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ABSTRACT

Most large Internet companies run internal promotions to cross-
promote their different products and/or to educate members on how
to obtain additional value from the products that they already use.
This in turn drives engagement and/or revenue for the company.
However, since these internal promotions can distract a member
away from the product or page where these are shown, there is a
non-zero cannibalization loss incurred for showing these internal
promotions. This loss has to be carefully weighed against the gain
from showing internal promotions. This can be a complex problem
if different internal promotions optimize for different objectives.
In that case, it is difficult to compare not just the gain from a con-
version through an internal promotion against the loss incurred
for showing that internal promotion, but also the gains from con-
versions through different internal promotions. Hence, we need
a principled approach for deciding which internal promotion (if
any) to serve to a member in each opportunity to serve an internal
promotion. This approach should optimize not just for the net gain
to the company, but also for the member’s experience. In this paper,
we discuss our approach for optimization of internal promotions at
LinkedIn. In particular, we present a cost-benefit analysis of show-
ing internal promotions, our formulation of internal promotion
optimization as a constrained optimization problem, the architec-
ture of the system for solving the optimization problem and serving
internal promotions in real-time, and experimental results from
online A/B tests.
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1 INTRODUCTION

These days most large Internet companies offer a suite of products
and services to their members. For example, Google offers Gmail
for email, YouTube for video sharing and Google Maps for navi-
gation. Similarly, LinkedIn offers a wide range of products to its
members. Some examples are, the LinkedIn flagship product! that
helps members build their professional identity and engage with
their professional network, LinkedIn Jobs that helps job candidates
find opportunities, LinkedIn Learning that helps members develop
new skills through online courses and LinkedIn Sales Navigator
that helps sales professionals find and target the right buyers. At
times, a member using one product might also benefit from another
product. For example, a member building her professional identity
on the LinkedIn flagship product with an intent to find a job is
likely to also benefit from the LinkedIn Jobs and LinkedIn Learn-
ing products. However, the member might not be aware of these
products. One way to educate the member about the availability of
these products is to show advertisements for these products on the
LinkedIn flagship product. An example is shown in Figure 1. If the
member converts through these advertisements then she starts ob-
taining additional value from the ecosystem of LinkedIn products,
which in turn drives engagement and/or revenue for LinkedIn. Such
in-house advertisements on in-house products are called internal
promotions. Some internal promotions on YouTube are shown in
Figure 2.

Always be learning X

Develop new skills with courses from top experts °

See courses Y

Figure 1: An internal promotion on LinkedIn

Internal promotions that are used for advertising products on
other products are more specifically called internal cross-promotions.
Internal cross-promotions are not the only type of internal promo-
tions. Internal promotions are also used for educating members on
how to obtain additional value from a product that they already use.
This is achieved by recommending certain actions to members that
are not directly in line with the value proposition of a page that
they are viewing on a product. For example, an internal promotion
on the feed page of the LinkedIn flagship product recommending
a member to complete her profile (Figure 3). The feed page is de-
signed to help a member engage in meaningful conversations with
her professional network, and a recommendation to complete her
profile is not directly in line with the value proposition of the feed
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YouTube TV - Cable-free live TV is here. No
long term contracts. Unlimited DVR storage
space.

Figure 2: Internal promotions on YouTube

page. The idea behind showing this internal promotion is that if the
member converts through this internal promotion then she starts
receiving additional value from the LinkedIn flagship product in
the form of increased networking opportunities. This in turn drives
engagement and/or revenue for the LinkedIn flagship product.
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Figure 3: An internal promotion on the feed page of the
LinkedIn flagship product

Although we do expect internal promotions on every page to
increase the overall engagement of members with a company’s
suite of products in the long term, they can distract members from
carrying out the task for which they visited a page. For example,
if the internal promotion in Figure 1 is shown to a member on the
LinkedIn flagship product, then the member is taken to the LinkedIn
Learning product from the LinkedIn flagship product if she clicks on
this internal promotion. This might distract her from building her
professional identity. Similarly, if a member clicks on the internal
promotion in Figure 3 then she is taken to the profile page from
the feed page of the LinkedIn flagship product. This might distract
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her from engaging with her professional network. Such a loss in
engagement with a product or page is called cannibalization loss.
To mitigate this loss, we avoid showing more than one internal
promotion on each page. However, even with this restriction, we
need to be very careful in deciding whether to show any internal
promotion, and which internal promotion to show. The decision
should be based on the cost and benefit of showing each internal
promotion. The cost should include not just the cannibalization
loss, but also the potential negative impact of an internal promotion
on member experience. This is the problem of internal promotion
optimization. Note that this is in sharp contrast with the standard
advertisement optimization problem where the sole objective is to
maximize revenue. It is assumed that showing an advertisement
does not cost anything to the page on which it is shown, and most
pages in fact have slots reserved exclusively for advertisements.
So an advertisement optimization system is incentivized to always
show an advertisement if one is available (unless the advertisement
is very low quality). However, in an internal promotion optimization
problem, there is more than one objective. The internal promotion
optimization system needs to maximize the gains from showing
internal promotions and minimize the losses incurred for showing
these internal promotions while ensuring good member experience.

This paper covers the challenges, our approach and our experi-
ences with regard to the problem of internal promotion optimization
at LinkedIn. Our contributions are summarized below:

e We discuss the problem space, in terms of the types of inter-
nal promotions, in Section 3.

e We present a cost-benefit analysis of internal promotions in
Section 4.

e We describe our formulation of internal promotion optimiza-
tion as a constrained optimization problem in Section 5.

e We outline the architecture of our system supporting internal
promotion optimization in Section 6.

e We report real world experimental results based on online
A/B tests in Section 7.

2 RELATED WORK

Internal promotions and cross-promotions [4] have been used by
marketers as low cost marketing communication channels for over
several decades. With the rise of online marketing, there is advice
available from marketers, such as in [12] and [9], on how to create
effective online cross-promotions. There are even some tools avail-
able, such as [1] and [8], for running online internal promotions
and cross-promotions.

Research in the area of cross-promotions has been mainly fo-
cused on strategies for selecting the right allies for running external
cross-promotions [11]. There is little literature on running and op-
timizing internal cross-promotions.

Literature that is related to optimization of internal promotions is
the literature on content recommendation with multiple objectives
(such as [2]), and on advertisement optimization with inventory
management (such as [6]). In [2], the authors describe a content
recommendation approach that jointly optimizes for clicks and post-
click downstream utilities (such as time spent on landing pages). In
[6], the authors describe an advertisement optimization approach
that maximizes clicks, under constraints on the minimum number
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of impressions of each advertisement. Although similar in spirit,
these approaches are not directly applicable to optimization of
internal promotions as they do not take into account either the
cannibalization loss or member experience in their formulations.

The multi-objective optimization framework introduced in [2],
along with its solution through Lagrangian duality introduced in 3],
has been successfully leveraged in several optimization problems
such as [7]. Our work also leverages this multi-objective optimiza-
tion framework to balance the multiple objectives of maximizing
gains from internal promotions, minimizing the cannibalization loss
due to internal promotions, and minimizing the negative impact of
internal promotions on member experience.

3 PROBLEM SPACE

We have several active internal promotions in our system at the
time of this writing. Some examples are shown in Figures 1, 3 and 4.
Each internal promotion is aimed at educating members about other
LinkedIn products, or educating them on how to obtain additional
value from a product that they already use. Each internal promotion
has a call to action button such as the "Try Free Month" button
on the internal promotion in Figure 4(a). An internal promotion is
considered successful if it is able to convert members through its
call to action. However, the way conversion is defined is different for
each internal promotion. For example, for the internal promotion
in Figure 1, a subscription to the LinkedIn Learning product is a
conversion; for the internal promotion in Figure 3, a profile photo
upload is a conversion; for the internal promotion in Figure 4(a),
a trial of the LinkedIn Sales Navigator product is a conversion;
and for the internal promotion in Figure 4(b), a review of the help
page describing how to handle harassment or safety concerns is a
conversion. We broadly categorize our internal promotions into 3
categories based on their objectives:

(1) Monetization: A monetization internal promotion aims to
drive revenue. An example is the internal promotion in Fig-
ure 1.

(2) Engagement: An engagement internal promotion aims to
drive some engagement metric. An example is the internal
promotion in Figure 3.

(3) Branding: A branding internal promotion aims to drive the
Net Promoter Score?. An example is the internal promotion
in Figure 4(b).

Based on its objective, each internal promotion targets only a
subset of the total member base of LinkedIn. For example, it makes
no sense to show the internal promotion in Figure 1 to a member
who is already subscribed to the LinkedIn Learning product. Simi-
larly it would be unwise to show the internal promotion in Figure
4(a) to a member who is not a sales professional.

Each internal promotion also has a dismiss button, as highlighted
in Figure 4(a). If a member dismisses an internal promotion then
that internal promotion is not shown to this member again for a
long period of time.

At this time, these internal promotions can only appear on the
feed page of the LinkedIn flagship product (Figure 3). We do not
allow more than one internal promotion on this page. This internal
promotion can be served at a fixed position in the feed, a few

Zhttps://www.netpromoter.com/know/
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Get Sales Navigator ® X
The best version of LinkedIn for salespeople ,“ f
Try Free Month 1
o
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Your voice matters X
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Thank you. Reporting keeps LinkedIn professional.

Learn more

(b)

Figure 4: Internal promotions with very different calls to ac-
tion. The red arrow in (a) points to the dismiss button

positions below the position occupied by the first sponsored update.
LinkedIn’s more than 600 million members visit the feed page
billions of times in a week, which means that we get billions of
opportunities to serve internal promotions to our members in a
week. Of these billions of opportunities, there are hundreds of
millions of opportunities in which members scroll down to the feed
position where an internal promotion can appear.

4 COST-BENEFIT ANALYSIS

In order to empirically examine the cost and benefit of internal
promotions, we set up an online experiment as follows. We created
a bucket of members by randomly selecting a small percentage of
members from our member base. We then served internal promo-
tions to members in this bucket through a random serving scheme.
When a member in this bucket visited the feed page of the LinkedIn
flagship product, we first fetched all internal promotions that tar-
geted this member and then served a random internal promotion
from this set of eligible internal promotions. To ensure that the
member experience was not too poor, we did not show the same
internal promotion to a member more than twice within a week.
So, if a member was being targeted by only one internal promotion
then that member saw at most two internal promotion impressions
in a week. We denote this bucket of members as the random bucket.
Members outside of this bucket did not see any internal promotion.
We denote this other bucket of members as the control bucket.

We collected data from this experiment over a period of one week.
Over this period, a large number of members in the random bucket
saw several different types of internal promotions. We compared
metrics from this random bucket with metrics from the control
bucket.

We observed a reasonable click rate on internal promotions, and
a corresponding increase in the various conversion metrics that the
various internal promotions aimed at driving.

But we also saw a drop in various feed engagement metrics, as
tabulated in Table 1. In this table, the drop in metrics was measured
only over those members who visited the feed page. For example,
members in random bucket who visited the feed page performed
1.2% less viral actions (like, comment, share) compared to the viral
actions performed by such members in the control bucket. We
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also observed a statistically insignificant decrease in revenue from
sponsored updates in the random bucket. This informs us that we
need to weigh the gains and losses carefully when deciding whether
to show any internal promotion.

Metric A
Viral Actions -1.2%
Likes -1.23%
Video Plays -0.76%
All Interactions | -0.55%

Table 1: Delta in feed page metrics, random vs. control

We also observed a large number of dismiss actions, of the order
of the number of clicks, on internal promotions. This shows that
members dislike irrelevant internal promotions as much as they
like relevant internal promotions. This informs us that member
experience needs to be factored into our decision of which internal
promotion (if any) to show to a member.

5 PROBLEM FORMULATION

As described in Section 3, the conversion metrics for the various
internal promotions can be very different. We also established in
Section 4 that on the one hand internal promotions drive various
conversion metrics, but on the other hand they can also cannibalize
engagement and/or revenue from the page on which they are shown.
If we had a way to compare a unit gain/loss in one metric against
a unit gain/loss in another metric then we could easily compute
the net gain as follows. We would map the gain in each conversion
metric to a single metric and add them all to obtain the total gain.
We would also map the cannibalization loss to that same metric to
obtain the total loss. We would then subtract the total loss from
the total gain to obtain the net gain in a single metric. In this case,
the internal promotion optimization problem would be to simply
maximize this net gain while ensuring good member experience.

However, a comparison across different metrics is very difficult.
This is because there can be long delays before the impact of a unit
gain/loss in one metric reflects on another metric. Let’s say we want
to map a unit gain in every conversion metric to revenue. Then, if
a member converts on an internal promotion asking the member to
try the Sales Navigator product (Figure 4(a)), it might take several
days before the member becomes a paid subscriber of that product
and moves the revenue metric. In another example, if a member
converts on an internal promotion asking the member to review the
help page describing how to handle harassment or safety concerns
(Figure 4(b)), it might take months before the member builds trust
in the LinkedIn flagship product, starts using the product more
often, and then eventually clicks an advertisement which moves
the revenue metric.

5.1 Budgeting

Inability to compare across different metrics means that we can
neither decide what internal promotion to show to a member (as we
cannot compare the conversion metric of one internal promotion
with the conversion metric of another internal promotion), nor
decide whether to show any internal promotion (as we cannot
compare the conversion metrics of internal promotions with the
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cannibalization loss metric(s)). To overcome this problem we take
the following approach.

o First, we pick a time duration over which we are going to
make decisions on which internal promotion (if any) to show.
We choose a time duration of one week.

o Then, the product owner of the page where internal promo-
tions are going to be shown picks a metric of interest and
sets a cap on the maximum acceptable loss in that metric
for showing internal promotions. Let’s say the owner of the
feed page picks viral actions as the metric of interest and
sets a cap of 0.6% loss in viral actions (which is 50% of the
loss observed in the random bucket from Table 1). Then this
implies that the feed page should not incur a loss of more
than 0.6% viral actions for showing internal promotions. We
denote this cap on the loss as L.

o Next, we compute an approximate maximum number of in-
ternal promotion impressions permissible within this cap
on the loss. This computation is based on the data collected
from the random bucket. In our example, since the cap was
set at 50% of the metric loss observed in the random bucket,
we approximate the maximum permissible internal promo-
tion impressions as 50% X (number of internal promotion
impressions in the random bucket) X (number of members
to whom we want to show internal promotions)/(number of
members in the random bucket). We denote this approximate
maximum permissible internal promotion impressions as N.

o Next, a central authority guarantees a minimum number
of impressions to some or all of the internal promotions.
This guarantee is based on the central authority’s own judg-
ment of the relative importance of the conversion metrics of
different internal promotions, as well as product priorities.
We denote the minimum impressions guaranteed to internal
promotion j as Nj (N; may be 0). The sum total of these
guaranteed impressions should be smaller than N.

This budgeting approach delegates the responsibility of compar-
ison across different metrics to a central authority that manages all
internal promotions. With this budgeting mechanism in place, there
is a cap set on the cannibalization loss, and it can be assumed that
a conversion from each internal promotion is equally valuable. Our
goal then is to maximize the total number of conversions while en-
suring good member experience. We use dismiss rate as a measure
of member experience. So we formulate an optimization problem
to maximize conversions and minimize the dismiss rate, under the
budgeting constraints. The solution to the optimization problem
tells us which internal promotion (if any) to serve when a member
visits the feed page. The mathematical details are explained next.

5.2 Optimization

We would like to maximize the total number of conversions from all
internal promotions and minimize the average dismiss rate across
all internal promotions under the following constraints:

(1) Each internal promotion j should be impressed at least its
guaranteed N; number of times.

(2) The total loss incurred for showing internal promotions
should not exceed L.
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We make the following modifications to be able to solve the
above optimization problem:

e It is not possible to simultaneously optimize for two objec-
tives (conversions and dismiss rate). So we maximize conver-
sions and set a constraint on dismiss rate. To set an appro-
priate value for this constraint, we once again use the data
collected from the random bucket in Section 4. If the average
dismiss rate in the random bucket is dr(random) then we
constrain the dismiss rate to be less than f X dr(random),
where f € (0,1). Let’s denote this by r.

e A constraint on L will require us to compute the expected
loss from serving each internal promotion in each opportu-
nity to serve an internal promotion. Accurately predicting
the loss is very difficult as the loss heavily depends on the
context, such as the other items in the feed, the size of those
items, etc. So we replace this constraint with a constraint on
the approximate maximum number of internal promotion im-
pressions N. Since this constraint on N is an approximation
of the constraint on L, we put a loss monitoring mechanism
in place to stop all internal promotions if the actual loss ever
exceeds L. This mechanism is described in Section 6.3.

Now the optimization problem is to maximize the total number
of conversions from all internal promotions under the following
constraints:

(1) Each internal promotion j should be impressed at least its
guaranteed N; number of times.

(2) The total number of internal promotion impressions should
not exceed N.

(3) The average dismiss rate across all internal promotions should
not exceed r.

We now express the above problem mathematically as follows.
As mentioned in the previous section, we would like to solve the
optimization problem for a one week duration. Over this one week
period, each anticipated view of the feed page by a member is
an opportunity to serve an internal promotion. Let’s denote an
opportunity by i and the entire set of all the opportunities by I. As
before, we denote an internal promotion by j and the entire set of
internal promotions by J. Let’s say that we have a function that
gives us the probability c;; of the member viewing the feed page
in opportunity i to convert on an internal promotion j given that
she views the internal promotion. Let’s say that we also have a
function that gives us the probability d;; of the member viewing
the feed page in opportunity i to dismiss an internal promotion j
given that she views the internal promotion. Note that some of the
|J| internal promotions might not target the member viewing the
page in opportunity i. For such an internal promotion j, we set c;;
and d;; to large negative and large positive numbers respectively,
such as, ¢;j = —-10* and dij = 10%. This makes the subsequent
formulation easy to read. Let x;; be the probability with which we
serve internal promotion j in opportunity i. This is the serving plan
that we would like to obtain. Also, let s be the probability with
which a member viewing the feed page scrolls down to the position
where an internal promotion can be served. This probability would
ideally depend on the member as well as the content of the page, but
for simplicity we assume it to be a constant. Then x;; X s becomes
the probability with which internal promotion j is impressed on
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the member viewing the page in opportunity i. Then, we would
like to obtain the optimal serving plan x;; so as to:

max ZZCU Xij S (1)
x,-j 7 j

s.t.
inj s2Nj Vj (2)

ZZXUSSN (3)
iJ

2i 2jdij xij s .

r (4)
2 XjXij §
inj <1 Vi ©)
J
0<xjj<1 ViVj (6)

In the above constrained optimization problem:

o 3; Xjcij xij s in (1) is the expected total number of conver-
sions from all internal promotions.

e > xjj s in (2) is the expected number of impressions of
internal promotion j. Note that if we had the ability to map
a unit gain in every conversion metric to a single metric (say
the value v; of a conversion from internal promotion j), then
we would have multiplied v; with c;; in the objective (1) and
removed the constraints in (2).

e 3; Xjxij sin(3) is the expected total number of impressions
of all internal promotions.

o >; 2.j dijxij s in (4) is the expected total number of dismisses
on all internal promotions. This divided by }3; 3}; xi; s gives
the expected dismiss rate across all internal promotions.

e >; xij in (5) is the expected number of internal promotions
served in opportunity i. We want this number to be less than
or equal to 1 to ensure that at most one internal promotion
is selected for each opportunity. If this number is less than 1
for an opportunity i then there is a non-zero probability of
serving no internal promotion in that opportunity.

e The last constraint (6) ensures that each x;; is a probability.

Since s is a constant, we can slightly simplify the above problem
to the following:

max ZZC,"X,"
Xij - - S
rJ
s.t.
injan Vj

Z;xljﬁn )
ZZdijxij < rZinj
i j r ]

injﬁl Vi
J
0<xj;<1 ViVj

where nj = Nj/sandn = N/s.
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Now it may seem that we can follow this simple approach for
serving internal promotions. At the beginning of a week, forecast all
the opportunities I for serving internal promotions in the upcoming
week, solve the above linear program (LP), and use the optimal
serving plan x;; obtained to serve internal promotions. However,
this is unrealistic in practice due to the following challenge: we do
not have a way to accurately forecast the opportunities I that we
will get in the upcoming week.

Fortunately, we observe that the distribution of member visits
to the feed page does not change significantly week over week. So
we use the opportunities received in the past week as a forecast
for I. However, similarity in distribution does not provide us the
solution x; = [xj1, ..., X; ]]T for every opportunity i that we will
actually get in the upcoming week. To that end, we make use of a
primal-dual trick that allows us to obtain the primal solution vector
without using any part of the dual solution vector that depends
on i. This trick is inspired by [3]. For this, we first add a quadratic
regularization term to the objective of (7) to make the problem
strongly convex.

A 2
max Z; CijXij — E(Xij -q) ®)
s.t.

inj >n;j Vj 9)
i

szij <n (10)
i J

ZZdij xij < rzzxij (11)
i T

inj <1 Vi (12)
J

0<x;;<1 ViVj (13)

where q € [0, 1] is some prior on the serving probability, and A > 0
is a regularization parameter. This converts our LP to a quadratic
program (QP). We now solve the dual of the primal problem above
using the opportunities received in the past week as a forecast
for I. Standard QP solvers are unable to handle a problem of our
scale due to the large number of variables in the dual problem
corresponding to the constraints (12) and (13). We employ an in-
house large scale implementation of the operator splitting algorithm
[10] to solve this QP. Let ;Vj, f and y be the solutions of the dual
problem corresponding to the per internal promotion impressions
constraints (9), the total impressions constraint (10) and the dismiss
rate constraint (11) respectively.

Now for each actual opportunity i, we use the following approach
to obtain x;. Note that we can rewrite the QP above as:
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max
Xij

A
ZZ [Cijxij - 5 (i) -q)°
i
s.t.

Zx,'erIj Vj

i

ZZXUSH

ij
ZZdijxierZinj
ij J

i
x;j €K; Vi
where K; is the convex region defined by (12) and (13) for a given i.
We can also write the above problem as:

Z Z [Cijxij - /%(xij - q)Z] - ZI[K,»(Xi)
] f

max
Xij

s.t.

injan Vj

i

ZZXUSII

i

ZZdijxierZinj
J i

i
where Ik, (x;) = 0if x; € K; and infinity otherwise. It can be shown
that at the point of optimality:

(14)

i+ta—f—yd; +
e

A
where

ci = [city oencif]t

]T

o = [0!1,...,0(]
di = [dir, ... dij]",
and Ik, (.) is a projection on to K;. If we let z; = +q,

then the projection can be written as a small QP in | ]| variables as
follows.

bl

cita—f-ydi+yr

min  flx; — 2l
s.t.
le‘j <1 (15)
J
0<x;;<1 Vj

Note that for an opportunity i, z; can be computed easily using
the dual solutions (o;Vj, f and y), the predicted probability of
conversion for each internal promotion (c;;Vj) and the predicted
probability of dismiss for each internal promotion (d;;V). After
computing z;, the small QP in (15) can be solved using any standard
QP solver to obtain x;. Then the probability of selection of internal
promotion j for opportunity i is x;j. Since }}; xj; < 1, no internal
promotion may be selected for opportunity i with a probability > 0.
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It is worth pointing out that (15) allows us to make a decision,
on which internal promotion (if any) to serve, independently for
each opportunity to serve an internal promotion. All that we need
to maintain is a set of |J| + 2 coefficients: «;Vj, f and y. We call
these optimization coefficients.

5.3 Response Prediction

The optimization problem above assumes availability of the proba-
bility c;; of the member viewing the feed page in opportunity i to
convert on an internal promotion j given that she views the internal
promotion, and the probability d;; of the member viewing the feed
page in opportunity i to dismiss an internal promotion j given that
she views the internal promotion. We obtain these probabilities
from models trained on unbiased data collected from the random
bucket described in Section 4. Each training example comprises of
an internal promotion j that was impressed on a member m, and the
response of m on j. We train two gradient boosted decision trees
models, one for each of the two responses, conversion and dismiss.
We choose tree models due to their ability to naturally incorporate
interactions between features. We include 4 broad categories of
features in our models, viz.,

(1) Member m’s profile features such as industry, locale etc.

(2) Member m’s activity features such as time since last visit,
number of connection requests sent in the last 7 days, num-
ber of jobs viewed in the last 7 days, etc. These features help
us capture the intent of m.

(3) Member m’s past experience with internal promotions such
as the last internal promotion viewed, the time since the
last internal promotion was viewed, number of internal pro-
motions viewed, clicked and dismissed in the last 7 days,
etc.

(4) ID of the internal promotion j. We are able to use the ID of
the internal promotion as a feature because the cardinality
of this feature is small.

We train these models using XGBoost [5] in Spark [13].
We compute 2 metrics to measure the performance of our re-
sponse prediction models:

(1) Areaunder the receiver operating characteristic curve (AUC):
This is to verify whether a model is directionally correct, i.e.,
larger predictions for positive examples.

(2) Observed to expected ratio (O/E ratio): This is to verify the
scale of the predicted probabilities from a model. This metric
is computed as the number of positive test examples divided
by the sum of predicted probabilities for all test examples.
An OJE ratio close to 1 is desired. It is important to verify the
scale of the predicted probabilities because the sum of pre-
dicted probabilities is used to approximate the actual number
of conversions and dismisses in (1) and (4) respectively.

The AUC and O/E ratio metrics for our response prediction
models are tabulated in Table 2.

Response | AUC | O/E ratio
Conversion | 0.87 0.96
Dismiss 0.75 0.97

Table 2: Validation metrics for response prediction models
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6 SYSTEM ARCHITECTURE

In this section, we outline the core components of our system
that supports optimization of internal promotions. This system is
illustrated through a block diagram in Figure 5. We can divide our
system into three subsystems, viz., an online serving subsystem, an
offline training subsystem, and a loss monitoring subsystem.

6.1 Online Serving Subsystem

As emphasized in Section 5.2, we are able to make a decision, on
which internal promotion (if any) to serve, independently for each
opportunity to serve an internal promotion. This makes the online
serving subsystem simple, and enables scaling of the subsystem to
billions of requests per week for serving internal promotions.

When a member visits the feed page of the LinkedIn flagship
product, the Internal Promotions Fetcher fetches a list of internal
promotions that target this member from the Internal Promotions
Database. This list is passed down to the Response Prediction En-
gine. The Response Prediction Engine fetches features of the visiting
member from the Tracking Data Store to create a partial feature
vector. It then goes through each internal promotion in the list and
appends the ID of the internal promotion to be scored to the partial
feature vector to prepare the full feature vector. Finally, it uses the
full feature vector of each internal promotion in the response pre-
diction models supplied by the Response Prediction Model Trainer
to predict the probability of conversion c;; and dismiss d;; for each
internal promotion j in the list. These predictions are passed to the
Optimization Decision Engine. The Optimization Decision Engine
solves (15) with these predictions and the optimization coefficients
(atj¥j, B, y) supplied by the Optimization Solver to obtain the solu-
tion x; . It then uses this x; to serve one or no internal promotion.
The member’s interactions with the impressed internal promotion,
along with her profile and activity data are recorded in the Tracking
Data Store.

6.2 Offline Training Subsystem

Snapshots of the Tracking Data Store are loaded into HDFS. The
snapshot data is used in the Response Prediction Model Trainer
for training conversion and dismiss prediction models in Spark.
These models are fed into the Response Prediction Engine as well
as the Optimization Solver. The Optimization Solver employs these
models on the opportunity data from the past to week to predict
responses c;j, djj. It then uses these predicted responses and the
supplied constraints Nj, N, f and solves the optimization problem
in (8)-(13). The optimization coefficients («;Vj, B, y) obtained are
fed into the Optimization Decision Engine.

6.3 Loss Monitoring Subsystem

We always maintain a small control bucket of members to whom
we do not serve any internal promotion. We periodically compare
metrics in this control bucket against metrics in the treatment buck-
ets where internal promotions are served. This helps us monitor
both the gains and losses from showing internal promotions in each
treatment bucket.

In Section 5.2, we had replaced the constraint on the maximum
loss in the metric of interest L with a constraint on the approximate
maximum number of internal promotion impressions N. To ensure
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Figure 5: Simplified architecture of the system supporting optimization of internal promotions

that the actual loss never exceeds L, we need to stop showing
internal promotions in a treatment bucket if the measured loss in the
metric of interest in this bucket ever exceeds L. This is accomplished
through the Loss Monitor in Figure 5. For example, let’s say that
the metric of interest is number of viral actions and L = 0.6%. Then
the Loss Monitor monitors the total number of viral actions in
every member bucket. At the end of each day, if the difference in
the number of viral actions in the control bucket and the number
of viral actions in a treatment bucket exceeds 0.6% then the Loss
Monitor sends a stop signal to the Internal Promotions Fetcher to
stop serving internal promotions in that treatment bucket.

7 EXPERIMENTS & RESULTS
7.1 Experimental Setup

We set up an online A/B test experiment to evaluate our internal pro-
motion optimization approach. We created three member buckets.
Members in these three buckets were served internal promotions
using different models. Members in the first bucket were served
by a random model, same as the one used in Section 4. Members
in the other two buckets were served by models obtained from
solving constrained optimization problems in (1)-(6) with slightly
different constraints. The constraints on per internal promotion
impressions N; were set by a central authority and hence identical
for the two models. The owner of the feed page chose viral actions
as the metric of interest and set a cap of L = 1.2% loss in this met-
ric for showing internal promotions. The equivalent constraint on
maximum internal promotion impressions N was also identical for
the two models. The constraint on the dismiss rate (4) was however
different for the two models.

(1) For the first model we set r = 1 which made the dismiss rate
constraint inactive as the dismiss rate would always be less
than or equal to 1. We call this the optConversion model as it
optimizes only for conversions.
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(2) For the second model we set r = 0.95 X dr(random) where
dr(random) was the average dismiss rate observed in the ran-
dom bucket in Section 4. We call this the optConversionDis-
miss model as it optimizes for both conversions and dismiss
rate. Note that setting r to a very small number and N;Vj
to large numbers can make the constrained optimization
problem in (1)-(6) infeasible.

We chose a small value of the regularization hyper-parameter

A =10"* in (8) as we did not want the prior on serving probability
q to significantly affect the decisions. We set ¢ = N/(|I| x |]]).

7.2 Results And Analysis

Since we solve the optimization problem for a one week duration,
we measured metrics for all our models over a one week period.
Our observations are summarized below.

o Both optimization models optConversion and optConversionDis-
miss satisfied the constraints on the minimum number of
impressions of each internal promotion. These constraints
were neither enforced, nor satisfied by the random model.
Both optimization models satisfied the constraint on the
maximum number of impressions of all internal promotions.
This constraint was not enforced but satisfied by the random
model as L was set equal to the loss observed in the random
bucket in Section 4.

The loss monitoring subsystem (from Section 6.3) did not
send a stop signal for any of the models. This implies that
the constraint on N was able to enforce a constraint on L.
The optConversionDismiss model satisfied its constraint on
dismiss rate.

A comparison of the performance of the two optimization
models against the random model is presented in Table 3.
Model optConversion, that optimizes just for conversions,
increased the number of conversions but also increased the
number of dismisses. This indicates that the probability to
convert is positively correlated with the probability to dis-
miss. If these two were negatively correlated then we would
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not have the need for an explicit constraint on dismiss rate.
Model optConversionDismiss, that optimizes for both conver-
sions and dismiss rate, increased conversions by a smaller
percentage compared to optConversion but reduced dismisses
by a significant amount. It also reduced the number of im-
pressions as it did not serve any internal promotion in op-
portunities where all internal promotions were very likely
to be dismissed and unlikely to convert.

metric optConversion | optConversionDismiss
conversions +16.8% +14.3%
dismisses +6.9% -7.2%
impressions 0% -1.7%
dismiss rate +6.9% -5.5%

Table 3: A/B test results for two optimization models com-
pared against the random model

Based on these observations, optConversionDismiss model was
deployed for majority of members.

8 CONCLUSION AND FUTURE WORK

To the best of our knowledge, this is the first work describing a
principled approach for optimization of online internal promotions,
that takes into account the cannibalization loss incurred from show-
ing internal promotions and the impact of internal promotions on
member experience, along with the gains from conversions through
internal promotions. We have introduced the challenging nature of
the problem due to the difficulty of comparison across the different
conversion metrics of different internal promotions and the canni-
balization loss metric. It has been found that internal promotions
not only cause a cannibalization loss but can also potentially de-
grade member experience on the product where they are shown. We
have presented a budgeting mechanism for handling comparison
across the different conversion metrics and the cannibalization loss
metric. This budgeting mechanism guarantees a minimum number
of impressions to some or all internal promotions, while capping
the total number of impressions of all internal promotions. We have
formulated the problem of which internal promotion (if any) to
serve, for each opportunity to serve an internal promotion, as a
constrained optimization problem. The objective of this constrained
optimization problem is to maximize conversions and minimize
the dismiss rate across all internal promotions, while respecting
the budget constraints. We have discussed the challenges faced in
solving this constrained optimization problem, as well as using the
solution of the optimization problem for serving internal promo-
tions. The approach presented for overcoming these challenges
allows us to make a decision, on which internal promotion (if any)
to serve, independently for each opportunity. This makes the de-
sign of the online serving subsystem very simple. The design of
the other core components of the internal promotion optimization
system, namely, offline training subsystem and loss monitoring sub-
system has been outlined. Finally, the effectiveness of our internal
promotion optimization approach has been demonstrated through
results of online A/B test experiments run on the LinkedIn flagship
product.
Interesting problems for future work include the following.
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o Placement selection, i.e., incorporating the ability to answer
the question of where to place an internal promotion from a
given set of available placements on a product. This problem
is complex because accurately predicting the cannibalization
loss from different placements of an internal promotion is
a hard problem. Accurately predicting the cannibalization
loss is hard as it heavily depends on the context in which
the internal promotion is going to be shown.

Handling time-sensitive internal promotions. Some internal
promotions may have a very short life span, such as, an
internal cross-promotion for discounted subscription to a
product on Thanksgiving Day. Such an internal promotion
may need to be shown a guaranteed minimum number of
times on a specific day, and cannot be shown on any other
day. Although not impossible, it is somewhat difficult to
handle such time-sensitive internal promotions with our
current approach.
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