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ABSTRACT
Product brands employ shopper marketing (SM) strategies to con-

vert shoppers along the path to purchase. Traditional marketing

mix models (MMMs), which leverage regression techniques and

historical data, can be used to predict the component of sales lift

due to SM tactics. The resulting predictive model is a critical input

to plan future SM strategies. The implementation of traditional

MMMs, however, requires significant ad-hoc manual intervention

due to their limited flexibility in (i) explicitly capturing the tem-

poral link between decisions; (ii) accounting for the interaction

between business rules and past (sales and decision) data during

the attribution of lift to SM; and (iii) ensuring that future decisions

adhere to business rules. These issues necessitate MMMs with tai-

lored structures for specific products and retailers, each requiring

significant hand-engineering to achieve satisfactory performance

– a major implementation challenge.

We propose an SM Optimization and Inverse Learning Engine

(SMOILE) that combines optimization and inverse reinforcement

learning to streamline implementation. SMOILE learns a model of

lift by viewing SM tactic choice as a sequential process, leverages in-

verse reinforcement learning to explicitly couple sales and decision

data, and employs an optimization approach to handle a wide-array

of business rules. Using a unique dataset containing sales and SM

spend information across retailers and products, we illustrate how

SMOILE standardizes the use of data to prescribe future SM de-

cisions. We also track an industry benchmark to showcase the

importance of encoding SM lift and decision structures to mitigate

spurious results when uncovering the impact of SM decisions.
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1 SHOPPER MARKETING
The primary goal of any marketer is to reach shoppers at critical

moments along their path to purchase. Shopper marketing (SM)

involves understanding how shoppers behave and react to various

marketing tactics and leveraging this intelligence to benefit mar-

keters as well as the retailers [6, 7]. It is one of the fastest growing

forms of marketing for consumer packaged goods. A stroll through

the aisles of a retailer like Target or Walmart would reveal a variety

of tactics that are used to influence consumer decisions. In-store tac-

tics like paper signage, endcap displays, samples and live demos are

combined with pre-store tactics such as coupons, advertisements,

mobile and social media campaigns [16]. Given the multitude of

tactics deployed, marketers face difficulties in estimating and iso-

lating the revenue lifts associated with the SM tactics. Tactics are

often used in combination, and it is not clear what tactics should

be combined for specific product-market combinations.

A core goal of brands employing SM is to choose tactics to max-

imize the sales of a product at one or more retailers over a finite

planning period (e.g., a quarter) while respecting budget constraints.

Tackling this problem involves challenging lift attribution and tac-
tic planning steps. During the lift attribution phase, the increase

in sales (i.e., lift) due to SM tactics needs to be mined, that is, we

require a model to predict the impact of using SM tactics over time.

Historical weekly lift for a product and retailer can be calculated

using sales analytics provided by external vendors such as Nielsen
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and IRI, where lift is often defined as weekly sales volume minus

an estimate of base sales volume with no promotional activities.

Since historical lift data accounts for all merchandising activities

at a retailer in a given week, our predictive model must be able

to attribute a component of this lift to individual SM tactics. This

attribution step needs to also account for the impact of a second

data source containing information on past SM campaigns, which

includes tactic decisions, costs, and planning budget. Once such

a predictive model is available, the tactic planning step uses it to

prescribe future SM tactic decisions while respecting business rules.

Attributing lift tomarketing strategies is a core task ofmarketing-

mix models (MMMs) [19]. Traditional MMMs estimate lift by lever-

aging statistical techniques. Popular examples include Bayesian

linear mixed models (BLMMs) [4, 17], which compute a posterior

distribution of the regression coefficients supported by data and

prior information. Although statistical techniques are effective at

incorporating several exogenous sources of data, they have limited

flexibility as methods for dealing with past SM decision data, as

explained next. First, traditional MMMs do not capture the tempo-

ral nature of the SM planning process that generates the sales and

tactic data. Second, they lack an explicit and interpretable coupling

between the estimated SM lift model and past SM tactic decisions,

even though past tactic decisions are clearly guided by an SM lift

model. Finally, several business rules (e.g., spending constraints

and limits on the number of active strategies) impact the chosen

SM tactics but typically MMMs cannot capture rich constraints or

become difficult to train when they are constrained.

The above challenges translate to an ad-hoc work flow that in-

volves significant hand-engineering to apply MMMs for SM lift

attribution and tactic planning. Specifically, MMMs need to be con-

structed and trained in the lift attribution phase and subsequently

used in a tactic planning phase to validate its performance. If the

performance is poor, parameters in the lift attribution phase (e.g.,

prior distribution in BLMMs) need to be modified largely by trial

and error until acceptable results are observed in the planning

phase. Further, these changes are data specific, which results in the

need for maintaining specialized MMMs for different retailers and

products – a major implementation hurdle.

1.1 Contributions
We introduce an SM Optimization and Inverse Learning Engine

(SMOILE) to overcome the aforementioned issues with traditional

MMMs. Our main contributions via SMOILE are summarized below.

• We design a data-driven modeling framework that is based

on viewing SM tactic choice as a sequential decision mak-

ing process in both lift attribution and tactic planning, thus

making these steps consistent.

• We develop a method that trains an SM lift attribution model

by coupling rich sources of data related to sales lift and SM

decisions from external vendor and brand databases, respec-

tively. To elaborate, the lift model parameters are trained

on observed lift data while simultaneously ensuring that

the trajectory of past SM decisions are "near-optimal" with

respect to the model being trained and, in addition, respect

business rules. Implementing SMOILE requires tuning two

interpretable parameters that control for overfitting and the

potential suboptimality of historical SM tactic decisions. The

core ideas underpinning SMOILE extend approaches in em-

pirical optimization (EO) [3] and inverse reinforcement learn-

ing (IRL) [12] to make them applicable to our SM setting.

• Using a case study involving a unique dataset from multiple

retailers and products, we provide an illustration of how

SMOILE can be configured for SM lift attribution and tac-

tic planning. Our results highlight two useful insights: (i)

making the training phase of the SM lift prediction model

consistent with its downstream use for planning by lever-

aging data on past SM decisions leads to better predictive

models; and (ii) spurious results on the impact of SM deci-

sions can be mitigated by directly enforcing structure on

the lift model capturing behavioral effects specific to SM.

Example of such effects include the reduction in lift due to

an SM tactic caused by waiting and satiation, where waiting

is when a customer postpone using or being exposed to an

SM tactic if this tactic is available for several future weeks,

while satiation relates to fewer customers being engaged by

an SM tactic if it has already been employed for a long time.

Through these contributions we standardize the use of SM deci-

sion data for lift attribution and planning. This standardization

streamlines implementation and reduces the burden of maintaining

multiple specialized MMMs. Moreover, the framework we develop

is relevant for data-driven decision making beyond SM.

1.2 Related Work
Estimating the value of marketing strategies is a classical data

mining problem tackled in marketing-mix or media-mix model-

ing [5, 8, 9, 14]. The review by [19] highlights revived interest in

estimating lift due to marketing activities from multiple sources

of data at different points in the path to purchase of a consumer.

While advanced techniques based on causal inference and strate-

gic consumer behavior represent the frontier of active academic

research (e.g., [15]), such methods have not yet seen significant

adoption by industry [19]. Rather, methods such as BLMMs, or spe-

cial cases thereof, are commonly employed in practice [4, 17, 18].

The techniques in the aforementioned literature, however, do not

account for how lift models are used for optimizing future market-

ing campaigns, nor do they focus on the implementation hurdles

arising in an SM setting. In contrast, we propose a sequential data-

driven modeling and solution framework that trains an SM lift

model in a manner that is consistent with its use for tactic planning,

and in addition, reduces the manual intervention needed during

implementation.

EO provides a framework for model estimation in the context of

sequential decision making processes [3]. EO has also been used

to simultaneously account for regression and decision objectives

during parameter estimation [10, 11]. A standard application of

EO for SM would compute a parametric tactic scheduling rule that

maximizes lift given a historical trajectory of realized lift due to

each tactic. We extend the EO framework to the SM setting in

two key ways. First, a historical lift due to individual SM tactics

is unavailable. In fact, the main goal of the lift attribution phase

in SM is to predict how much of the total lift is associated with

the use of SM tactics. We thus incorporate this attribution problem
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within an EO approach. Second, within our EO framework we use

IRL to handle an addition data source containing past SM campaign

decisions, which is coupled with historical lift and the attribution

problem discussed above.

IRL has been successfully employed to compute unknown reward

functions, typically represented as a linear combination of features,

from historical data trajectories of states and actions [12]. Early IRL

algorithms assumed that historical decisions are optimal [12], while

later methods accounted for the potential suboptimality of decisions

[1, 20]. Suboptimality of past decisions is handled implicitly in

these algorithms with goal of computing good future decisions. In

contrast, our focus in SM is to obtain a good attribution of total lift

across SM tactics that is consistent with past SM tactic decisions.

Therefore, we explicitly allow for past decisions to be potentially

suboptimal in an IRL model using an interpretable scalar parameter

and embed this model as constraints in an EO formulation with a

regularized objective function to handle any resulting degeneracy.

We tune both the suboptimality and regularization parameters using

cross validation.

2 LET’S SMOILE: DATA-DRIVEN LIFT
ATTRIBUTION AND TACTIC PLANNING

Brands plan SM campaigns based on predictions of sales lift due to

SM tactics. Thus, prediction and planning are closely connected. In

§2.1, we present the model in SMOILE for planning SM tactics over

a finite horizon assuming a model to predict SM lift is available.

In §2.2, we introduce the data-driven lift attribution approach of

SMOILE that trains a predictive SM lift model in a manner that is

consistent with its use in the planning formulation of §2.1.

2.1 Tactic Planning
We consider a brand planning SM promotions for a product at R
retailers indexed by R := {1, 2, . . . ,R} over P + 1 planning periods

belonging to set T P = {0, 1, . . . , P}, where period 0 denotes the

initial period. At each period, starting from period 0 and moving

forward in time, the brand may not employ SM or choose from H
distinct SM tactics, with indices in the setH = {1, 2, . . . ,H }. If SM

tactic h is chosen, then the duration of its use must be specified.

A planned tactic cannot be interrupted or modified while it is in

progress.

Example 1. In the first week of January, Mars is planning an SM
campaign for one of its chocolate products at Walmart and Target
for the next six weeks. It is considering the use of demos and in-store
discounts. In our framework, this case corresponds to both the number
of retailers (R) and number of SM tactics (H ) being equal to 2 and
a planning horizon length (P ) of 6. Figure 1 displays a potential SM
tactic plan using colored bars to indicate when a tactic is active.

We begin by modeling the sequential process used to plan an

SM campaign. At period p ∈ T P
and for retailer r ∈ R, we main-

tain information regarding active SM tactics. This information for

an active SM tactic h ∈ H includes the number of periods re-

maining until the tactic ends and the number of periods since this

tactic started, which we denote by urp,h and vrp,h , respectively. If

tactic h is inactive at period p, then we set urp,h = v
r
p,h = 0. Let

Figure 1: Illustration of SM tactic campaign for Example 1.

urp := (urp,1, . . . ,u
r
p,H ) and vr

p := (vrp,1, . . . ,v
r
p,H ). In reinforce-

ment learning parlance, the vector (u1

p , . . . ,u
R
p ,v

1

p , . . . ,v
R
p ) is the

time p state of the process. At time zero, the state is known and

denoted by (ū1

0
, . . . , ūR

0
, v̄1

0
, . . . , v̄R

0
).

At each period p, the tactic choice involves specifying for each

inactive tactic (i.e., all h ∈ H such that urp,h = 0) the duration

of promotion, which could be zero if the tactic is not chosen. To

facilitate modeling, we define a binary auxiliary variable

xrp,h =

{
1, if urp,h > 0,

0, if urp,h = 0,
(1)

that specifies when a tactic h is active. Using this variable, the

decision logic described above is captured using a quantity arp,h
that belongs to set

Ap (u
r
p,h ) :=

{
{0, 1, . . . , P − p}, if xrp,h = 0,

{−1}, if xrp,h = 1,
(2)

where we use −1 to indicate that promotion h is active and thus a

decision regarding its future use cannot be currently made.

Tactic decisions made in each period result in transitions of the

state. The transition of state variables satisfy for each (r ,p,h) ∈
R × T P \ {P} × H the following conditions

urp+1,h = u
r
p,h + a

r
p,h ; (3)

vrp+1,h =

{
vrp,h + x

r
p,h , if xrp,h = 1,

0, if xrp,h = 0.
(4)

We define xrp := (xrp,1, . . . ,x
r
p,H ) and refer to the triple srp :=

(urp ,v
r
p ,x

r
p ) as the SM state vector at time p. Table 1 illustrates

the SM state trajectory corresponding to Figure 1.

We also replace (r ,h) ∈ R ×H , (r ,h,p) ∈ R ×H ×T P
, (r ,h,p) ∈

R×H×T P\{P} with the shorthand (r ,h), (r ,h,p), and (r ,h,p)(−P ),

respectively. Then, a feasible state trajectory (srp , (r ,p) ∈ R × T P)

belongs to the constraint set F (T P) defined as

ur
0,h = ū

r
0,h , ∀(r ,h) (5)

vr
0,h = v̄

r
0,h , ∀(r ,h) (6)

xrp,h = min(urp,h , 1), ∀(r ,h,p) (7)

arp+1,h ≤ (P − p)(1 − xrp,h ) − xrp,h , ∀(r ,h,p)(−P ) (8)
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Table 1: SM state trajectory and decisions for Figure 1.

Week

Retailer Tactic Variable 0 1 2 3 4 5 6

Demo

u 0 0 0 0 3 2 1

a 0 0 0 3 -1 -1 -1

x 0 0 0 0 1 1 1

Walmart

v 0 0 0 0 0 1 2

In-store

discount

u 3 2 1 0 0 0 0

a -1 -1 -1 0 0 0 0

x 1 1 1 0 0 0 0

v 0 1 2 3 0 0 0

Demo

u 0 0 0 0 0 0 0

a 0 0 0 0 0 0 0

x 0 0 0 0 0 0 0

Target

v 0 0 0 0 0 0 0

In-store

discount

u 0 0 0 4 3 2 1

a 0 0 4 -1 -1 -1 -1

x 0 0 0 1 1 1 1

v 0 0 0 0 1 2 3

arp+1,h ≥ −xrp,h , ∀(r ,h,p)(−P ) (9)

urp,h = ar
0,h + · · · + a

r
p−1,h , ∀(r ,h,p) (10)

vrp+1,h ≤ xrp,h (p + 1), ∀(r ,h,p)(−P ) (11)

vrp+1,h ≤ vrp,h + x
r
p,h , ∀(r ,h,p)(−P ) (12)

vrp+1,h ≥ vrp,h + x
r
p,h − (1 − xrp,h )(p + 1), ∀(r ,h,p)(−P ) (13)

xrp,h binary;urp,h ,v
r
p,h , and a

r
p,h integer, ∀(r ,h,p). (14)

Constraints (5)-(6) capture the status of active promotions in period

0. Constraints (7), (8)-(9), (10), and (11)-(13) model conditions (1),

(2), (3), and (4), respectively. Variable domains are specified by (14).

An optimal state trajectory belongs to F (T P) and, in addition,

maximizes the lift in sales volume over the planning horizon. Lift

is defined as the percentage increase in weekly sales volume over

the sales volume when there are no promotions (referred to as base

sales), where the percentage is computed with respect to base sales.

The lift is the output of a predictive model and is a function of the

SM state vector, as well as, other factors such as non-shopper mar-

keting promotions, weather, etc. We thus define an exogenous state

esrp , which is a vector containing all exogenous features (possibly

forecasts) related to retailer r at planning period p. Specifically, the
period p lift corresponding to retailer r at state (srp ,es

r
p ) is denoted

by the function Lrp (s
r
p ,es

r
p ).

The choice of SM tactics can be formulated as the optimization

problem shown below.

max

s

∑
r ∈R

∑
p∈TP\{0}

Lrp (s
r
p ,es

r
p ) (TPO)

s.t. (srp , (r ,p) ∈ R × T P) ∈ F (T P).

The math program (TPO) is a tactic planning model that determines

the SM state trajectory. We will discuss in §3 several business rules

and intuitive specifications of the lift model that can be used in this

framework so that (TPO) can be solved as an integer program using

an off-the-shelf commercial solver such as GUROBI or CPLEX.

2.2 Lift Attribution
The (TPO) formulation discussed in §2.1 employs predictive lift

models Lrp (s
r
p ,es

r
p ) for each (r ,p) ∈ R × T P

to inform sequential

SM tactic choice. Below we propose a data-driven approach to

construct such a predictive model that is consistent with (TPO). To

simplify exposition, we will assume that T P
contains distinct time

periods and that we want to train a different model for each period.

For example, T P
could contain all the weeks in a year.

The periods in our training set are contained in T T
. Historical

lift is computed from point-of-sale and sales analytics data. Let Srt
and BSrt denote the total sales and base sales volumes for training

period t . We reiterate that base sales volume is an estimate of the

sales volume if there were no promotions and is provided by an ex-

ternal vendor such as Nielsen. The lift estimate for training period

t is then defined as L̃rp := (Srt − BSrt )/BS
r
t , where we use ·̃ to high-

light that it is a historical value. Next, the decision data includes all

the information regarding the SM tactics used during the training

periods. This information can be encoded as a historical SM state

trajectory (s̃rt , t ∈ T T). Similarly, historical data regarding non-SM

features are captured in an exogenous state trajectory (ẽsrt , t ∈ T T).

For a given t ∈ T T
, we use p(t) to reference the corresponding

period in T P
. For example, if T P

are indices of the weeks of a year,

then the indices t1 and t2 for the third weeks of 2015 and 2016,

respectively, satisfy p(t1) = p(t2) = 3.

We specify Lrp (s
r
p ,es

r
p ) to be a parametric model at a coarser

time scale than T P
(and hence T T

) so that the underlying model

can learn the behavior of lift due to SM tactics at the finer time scale

of the training set. For example, the planning and training periods

could refer to weeks while the model parameters change for each

month of the year. In more detail, we assume that parameters of the

lift model are indexed by the time periods in set TM
(⊆ T P

) such

that any p ∈ T P
and t ∈ T T

map tom(p) ∈ TM
andm(t) ∈ TM

,

respectively. We decompose lift into components attributable to

external factors and SM tactics. Each component is represented

as a linear combination of pre-defined “basis” functions. The k-th
basis functions modeling the exogenous and SM lift components at

periodm ∈ TM
are denoted by ϕk (s

r
p ) andψk (es

r
p ), respectively.

The predicted lift is

Lrp (θ , β ; srp ,es
r
p ) := EL

r
p (θ ;esrp ) + SML

r
p (β ; srp );

EL
r
p (θ ;esrp ) :=

〈
Ψ(esrp ),θ

r
m(p)

〉
;

SML
r
p (β ; srp ) :=

〈
Φ(srp ), β

r
m(p)

〉
;

where Φ(·) = (ϕ1(·), . . . ,ϕK (·))
⊺
, Ψ(·) = (ψ1(·), . . . ,ψK (·))

⊺
, βrm :=

(βrm,1, . . . , β
r
m,K ), θ

r
m := (θrm,1, . . . ,θ

r
m,K ), β := (βrm , (r ,m) ∈

R × TM), and θ := (θ rm , (r ,m) ∈ R × TM). The notation for the

lift function Lrp (θ , β ; srp ,es
r
p ) is an extended version of Lrp (s

r
p ,es

r
p )

explicitly showing model parameters. Computing the coefficient

vectors β and θ specifies the predictive model, and in particular,

the vector β provides an attribution of lift to the use of SM tactics.

The parameters of the model are computed by solving the fol-

lowing lift attribution inverse optimization (LAIO) problem:

max

β,θ

∑
r ∈R

∑
t ∈TT

Lrp(t )
(
θ , β ; s̃rt , ẽs

r
t
)
− λ∥(θ , β)∥1
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s.t. Lrp(t )
(
θ , β ; s̃rt , ẽs

r
t
)
≤ L̃rt ,∀(r , t) ∈ R × T T

(15)∑
t ∈TT

[
Lrp(t )

(
θ , β ; srt , ẽs

r
t
)
− Lrp(t )

(
θ , β ; s̃rt , ẽs

r
t
) ]

≤ µ

∀{srt , (r , t) ∈ R × T T} ∈ F (T T) (16)

βrp ∈ Br
p ,∀(r ,p) ∈ R × T P. (17)

The objective of (LAIO) is to maximize the regularized cumula-

tive lift across all retailers on the observed trajectory (s̃rt , (r , t) ∈
R × T T). Regularization is used to avoid over-fitting and handle

degenerate optimal solutions. Constraints (15) ensure that the pre-

dicted lift is a lower bound on the observed lift. Constraints (16)

allow the cumulative lift on the observed SM state trajectory to

be µ worse than the analogous lift values on other feasible SM

state trajectories. Finally, conditions (17) specify the domain of the

model parameters. Indeed, any additional side information, includ-

ing business knowledge on the impact of promotions, can be added

as explicit constraints in (LAIO).

Since regularization using a one-norm in the objective function

has a well-known linear representation, (LAIO) is a linear program.

It embeds useful information to help train a predictive lift model.

First, the lower bound condition (15) makes explicit that the predic-

tive lift model being built will, for all practical purposes, be unable

to explain all the lift in the training set (or the validation set for

that matter) using the features in s and es . Thus, a conservative
predictive model of lift is sought. Next, (LAIO) is consistent with

(TPO) due to constraints (16). These constraints are a relaxation of

the optimality condition originally used in IRL, where the observed

SM state trajectory is required to provide lift that is no worse than

all other feasible SM state trajectories. In particular, the business

rules used for planning are implicitly incorporated in the set F (T T)

indexing these constraints. This consistency with (TPO) is not free,

however, as it leads to (LAIO) becoming a linear program with a

potentially large number of constraints due to (16). Nevertheless,

this issue can be handled as discussed in §3.3.

3 SMOILE CONFIGURATION AND
IMPLEMENTATION

The SMOILE framework described in §2 can be configured in var-

ious ways. In this section, we illustrate some possibilities, which

we also use in our numerical study. In §3.1 and §3.2 we describe

business rules and lift models, respectively, that can be used with

SMOILE. In §3.3, we provide possible steps for implementation.

3.1 Business Rules
The definition of a feasible SM state trajectory in F (T P) using con-

straints (5)-(14) has an integer linear representation. This definition

can be extended to include various business rules common in SM

tactic planning, while maintaining the integer linear structure of

the feasible set. We outline a few examples below.

Budget constraint. SM campaigns are often planned around

budget restrictions since using an SM tactic of typeh ∈ H at retailer

r ∈ R in period p ∈ T P
incurs a cost, which we denote by crp,h .

Denoting the available budget for the campaign by B, the budget

constraint can be modeled as∑
p∈TP

∑
r ∈R

∑
h∈H

crp,hx
r
p,h ≤ B. (18)

Maximum active tactics. To avoid SM overexposure, a brand

may want to impose a maximum N r
p on the number of active tactics

in a period p shown to customers at retailer r . This requirement

can be enforced as∑
h∈H

xrp,h ≤ N r
p ,∀(r ,p) ∈ R × T P. (19)

Scheduling constraints. There may be period within the plan-

ning horizon where it may not be possible to use a particular tactic.

For example, space may not be available to use a demo during a

certain month at the retailer. The condition that a tactic h cannot

be planned at retailer r during periods T 0
can be enforced by the

constraints xrp,h = 0, ∀p ∈ T 0
. A maximum on the duration of tac-

tics can be enforced via constraints urp,h +v
r
p,h ≤ UB,∀(r ,p,h) ∈

R × T P × H . Other scheduling rules, such as a minimum num-

ber of periods between two active tactics, can also be modeled by

appending additional auxiliary variables.

3.2 Lift Models
Constructing the lift model in §2.2 requires defining EL

r
p (θ ;esrp ) and

SML
r
p (β ; srp ). Specifically, we need to specify the basis function sets

Φ(·) and Ψ(·) corresponding to the SM and exogenous components

of lift, respectively. There is extant literature on exogenous feature

selection, including the marketing literature, that deals with the

choice of Ψ(·) and its impact. In contrast, work on the choice of Φ(·),
that is features related to decision making and in particular SM, are

scant to the best of our knowledge. Therefore, we present below

possible definitions of SML
r
p (β ; srp ), which are driven by specific

choices of Φ(·). To keep our discussion concrete, we will assume T P

and T T
contain weekly periods while TM

is at the monthly scale.

We begin with a simple SM lift model that depends only on the

variable x in the state vector.

Model 1: SML
r
p (α ,γ ; srp ) :=

∑
h∈H

xrp,hα
r
m(p),h

+
∑
h∈H

∑
h′∈H,h′>h

I(xrp,h · xrp,h′)γ
r
m(p),h,h′ .

The coefficients α attempt to learn the average effect of each SM

tactic in a month, which we call the base effect of a tactic, while the
parameters γ capture the interaction effect between tactics. Here,

we have β = (α ,γ ), α ≥ 0 to enforce that the base SM tactic effect

does not hurt sales (although it could have no impact), and γ is

unrestricted to allow for a pair of tactics to reinforce and cannibalize

each other, respectively, if this coefficient is positive and negative.

We now extend SML
r
p (α ,γ ; srp ) to include structural features of

lift due to SM tactics known in practice. Our first extension is

Model 2: SML
r
p (α ,γ , µ; srp ) :=

∑
h∈H

xrp,hα
r
m(p),h

+
∑
h∈H

∑
h′∈H,h′>h

I(xrp,h · xrp,h′)γ
r
m(p),h,h′
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−
∑
h∈H

urp,hµ
r
m(p),h .

We have β = (α ≥ 0,γ , µ ≥ 0). The parameter vector µ accounts

for awaiting effect as it is associated with the state variableu, which
is the number of weeks remaining of an active tactic.

Example 2. Consider Figure 1, the retailer Target, the tactic in-
store discount, and assume week 0 corresponds to the start of a month.
The base effect due to an in-store discount is the same for weeks 0, 1,
2, and 3 because α is defined over TM, which corresponds to months.
Therefore, the active in-store discount at Target from weeks 0 to 2 (see
Figure 1) and a longer in-store discount at this retailer from weeks 0
to 3 would have the same base effect for the common weeks 0, 1, and
2, which is unrealistic because a customer can wait one extra week to
benefit from the tactic in the latter case. Model 2 corrects for this issue,
if the corresponding µ coefficient is strictly positive. For instance, in
week 0, the number of remaining weeks in the 3- and 4-week long
in-store discounts would be 2 and 3, respectively, which causes the
week 0 SM lift for the longer tactic to be lower. The same applies for
weeks 1 and 2. Note that the 4-week tactic can still have larger total
lift than the 3-week tactic since its lift in week 3 may be positive while
the latter tactic would be inactive in this week.

Finally, we consider an SM lift specification that also accounts

for a satiation effect. For a given tactic, this effect requires the lift

for week p to be a decreasing function of the number of weeks this

tactic has already run since initiation. Using the state variable v to

account for tactic use, we have our third SM lift model:

Model 3: SML
r
p (α ,γ , µ,η; srp ) :=

∑
h∈H

xrp,hα
r
m(p),h

+
∑
h∈H

∑
h′∈H,h′>h

I(xrp,h · xrp,h′)γ
r
m(p),h,h′

−
∑
h∈H

urp,hµ
r
m(p),h −

∑
h∈H

vrp,hη
r
m(p),h ,

where β = (α ≥ 0,γ , µ ≥ 0,η ≥ 0).

3.3 SMOILE Implementation
Using SMOILE involves (i) choosing a lift model; (ii) determining

the business rules needed for defining the planning process and set

F (T P) (see §3.1); (iii) solving (LAIO) to train the lift model; and

(iv) solving (TPO) to plan future SM tactics. We summarize below

how we implement these steps in our numerical study.

Step (i). For the SM component of lift, we implement models

1, 2, and 3 shown in §3.2. We consider a very simple specification

for the exogenous component of lift involving only an intercept in

the numerical study, that is, EL
r
p (θ ;esrp ) = θ

r
m(p),1. The reasoning

for this admittedly simple choice is two fold. First, the focus of the

numerical study and our paper is to highlight the importance of

incorporating structural information in (LAIO) about SM decisions

in order to obtain reasonable lift predictions for tactic planning. A

simple specification for EL suffices for this purpose. Second, even

an attempt to construct an elaborate model for EL will not be pre-

cise in reality, that is, there will very likely be exogenous factors

missing [13, chapter 6.2]. Therefore, incorporating SM decisions

remains relevant under a complex exogenous lift model.

Figure 2: R1 historical lift and top SM tactic usage.

Step (ii). We add business rules (18) and (19) to our definition

of the numerical study.

Step (iii). Although (LAIO) is a linear program, it has a large

number of constraints (16), which makes its direct solution chal-

lenging. We thus employ constraint generation (CG) to solve this

model (see, e.g, [2]), as we summarize below. The CG procedure

starts with a relaxation of (LAIO) without constraints (16). This re-

laxation can be solved using an off-the-shelf solver such as GUROBI

to obtain an optimal solution. At this solution, we find the most

violated constraint in (16), add this to the strengthen the existing

relaxation, and repeat. We stop when the solution to a one of these

relaxations satisfies all the the constraints in (16). The calibration

of (LAIO) depends only on two parameters µ and λ with intuitive

interpretations (see §2.2). We choose them using cross validation.

Step (iv). When using the lift models and business rules dis-

cussed in §3.2 and §3.1, respectively, (TPO) is an integer program

that can be solved using an off-the-shelf solver such as GUROBI.

4 NUMERICAL STUDY
We evaluate SMOILE for SM lift prediction and planning using real

data across two retailers and two product categories. Our implemen-

tation follows §3.3. We describe the data and evaluation procedures

in §4.1 and §4.2, respectively. We present results to highlight the

computational performance of SMOILE in §4.3 and then discuss

insights in §4.4.

4.1 Data and Computational Setup
We use data from brands B1 and B2 interested in planning SM

tactics for the product categories “wings” and “frozen breakfast”,

respectively, at two US retailers, which we refer to as retailer R1 and

retailer R2 (actual names anonymized for confidentiality). We have

access to Nielson point-of-sales data and sales analytics for each
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retailer and product, from which we can compute lift as explained

in §2.2. We also have data from the brands on the set of SM tactics

used, the average cost per week associated with using an SM tactic,

and the budget used for promotions. This information is available

for all weeks in 2015 for both retailers and in 2016 for the first 12

and 8 weeks, respectively, for R1 and R2. The number of distinct

SM tactics used at R1 and R2 were 11 and 9, respectively. Figure 2

provides some statistics from our dataset regarding sales lift and

the usage of the most popular SM tactics at R1.

We constructed single retailer and multiple retailer SM planning

instances with the training set containing the 52-weeks of data from

2015 (i.e., P = 52). For the single retailer case, we discuss results

for only R1 for brevity and use the 12 weeks in 2016 for validation.

In the multiple-retailer instance, the validation set contains the

common 8 weeks in the 2016 data for both retailers.

4.2 Evaluation Procedure
SMOILE has both prediction and planning components. We thus

require procedures to assess its performance in each of these tasks.

The objectives of (TPO) and (LAIO) are the cumulative lift over the

planning and training periods, respectively. To validate predictive

performance, we benchmark against the lift estimate of Nielsen,

which is a trusted reference in the retail industry. Specifically, we

compute the mean lift per week predicted by the trained model

when employing the historical SM tactic decisions in the validation

set and compare this mean against the Nielsen mean weekly lift

over this period. To avoid a particular week having an overbearing

effect, we compute the mean and maximum of the absolute devia-

tions between our model and Nielsen mean weekly lift values over

subsets of the validation set obtained by moving the starting period

forward sequentially. We use the maximum absolute deviation as

our metric when performing cross-validation to understand the

impact of µ and λ.
While the predictive performance of mean lift is important, the

goal of (LAIO) is to attribute lift to SM tactics, that is, the component

SML in the notation of §3.2. Understanding if the prediction of the

SM component of lift is reasonable is difficult because there are no

benchmarks available for comparison. For instance, Nielsen does

not report SM specific lift. However, from the experience of our

industry partner, average weekly SM-specific lift is typically close

to 3% and less than 5%. We use this guideline as a sanity check.

Next, we ask if the IRL constraints (16), which explicitly leverage

past SM decision data, add any value in the prediction process. To

understand this, we compare against the predictive performance of

models trained by a relaxation of (LAIO) without these constraints,

which we refer to as (R-LAIO).

Finally, we evaluate the planning performance of (TPO) when

using the best lift model that we identify from cross-validation.

We compute the mean weekly lift due to the optimal actions deter-

mined by (TPO) and compare it against the Nielsen average lift. We

also compare the mean SM lift per week when using optimal SM

decisions of (TPO) and historical SM decisions in the validation set.

4.3 Computational Performance
We discuss the performance of the predictive and planning proce-

dures in SMOILE on the R1 single retailer instance.

Figure 3: Weekly lift on the training set with Model 3.

Predictive performance. Figure 3 displays the mean weekly

lift associated withModel 3 on the training set for λ ∈ {2, 1, 0.5, 0.1}

and µ ∈ {0%, 1%, . . . , 10%}, where µ is expressed as a percentage

of the Nielsen cumulative lift. This figure also shows the mean

weekly lift associated with (R-LAIO). For a fixed λ, the cumulative

lift of (LAIO) increases with µ, showing that the IRL constraints

are not redundant. Thus, incorporating the SM decision data into

the training process affects the values of the computed model pa-

rameters. Indeed, as µ becomes large, the IRL constraints become

less constraining and the mean weekly lift tends to the mean lift of

(R-LAIO), which has no IRL constraints. For λ equals 2, the optimal

solution of (R-LAIO) already satisfies the IRL constraints and thus

varying µ has no effect. The behavior for models 1 and 2 is similar.

Compared to the Nielsen mean lift of 9.12% on the training set, the

largest mean lift of Model 3 shown in Figure 3 is 8.58%.

On the validation set, Figure 4 shows the maximum absolute

deviation between our weekly lift and the Nielsen weekly lift for

Model 3.We find that theminimumof thismetric is 1.95% and occurs

for λ equals to 0.1 and µ equal to 8%. In contrast, the maximum

absolute deviation for (R-LAIO) is 2.5%, that is, a larger value and

occurs for λ equals to 0.1. This difference indicates that the presence

of IRL constraints in (LAIO) results in a more robust calibration of

Model 3 with improved predictive performance on our data.

Next, we summarize in Figure 5 the performance of models 1, 2,

and 3 for their best (λ, µ) values of (0.5, 3%), (0.5, 6%), and (0.1, 8%),

respectively, chosen via cross validation. This figure also includes

the 95% confidence intervals of the lift estimates over the subsets of

the validation set that we average over (see related discussion at the

beginning of §4.2). At first sight, the performance ofModel 1 appears

to be the best in terms of predicted total weekly lift. However, a

closer look suggests that this performance is potentially spurious.

To elaborate, recall from §3.3 that the exogenous lift component

we use is an intercept term that does not change with the week

within a month. Therefore, if Model 1 explains all the lift in the

validation set, it also implies that the SM component explains all

the intra-month lift variation, which is unlikely since a host of

other factors affect such weekly changes. Models 2 and 3, which

incorporate behavioral structure, fall short of explaining all the lift
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Figure 4: Maximum absolute deviation between weekly lifts
of Model 3 and Nielsen on the validation set.

Figure 5: Performance of models 1, 2, and 3 for the optimal
choices of (λ, µ) on the validation set.

and do not suffer from this behavior. It is also instructive to look

at the SM component of models 2 and 3. The former has an SM

lift percentage of 0.36% while this percentage in the latter model is

roughly 2.8%. It is encouraging that the SM lift predicted by Model

3 is close to the practitioner guideline of 3%.

Planning performance. Table 2 reports the weekly lift due to

historical and optimal SM tactics. For model 2, these two figures

coincide but for models 1 and 3 they differ by more than 1.0-1.5%,

which is significant when one considers the small net margin of

retailers. The difference in the SM component of lift between the

optimal and historical decisions is also striking. Based on the val-

idation test analysis above, we identified Model 3 as being most

reasonable, with its optimal SM tactics resulting in an increase in

historical SM lift by over 1.5%, which is again significant.

4.4 Insights
The encouraging performance ofModel 3warrants a closer look into

the actual SM tactics that it prescribes in the validation set. Figure

Table 2: Comparison of lift on validation set due to optimal
and historical SM tactics.

Weekly total lift Weekly SM lift

Model Historical tactics Optimal tactics Historical tactics Optimal tactics

1 7.66 9.25 0.83 4.71

2 8.75 8.75 0.61 2.91

3 7.11 8.84 3.02 4.75

Figure 6: SM tactic decisions used in the validation set for
the single-retailer (R1) instance.

6 displays this information for the single retailer instance. The

optimal tactics differ from the historical tactics with and without

the IRL constraints (i.e., LAIO and R-LAIO). In particular, it appears

Model 3 deems it unfavorable to use the “coupon at shelf” and

“coupon away from shelf” tactics that were both present in the

validation set and instead employs more pre-store ads. The optimal

tactics with IRL constraints also use “product display” which is not

used by the model from (R-LAIO) on the validation set.

Figure 7 shows similar information on the multi-retailer instance.

In this setting, it is clear that the SM tactics vary significantly by

retailer. Specifically, several of the tactics used in Retailer 2 are

stopped (e.g., “pre-store coupon”, “social media”, and “product dis-

play”) even though the same categories appear favorable tactic

investments at Retailer 1. The budget saved from not using these

promotions is instead being redirected to tactics such as digital

pre-store coupons. Finally, we investigated the percentage of the

predicted lift of Model 3 attributable to the waiting and satiation

effects on the two retailer instance. We found that these percentages

are 1.21% and 0%, which suggests that waiting decreases lift promi-

nently on our instance while the satiation effect appears negligible.
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Figure 7: SM tactic decisions used in the validation set for
the multi-retailer instance.

5 CONCLUSIONS
Shopper marketing (SM) represents an important form of market-

ing for retailers to increase sales. Uncovering the SM tactics, or

combinations thereof, that drive sales lift remains a challenging

task. Marketers typically rely on historical sales data at retail outlets

as well as third-party supplied point of sales (POS) data to attribute

lift to SM tactics and then subsequently use these estimates to plan

new SM campaigns. Traditional statistical approaches used in this

process find it difficult to directly incorporate salient aspects of SM

planning: (i) the temporal link between SM decisions made over

time; (ii) the impact of business rules on lift associated with SM

tactics; and (iii) the need to adhere to these rules when planning

future SM tactics. The result is an ad-hoc work flow with significant

hand-engineering to obtain implementable SM campaigns.

We propose Shopper Marketing Optimization and Inverse Learn-

ing Engine (SMOILE), which is a data-driven approach that com-

bines empirical optimization and inverse reinforcement learning.

SMOILE streamlines the use of data, directly couples decision data

with the training of the lift model, and results in a training process

that is consistent with the planning process. Moreover, training a

lift model via SMOILE requires tuning only two interpretable pa-

rameters, which can be done via cross validation, thus side-stepping

ad-hoc manual intervention often needed when using traditional

marketing mix models.

We use a dataset based on twoUS retailers and brands to illustrate

the use of SMOILE and its benefits. We find that training the SM

lift model in a manner consistent with the SM planning phase

results in better predictive performance and mitigates spurious lift

predictions. Moreover, the SMOILE SM tactic decisions outperform

the historical SM tactics when evaluated using the trained lift model.
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