Finally, we conclude this section with
findings from an online experiment.

4.1 Dataset

The Courons dataset contains randomly sampled 25MM coupon
issuances to customers, their redemptions and collect signals over
a period of three months from an emerging marketplace. The ob-
jective is to estimate the redemption probability for each issuance.
The customer data for the experiments with the Courons data was
anonymized and wherever possible numeric representations (aka.
embeddings) were used. We also report our findings on a public rec-
ommendation dataset [26, 27] (referred to as TAOBAO). It contains
user-item interactions from Taobao ® during the period Nov 25 to
Dec 3,2017. Each record in the dataset is a user interaction of the
form click (89.5%), purchase (2.1%), add-to-cart (5.5%) and favoring
(2.9%). The dataset represents user shopping journey starting with
a click on a product page which may eventually lead to a purchase
with optional pre-purchase signals such as add-to-cart and favoring.
We randomly sample 10MM interactions containing approximately
600k unique users and 2.4MM unique items. We group interactions
by user-id and item-id, mapping purchase and pre-purchase signals
to the nearest preceding click.

We conduct data analysis on both datasets to validate our as-
sumption on DRrEss. In Figure 5 (left) we show the result of this
analysis on the Coupons dataset. The figure shows that while a
significant number of redemptions happen on the day of issuance,
there is a long tail of redemptions leading up to a month. The green
plot shows fraction of redemptions that are accompanied by an
early collect i.e. that fraction of redemptions on day d that are pre-
ceded by a collect on day d” < d. It can be observed that this plot is
quite stable (~ 10% deviation) across days. Note that the y-axes in
this plot are randomly scaled due to confidentiality.

Figure 5 (right) shows our analysis on the TaoBao dataset. We
plot fraction of purchases (in red) happening d days after the click
on the item and fraction of conversions on day d with a prior
add-to-cart (in green) and favor (in blue) action. While conversion

Shttps://tianchi.aliyun.com/dataset/649
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Table 1: Comparison of offline performance of various delay strategies on the Coupons dataset in terms of ROCAUC and PRAUC metrics.
Note that absolute numbers are not shown due to confidentiality. Instead we take FrT + EAGER as baseline and show relative improvements in
metrics for other models. The models are evaluated with progressive validation strategy where metrics for only five randomly sampled days

are shown for sake of brevity.

Models day1 day2 day3 day4 day5
ROCAUC | PRAUC | ROCAUC | PRAUC | ROCAUC | PRAUC | ROCAUC | PRAUC | ROCAUC | PRAUC
FrT + LAzY -1.05% -1.34% -089% -1.03% -1.33% -2.56% -2.27% -4.38% -2.77% -5.68%
Esm + EAGER -0.42% 0.34% -0.76% -1.67% 4.62% 21.04% | 11.17% 8.75% 2.83% 22.16%
FrT + ImPS [25] -0.68% -1.17% -0.10% 1.25% 4.99% 26.08% 12.73% 25.97% 3.36% 16.71%
DrEess (Esm+ Imps) | -0.60% 2.82% 0.92% 2.48% 6.19% 29.37% | 12.98% 27.62% | 1.86% 29.73%

varies across days, there is little variation (< 5% variation) in the
fraction of conversions with a pre-conversion signal. The following
observation can be made from this experiment: a) there is large
variation of redemption (conversion) across days which fools simple
delay strategies such as EAGER to incorporate wrong labels in model
training, b) significant fraction of redemptions are accompanied
by pre-redemption events. These pre-redemption signals are less
sparse and they arrive sooner than the redemption label, which is
our premise of DRESS.

Table 2: Datasets used for evaluation of various delay strategies.

#
Dataset | #samples | #users 'coup ons
/items
Coupons | 20MM 5MM 750
Taobao 10MM 0.6MM | 2.4MM

4.2 Experimental Setup

We adopt the following evaluation protocols for offline evaluation:
a) out-of-time: model is trained on 30 days of data and test set is
selected as two weeks period subsequent to train, b) progressive
validation: train on period [d — 30, d] and test set is selected on
day d + 1 and d is varied across the month. This protocol simulates
typical industrial environment where models are retrained on a
daily basis using latest available data. For model evaluation on the
test set, we always use matured labels i.e. for an issuance on day d,
the labels are borrowed from day d + 30.

Featurization: For the coupons dataset, each issuance event is
represented via a feature vector consisting of numeric attributes
(incentive amount, historical redemption and collect rates, customer
shopping history etc.) as well ID features (couponID, categoryID
etc.). All numerical features are standardized with min-max scaling
before feeding into the model. For categorical features, we learn
their embeddings. The recommendation dataset doesn’t provide
any user feature. Therefore, for each click, we define the last 5
interacted (clicked, favored, added to cart and purchased) item-ids as
arepresentation of user history. We use an embedding layer to learn
dense representation of item-ids. To handle multiple pre-purchase
signals, we take their union and the timestamp corresponding to
the earliest event.

Survival Function & True-Negative Classifier. To simplify the de-
sign, in this work we do not implement the survival functions and

real-negative classifiers as learnable models. Instead, we exploit the
fact that although the collect and redemption time distributions
vary across the coupon types, they are stable across days. In particu-
lar, we estimate the coupon type specific survival functions with the
empirical univariate or bi-variate cumulative distribution functions
(CDF). More formally, we represent the survival function as a table
F(z, a) where z is the coupon type and each entry in the table repre-
sents p(8° > a,6" > a | x,4° = 1,y = 1) = F(type(x), a). Here a
represents the age of the coupon in unit of days. We follow similar
procedure for representing the true-negative classifier empirically.

4.3 Baselines

For designing appropriate baselines, we first note that the majority
of the literature, such as [25], that employ importance sampling to
correct for delayed feedback has been developed in the context of
streaming data, where training instances are considered immutable.
Such baselines are inherently at a disadvantage in a batch setup,
where can afford to utilize the most recent label information for
each training instance. Furthermore, baselines suitable for a batch
setup, such as [3], are not considered in our design space, given
the iterative nature of the expectation-maximization algorithm
which exacerbates the time and cost associated with each training
run and they are already superseded by recent advancements (e.g.
ES-DFM [25)).

We construct various baselines by incorporating the following
delay strategies in model training: a) EAGER: sets the target variable
as per the observed redemption label. This strategy is commonly
employed in practice due to its simplicity although it uses incorrect
labels for delayed positives. b) Lazy: training data on day d consists
of issuances till day d — A, for a pre-specified parameter A. Note that
this strategy trades off data freshness in favor of label correctness.
For our experiments, we set A = 7. ¢) IMPs: importance sampling
based scheme for delay correction as employed in DREss and in [25].
Note that FrT+ ImPs (or MLP+ IMPs) is same as a batch version of
the popular ES-DFM [25] algorithm.

We use the recently proposed FTTransformer [6] (referred to
as FrT) as the baseline model in our experiments. FrT learns a
transformation of both numeric and categorical features via an
embedding layer. It borrows the transformer architecture from NLP
domain [20] and extends it to tabular datasets. Further, we report
experiments on a two layer feed forward network (refered to as MLp)
to demonstrate that our algorithm gives performance boost across
different choices of model architecture. Entire Space Model (referred
to as Esm) is implemented by having separate heads for estimating
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Py | x).p(y" | v¢ = 1,x),p(y" | y° = 0,x) and combining their
output using sum-product probability rule to estimate p(y” | x).
Depending on the context, we use either FTT or MLP as the backbone
architecture for implementing Esm.

We use PyTorch [15] library to implement all our models. Train-
ing is done on a single Nvidia V100 GPU. Batch size is varied be-
tween [1024, 2048, 4096]. Adam optimizer is used for model training.
The learning rate and weight decay parameters are tuned on a vali-
dation dataset and their optimal values are found to be 1e — 4 and
le — 5 respectively. We employ early-stopping with patience set
to 5. For FTT and MLp, we set embedding dimension to 128 with a
dropout [18] of 0.1. Further, for FTT we use 3 layers of transform-
ers and for MLP we use 2 layers of fully-connected networks with
softmax activation, batchnorm [8] layer and dropout.

4.4 Results

4.4.1 Baseline Comparison. In Table 1, we show the offline perfor-
mance of various delay strategies with the FTT baseline, in terms
of ROCAUC and PRAUC metrics. For confidentiality reasons, we
don’t reveal the absolute numbers but present relative improvement
w.r.t. the FTT + EAGER baseline (refer to Section 4.3). The models
are evaluated using progressive validation strategy across all days
in a month but in the table, we show metrics for randomly sampled
5 days, for sake of brevity. DREss convincingly outperforms all the
baselines across days achieving performance lift in the range of
0.92% — 12.98% on ROCAUC and 2.48% — 29.73% on PRAUC.

Table 3: Comparison of offline performance of various delay strate-
gies using MLP architecture on the Courons dataset. MLP +EAGER is
used as a baseline and relative improvements of models are reported.
Models are evaluated with out-of-time evaluation strategy.

Models ROCAUC | PRAUC

Mrpr + LAazy -2.35% -4.35%
Esm + EAGER 2.93% 8.70%
Mrp + Imps [25] 2.35% 0.00%
DrEss (Esm + Imps) 3.53% 8.70%

We run further investigation to understand the variation in
model performance across days. It is observed that coupons data
distribution varies significantly across months due to change in
coupon incentives, target segment of customers etc. At the start
of the month, the training data primarily consists of issuances and
redemptions from previous month which contributes to distribu-
tion drift between the train and test datasets. In presence of the
drift, FrT+ EAGER being a simpler model, performs better than more
sophisticated models such as Dress. However, as the month pro-
gresses, training data consists of increasing number of samples from
the current month and we see higher performance gains coming
from DREss and Esm+ EAGER.

The results further suggest that in a dynamic environment such
as coupon recommendation, waiting for matured label (FTT+ LAzZY)
is a much inferior strategy than consuming incorrect labels (FrT+
EAGER). Further, leveraging any pre-redemption signal such as
collect via Esm gives up to 22.16% lift as compared to using incorrect
labels. In general, we observe that lifts are higher for PRAUC than
ROCAUC. This is an artifact of class imbalance as ROC metric has
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been observed to be misleading for imbalanced datasets whereas,
precision-recall metrics are specifically tailored for detecting rare
events and are more reliable in those set-up. Table 3 presents offline
metrics with the MLp architecture which shows similar trends.

In Table 4, we show the results of our offline experiments on
the TaoBAO dataset. As this dataset has only 7 days of data, we
evaluate using out-of-time strategy (first 5 days of data used for
training). DRESs achieves significant improvement over all baselines
in terms of ROCAUC and competitive performance on the PRAUC
metric. Our hypothesis is that the performance of DREss and all
baselines on this dataset are limited due to a) absence of user long-
term features, b) limited span of data that prevents us in accurately
estimating the survival and real-negative classifiers.

Table 4: Comparison of offline performance of various delay strate-
gies on the TaoBAO recommendation dataset using MLP architecture.
Models are evaluated using out-of-time evaluation strategy.

Models ROCAUC | PRAUC
Mrp + EAGER 0.59 0.12
Esm + EAGER 0.64 0.19
Mrp + Imps [25] 0.62 0.15
Dress (Esm + Imps) 0.68 0.18

4.4.2  Semi-synthetic Experiments. To gain further insights on the
performance of DREss, we design a suite of semi-synthetic ex-
periments on the Coupons dataset. Our objective is to control a)
the distribution of delay in redemption and collect signals and
b) mutual information between redemptions and collects and ob-
serve how these choices impact the model performance. Following
standard practice [3], we fit exponential distribution to the set
of observed delays i.e. we model p(6" | A;) o« A, - e 49" and
P8 | Ac) o A¢ - e~ %49 where the parameters A, A. are estimated
via maximum likelihood estimation (MLE) technique. Let Ar, Ac be

the MLE estimates. We define « = f
In what follows, we vary /% € {1,10,20---100} to simulate

>

an environment where the mean delay in redemption is % and
for each data-point (x,y¢ y") with y* = 1, we sample a delay
8" ~ p(8” | Ar). To account for delay in collects (for samples with
y¢ = 1), we set A = A, - @ and sample 6° ~ p(5° | Ac). Each
simulation is repeated 5 times and we report the average over runs.
Note that for this simulation, we manipulate only the delays and
not the target labels. We also consider an oracle version where
redemptions are known instantly, corresponding to delay of 0. We
follow out-of-time validation strategy for all experiments.

In Figure 6 (left), we plot the test loss for Dress and the baseline
FrT model. Note that the baseline model uses EAGER strategy for
delay correction. We observe that, in general, loss increases with
higher delays for both the models. However, DREss is robust to the
variation in redemption delay incurring < 5% increase between §" =
0 and 100. On the other hand, FTT + EAGER increases monotonically
incurring +100% increase in loss as the mean redemption delay is
varied between the extremes. The baseline model is affected by
two factors: a) higher delays introduce more false negatives in
training label, making the target variable increasingly sparse, b)
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Figure 6: Results of semi-synthetic experiments on the Courons dataset.

redemption delay introduces drift between train and test labels
and the baseline model is evaluated on a dataset highly different
from what it has been trained on. Note that the findings from
this experiment corroborates the theoretical analysis presented in
Section 3.

In the second set of experiments, we vary the mutual informa-
tion between collects and redemptions and observe its impact on
the model performance. We achieve this by randomly dropping
and adding a percentage of collect signals. More specifically, for a
parameter 6 € [-70,50], we drop or add 6 percentage of collects
ie. if § = =50 (say), we drop 50% of existing collect signals. For
each value of 0, we report the test loss of DRess and Esm + EAGER
averaged over 5 runs. In Figure 6 (right), we observe that both
models are sensitive to the density of collect signals in the dataset.
Dropping collects has an adverse effect on the model performance
as it amplifies the sparsity of the target variable.

| Redemption, collect labels and timestamps

Data sources:
S3, Redshift,
DynamoDB

S\

Redemption, collect,
coupon expiry

Coupon and
customer data,
target labels Daily ization job
on Apache Spark

Importance weight
estimation

Coupon issuance I

Daily model training

Figure 7: High-level system architecture of DRESs.

4.4.3  Online Experiments for Redemption Prediction. To test the
efficacy of the framework, we conduct an A/B test where we issue
coupons to customers based on the estimated likelihood of redemp-
tion. For the treatment group, we de-bias the model training using
Dress whereas, the control group uses the EAGER strategy for delay
correction. The baseline model is kept same for both the cohorts.
The experiment was run for a month in an emerging marketplace.
A/B test results indicate +10 basis point improvement in number of
coupon redemptions. The model has been deployed to production
(refer to Figure 7) and is invoked for all coupon issuances.

5 RELATED WORK

Delayed Feedback: There are two schools of thought within the
literature on DF. The first stream, founded by the seminal work [3],
treats the immature labels as a latent, random variable and employs
expectation-maximization (EM) to estimate them in tandem with
the conversion prediction. More recently, [19] and [4] carried this
forward, with the latter arguing that EM can mitigate the bias inher-
ent in the importance sampling (IS). However, EM, being iterative,
puts more demand on the runtime and cost associated with train-
ing, and is detrimental especially when training runs daily. On the
other hand, the IS line of work minimizes a importance-sampled
version of the empirical loss in order to correct for drift introduced
by immature labels and duplicated instances in training dataset, an
artifact of immutability in a streaming training setup. [25] and the
references therein illuminate the underlying design principles be-
hind performing IS in a streaming setup - and thus are not directly
applicable to our batch setup.

Entire Space Model: ESM was introduced in the landmark work [12]
in the context of conversion modeling in display advertisement, and
was further developed by [23]. This line of work exploits the abun-
dance of pre-conversion events, such as click and add-to-wishlist, in
order to model the rarer conversion event. [22] combines ESM with
DF for display advertisement conversion modeling, and to the best
of our knowledge, the only published work to do so. However, [22]
employs EM-style iterations , thus rendering DRESs to be the first
attempt at combining ESM and DF via IS, a cheaper alternative.

6 CONCLUSION AND FUTURE WORK

We consider the problem of issuing coupons to customers with
the goal of maximizing number of redemptions. The coupon rank-
ing problem is challenging because of data sparsity and delayed
feedback of the target label. We present a novel algorithm DREss
which presents a unified architecture to address both these chal-
lenges seamlessly. Experimental evidence suggests that the model
outperforms traditional baselines for coupon redemption modeling.
As a next step, we will experiment with enhancements of DRESs
and evaluate our algorithm on other recommendation problem
scenarios.
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APPENDIX

[22

A DERIVATION

Case III (" = 0,y¢ = 1). This scenario encompasses two possi-
bilities: true negative redemption and delayed positive redemption.
The observed probability is the net sum of these two outcomes.
We can write g(y" = 0,y =1 | x) = p(y" =0,y = 1,6° < a |
xX)+py =1,y°=16<ad >alx).

Case IV (y" = 0,y° = 0). We explore all four possibilities for
the observed labels. (a) true negative clip and redemption: in this
case, the observed probability is same as p(y” = 0,y = 0 | x),
(b) delayed redemption: p(y" = 1,4 = 0,8” > a | x), (c) delayed
clip: p(y" = 0,4° = 1,5 > a | x), (d) delayed clip and redemption:
p(y° =1,y" =1,6°> a,8" > a| x). The observed probability is
the sum of probabilities for all the four scenarios above,

q(y*=0y"=0]x)=p(y" =0y°=0]x)
+p(y" =1,4°=0,8" >al|x)
+p(y" =0,4°=18>alx)
+p(y* =1y =1,6>ad >al|x) (15)
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B PROOF OF THEOREM 3.1
Proor. We note that FLip selectively flips some positive labeis to
negative, y; — z;,where yl.r = l,z; = O.Therefore,t’(z;,ﬁ(xl-; 0)) =
~log(1 ~ fy (xi:0)). and. £(y]. fy (xi:0)) = ~ log(f; (xi: 0)).
Therefore, LM(GIF\L) - LM(é\) becomes,

= Z eicbfL (From [9])
ie DN

=- Z eiVQLM(é)HGII (From Eq.13)
ieDIN

(Vot(a]. fr (xi:0) = Vot (4], f (x:0)

- D, aVoLM(@H

ie DN
(_ Vgﬁ(xi;g) _ Veﬁ(xi;g))
1-fi(x30)  fr(xis0)
=y e,-V(;LM(§)H9:1V9ﬁ(x’19)
ieDIN Jr(xi;0)
fr(xi50) +1)
1- fr(xi:0)
= - Z € (—VQLM(a)Hg:Ing(y;,fr(xi;5)))
ie DN

sl
1— fi(xi:0)

IS
cI)i

€ ——=
ie DN 1= fr(xi;0)

1 o!S
=5 Z i

ie DN 1- fr(xis 5)

(From Eq.14)

(From §3.1)

[m}
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C PROOF OF THEOREM 3.2

ProoF. Since Theorem 3.2 assumes a perfect true-negative clas-
sifier, g}, (x;, a;), following Eq. 4, Importance Sample effectively
discards all false-negatives in Df N from the training data, but leaves
the other negative instances intact.

Similarly, all positive instances are up-weighted with an im-
portance weight suggested by Eq. 5. Moreover, as noted in §2.1.1,
(8] < ajlxi,y] = 1) > B, where f is a percentile of wait time
distribution. _

Thus, LM (9'S°FL) — £M(FL) becomes,

= Z eiq>i<s+ Z

ie DN i€ Dely;=1

= —% Z (I)£S+ Z 61'(I)LS

ie DN i€ D¢ly;=1
1 1S
=N D, o+
ie DN
1 1
(8] < ailxi,yl =1)

ei<I>1~S (From [9])

1)c1>1.5
ieD;ly=1

1 s, 1 1 IS
< _N Z q)i + N Z (E - l)q)l
ie DN i€ Dyly;=1

chyeed S

ieDls i€ Dy;=1

(From §2.1.1)

1_
ﬁq);s

B

(From Eq. 4 & §3.1)

(From Eq. 5 & §3.1)
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