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ABSTRACT
Social networks are prosperous marketplaces where creators and
consumers congregate to share and consume various content. In
general, products that rank content for distribution (such as news-
feeds, stories, and notifications) and are related to edge recommen-
dations (such as connect to members, follow celebrities or groups
or hashtags) optimize the experience of active users. Typically,
such users generate ample interaction data amenable to accurate
model training and prediction. In contrast, we prioritize enhancing
the experience of inactive members (IMs) who do not have a rich
connection network. We formulate strategies for recommending
superior edges to help members grow their connection network.
Adapting the recommendations provides enormous value to the
IMs and can significantly influence their future behaviour and en-
gagement with the ecosystem. To that end, we propose a general
and scalable multi-objective optimization (MOO) framework to
provide more value to IMs as invitation recipients on LinkedIn, a
professional network with over 900𝑀 members. To deal with the
enormous scale, we formulate the problem as a massive constrained
linear optimization involving billions of variables and millions of
constraints and efficiently solve it using accelerated gradient de-
scent, making this the largest deployment of LP-based recommender
systems worldwide. Furthermore, the proposed MOO paradigm can
solve the general problem of matching different types of entities
in an m-sided marketplace. Finally, we discuss the challenges and
benefits of implementing and ramping our method in production
at scale at LinkedIn and report our findings about the core business
metrics related to users’ engagement and network health.
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1 INTRODUCTION
Social networks significantly influence how people interact over
the internet with their peers. The ever-growing popularity of such
platforms is a testament to their ability to act as a fundamental
medium for public discourse. Other popular communication meth-
ods include messaging and email. The mode of communication is
the central distinguishing factor between social networks and mes-
saging/email apps. The primary communication method in social
networks is broadcasting information, typically to a user network
or groups and communities [33]. This paper focuses on the broad-
casting use case in social networks. Our setting is an ecosystem
with edges forming between members where the content generated
by the creators reaches the consumers in their network. As more
creators manufacture content of diverse nature, consumers have
more variety and liquidity to choose from. Consequently, they find
more value in the social network and visit more frequently.

Effective network formation is paramount for building proper
connections and nurturing richer conversations between members
in such an ecosystem. Justifiably, a rich body of work, which we
address as edge building recommendation systems, delves into how
to assist consumers in growing their connection network efficiently

5

https://orcid.org/0000-0003-3023-4337
https://orcid.org/0000-0002-8925-7042
https://orcid.org/0000-0002-4113-3614
https://orcid.org/0000-0001-6706-9940
https://orcid.org/0000-0002-4091-0119
https://orcid.org/0000-0002-6065-1732
https://orcid.org/0000-0003-4285-7400
https://orcid.org/0009-0007-6620-841X
https://orcid.org/0009-0005-0759-8484
https://doi.org/10.1145/3583780.3615000
https://doi.org/10.1145/3583780.3615000


CIKM ’23, October 21–25, 2023, Birmingham, United Kingdom Ayan Acharya et al.

[6, 43]. Most social network platforms leverage such research to
enhance the engagement of the members. These systems generally
deal with multiple objectives, such as network growth, construction
of a quality network, and retention improvement. These objectives
are often at odds and accompanied by multiple practical constraints
that must be accounted for methodically.

Unfortunately, a disproportionately large number of members
on such platforms are not proactive about forming the right con-
nections. The abundance of interactions from the more active users
usually overwhelms the logged data; therefore, models trained
based on such biased data endorse forming connections between
active members, reinforcing the rich-get-richer cycle [14, 31, 34, 41].
Consequently, the inactive members (IMs) receive poor content liq-
uidity and quickly lose interest in the platform.We hypothesize that
many such IMs may reengage with the platforms if they receive rel-
evant invitation requests [46]. Once these members form a healthy
network, a better and regular flow of content follows, keeping them
engaged and encouraging them to visit more frequently.

This paper presents techniques for providing value to IMs by
delivering relevant invitation requests. We propose a novel linear
programming (LP) [9, 10] based solution to model the LinkedIn
social network with over 900 million users. The resulting LP for-
mulation is challenging to optimize because of scaling reasons. We
customize DuaLip [8, 39] to solve this optimization problem with
billions of variables and provide a complete recipe to modify the
re-ranker to promote the IMs. To our knowledge, this is the largest
deployment of LP-based recommendation systems in the industry.
Below, we summarize our principal contributions:

• We present a general framework where we represent the edge-
building recommendation problem as a two-sided marketplace,
considering the value of the IMs as recipients of invitations.
• We demonstrate how to formulate the constrained MOO problem
as an LP. We thoroughly describe how to adapt a general-purpose
toolkit such as DuaLip and customize the process of data generation,
hyper-parameter tuning, data compression, offline validation and
online experiments to provide targeted promotions to IMs.
• This is the first-ever paper that navigates through all the com-
plexities, scaling challenges and uncertainties related to deploying
an LP-based re-ranking solution in a production system serving 850
million LinkedIn users. We exploit distributed inference and fast
projection operations to handle such a gigantic scale. We also report
how the deployed system influences core business metrics related
to user engagement and the long-term health of the ecosystem.
• The optimization paradigm solves the general problem of match-
ing entities of two different types, which can find applications in
many recommender system applications in an m-sided marketplace.

2 RELATEDWORK
Several scientific and industrial disciplines benefit from large-scale
LP [9, 10] formulations of underlying problems. Such problems also
abound in the internet industry in different forms ranging from
optimizing the volume of emails sent to users [22, 23] and matching
entities to consumers in an𝑚-sided marketplace [7, 50] to balancing
multiple business metrics in recommender systems [2–4]. Solving
these large-scale problems using generic or commercial solvers
[24] is impossible. The people recommendation problem discussed

in Section 4 involves billions of variables beyond the capacity of
generic solvers that use simplex or interior point methods [21].
Unless the problem structure is carefully exploited, these methods
become prohibitively expensive for large-scale applications [11, 18].

DuaLip [8, 39] is an open-source LP library that allows users to
solve LPs at the scale that the modern internet industry demands. At
a high level, DuaLip makes the underlying linear objective strongly
convex by introducing a squared regularization term. Such mod-
ification guarantees a Lipschitz continuous gradient, making the
optimization amenable to gradient descent methods. The primal
solution involves vertex-oriented projection on a polytope and the
dual ascension uses Nesterov’s accelerated gradient descent (AGD)
[45] and Limited-memory BFGS-B (LBFGS-B) [12].

Logged feedback data in recommender systems are typically bi-
ased for positional representation, specific promotions, homophily,
popularity, contemporaneity etc. [28]. Such biases often encourage
rich-get-richer behaviour [1, 14, 19, 27, 28, 31, 34, 41]. The corre-
sponding bias in people recommendation systems arises because of
the lack of representation of the IMs in the logged data. As a result,
the interactions of the active users overwhelm the data used to train
the ranking models; the IMs’ relevance is systematically degraded
over time, encouraging connections to be formed only among active
users (a sizeable fraction of the IMs on LinkedIn have less than 10%
of connections compared to an average active user). The long-term
effect of such homophily is disastrous [19]. The network loses its
popularity and results in significant user churn.

We adopt DuaLip to address the rich-get-richer bias. Most works
on edge-building recommendation systems maximize the value for
content consumers1. Our work is distinctively different as we con-
sider promoting IMs to ensure equitable engagement from users
of varying activity levels. Moreover, DuaLip requires non-trivial
integration and customization to cater to business requirements.
Though the ideas of contextual multi-arm bandit [5, 15, 44], di-
versified recommendations [20, 42, 48] and doubly robust policy
estimation [29, 30, 37] seem relevant for solving such problems,
they often fail in real-world, large-scale recommender systems due
to specific practical and business-related challenges, such as hyper-
parameter tuning, score calibration, data compression, pruning,
and offline validation. Notably, ours is the first-ever approach in
the literature that provides a complete recipe for using an LP-based
solution to modify the re-ranking formulation for a recommender
system. A thorough literature search reveals that nothing imple-
mented so far in the industry or any commercial solver comes
remotely close to the scale we deal with.

3 PEOPLE YOU MAY KNOW (PYMK)
The LinkedIn economic graph is a digital representation of the
global economy with 1B nodes and 200B edges (sparsity 0.00002%).
The PYMK connection graph is a subset of this graph that consists of
900M members. PYMK is generally designed as a bidirectional edge-
building recommendation system where users are recommended
to other members they can connect to. Let 𝑖 denote the user be-
ing shown the edge recommendations (aka the source member),

1The only exception is the work by Lo et al. [33] who focus on augmenting creator
utilities to the recommendation objective.
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and 𝑗 represent the specific entity with whom 𝑖 is being recom-
mended to form a connection (aka the destination member). When
a connection is made, the users can access content from each other
through distributional channels like feeds and notifications. Such a
recommendation framework has a few primary considerations:

• the probability of an invitation being sent from the viewer (source)
𝑖 to the recipient (destination) 𝑗 , pInvite𝑖, 𝑗
• the probability of accepting the invitation from the viewer 𝑖 by
the recipient 𝑗 (given that they receive an invitation), pAccept𝑖, 𝑗
• the value of the edge, if formed, vEdge𝑖, 𝑗 .

At LinkedIn, the final PYMK relevance score has historically
been framed as a composite ranker consisting of a combination of
the scores mentioned above:

Score𝑖, 𝑗 = pInvite𝑖, 𝑗 ∗ [1 + pAccept𝑖, 𝑗 [𝛼 + 𝛽 ∗ vEdge𝑖, 𝑗 ]] . (1)

This score is a solution to a Lagrangian dual problem of a con-
strained optimization [33] where 𝛼 and 𝛽 are chosen from running
multiple online experiments.

At LinkedIn, the probability scores and edge-value are modelled
using supervised learning frameworks [32]. We train separate mod-
els on logged interaction data to derive each score. These models are
referred to as first-pass-rankers (FPRs) as they produce the first set
of relevance scores for a given source-destination pair. In particular,
the pInvite FPR optimizes the source-side experience to encour-
age users to send out more invitations to members they may want
to connect with. On the other hand, the pAccept utility addresses
the receiver-side behaviour so that the receivers are encouraged to
accept more invitations from sources they would like to connect
to [32]. vEdge represents a utility that prioritizes connections that
may lead to increased destination session activity [36]. The FPRs
consume many graph-based features (such as personalized-page-
rank scores, triadic closing scores, graph-based user embeddings
etc.), member attributes and actions (such as job description, edu-
cational qualifications, geo-locations, interactions with feed etc.) to
generate relevance scores for each source-destination pair.

The current composite ranking formulation has distinct disad-
vantages. Initially, the edge-building recommendation problem was
designed to optimize for the source-side objectives. Such a strategy
exacerbates the rich-get-richer problem, with most sources seeing
the popular candidates as recommendations. Furthermore, the ex-
isting system fails to incorporate evolving business constraints to
adapt these recommendations. The bias in the training set aggra-
vates the rich-get-richer problem, where active members receive
more invitations, and IMs lose out on opportunities to connect. This
phenomenon results in a cycle of degrading the IMs’ experience.

The PYMK team tried two different approaches earlier to promote
the IMs. In the first instance, we randomly promoted IMs in a user
session. Unfortunately, such random shuffling of the slate does
not produce consistent results, as the specific characteristics of the
source-destination pairs are not considered. We also formulated
a retention utility model to prevent IM churn and engage them
better on the platform. This retention utility model served as an
FPR and produced another utility score for each source-destination
pair. This score was added as a weighted term to Eq. 1. Sadly, we
did not see any improvement in IM retention.

The proposed LP formulation is our first successful attempt to
promote the IMs. Unlike previous efforts, the constraints on the
expected number of invitations received directly and coherently
impact the promotion of the IMs. We formulate this problem as
a two-sided marketplace where we simultaneously optimize the
objectives of both the source and destination members and provide
a more equitable distribution of exposure to the IMs.

Finally, the industry-wide practice [3, 4] for scoring relevance
according to Eq. 1 and with hand-tuned parameters 𝛼 and 𝛽 often
leads to a sub-optimal ranking and loss in developers’ productivity.
Considering 𝑅 > 1 different utilities and 𝑇 different settings of
each weight, the grid search for optimal configuration runs over
(𝑅−1)𝑇 values. Since these configurations must be evaluated online,
they block traffic from online serving, leading to expensive human
labour and computation costs. Hyper-parameter optimization tech-
niques [17] can be used for solving such problems, but they often
require a non-trivial implementation to work in conjunction with
legacy systems. The proposed LP formulation can also be adapted
to estimate these parameters, the detailed discussion of which is
beyond the scope of this paper.

4 PROBLEM FORMULATION
At a high level, the proposed framework maximizes the expected
combined relevance score over all source-destination pairs while
ensuring the following:
• The cumulative impression associated with the recommendations
for the IMs by each source member is less than a given value.
• The expected number of invites sent to each IM does not drop
below a certain threshold.
As shorthand, we use 𝑝𝑖 𝑗 to refer to pInvite𝑖, 𝑗 , 𝑞𝑖 𝑗 to refer to
pAccept𝑖, 𝑗 and 𝑟𝑖 𝑗 to refer to vEdge𝑖, 𝑗 . Note that 𝑝𝑖 𝑗𝑞𝑖 𝑗 refers to
the probability of the formation of an edge between the members
𝑖 and 𝑗 . We formulate the task of providing equitable exposure to
upcoming IMs, via the following LP:

max
∑︁
𝑖∈S

∑︁
𝑗∈T𝑖

𝑥𝑖 𝑗𝑝𝑖 𝑗 (1 + 𝑞𝑖 𝑗 (𝛼 + 𝛽𝑟𝑖 𝑗 ))

s.t.
∑︁
𝑗∈T𝑖

𝑥𝑖 𝑗 ≤ 𝛿𝑖 ∀𝑖 ∈ S, 0 ≤ 𝑥𝑖 𝑗 ≤ 1,∑︁
𝑖∈S

𝑥𝑖 𝑗𝑝𝑖 𝑗 ≥ 𝜁 , ∀𝑗 ∈ T

(2)

where, {𝑥𝑖 𝑗 }’s are the decision variables. 𝑥𝑖 𝑗 represents the probabil-
ity of the 𝑗 th destination member appearing in the recommendation
list of the 𝑖th source member. S is the set of all source members,
and T𝑖 the set of all destination members who appear in the rec-
ommendation of the 𝑖th source member. In our implementation,
T = ∪𝑖∈ST𝑖 consists of only a predefined set of IMs, so we focus
on optimizing the interactions among all possible source members
(that include both FMs and IMs) and IM destination members only.

Using formulation (2), one can populate the online recommen-
dations of the source members with candidates of higher relevance
scores from the set T to facilitate a more equitable distribution of
connections. The constraint

∑
𝑗∈T 𝑥𝑖 𝑗 ≤ 𝛿𝑖 implies that no mem-

ber can monopolize the system by sending too many invites, so
the rich-gets-richer problem is scrupulously mitigated. The second
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constraint ensures that each IM receives a minimum number of
invitations. As explained below, the dual variables corresponding
to the second set of constraints contribute to personalized weights
and cater to customized recommendations. DuaLip optimizes the
following problem with a strongly convex objective:

min
∑︁
𝑖 𝑗

(𝛾
2𝑥

2
𝑖 𝑗 − 𝑥𝑖 𝑗𝑝𝑖 𝑗 (1 + 𝑞𝑖 𝑗 (𝛼 + 𝛽𝑟𝑖 𝑗 ))

)
s.t.

∑︁
𝑗∈T𝑖

𝑥𝑖 𝑗 ≤ 𝛿𝑖 ∀𝑖 ∈ S, 0 ≤ 𝑥𝑖 𝑗 ≤ 1,∑︁
𝑖∈S

𝑥𝑖 𝑗𝑝𝑖 𝑗 ≥ 𝜁 , ∀𝑗 ∈ T .

(3)

Note that the only departure from (2) is the addition of the squared
term

∑
𝑖 𝑗 (𝛾/2)𝑥2𝑖 𝑗 in the objective, which can be beneficial from

a computational standpoint [8, 38, 39]. The box-cut constraint is
explicitly modelled in the primal projection step of DuaLip, so there
is no need to learn the duals corresponding to that constraint. Here
𝛿𝑖 corresponds to the total measure of the impression the 𝑖th source
member makes. We use a parametric formulation to derive 𝛿𝑖 as:

𝛿𝑖 = 𝑓 (
∑︁
𝑗∈T𝑖

𝑦𝑖 𝑗 ); 𝑓 (𝑦) = 𝑦I({𝑦 ≤ 𝜖}) + (𝜖 + (𝑦 − 𝜖)/𝜌)I({𝑦 > 𝜖})

where I(.) refers to the indicator function and 𝜖 and 𝜌 are hyper-
parameters of this problem setting.

The above parametric formulation penalizes sending out too
many invitations from source members. 𝑦𝑖 𝑗 is an indicator variable
that represents if the 𝑗 th target number is recommended to the 𝑖th
source member. When the aggregated value of this number, given
by

∑
𝑗∈T𝑖 𝑦𝑖 𝑗 , exceeds the threshold 𝜖 , we discount those values by

a scale of 𝜌 , which prevents source members with many potential
connections to IMs from sending outmore invitations. In Section 6.2,
we simplify this bound further and provide a detailed description
regarding how it controls the dynamics of the optimization.

The Lagrangian of formulation (3) can be written as:

L(𝝀, x) =
∑︁
𝑖∈S

∑︁
𝑗∈T𝑖

(
−𝑥𝑖 𝑗𝑝𝑖 𝑗 (1 + 𝑞𝑖 𝑗 (𝛼 + 𝛽𝑟𝑖 𝑗 )) +

𝛾

2𝑥
2
𝑖 𝑗

+𝜆 𝑗 (𝜁 − 𝑥𝑖 𝑗𝑝𝑖 𝑗 )
)
.

(4)

From optimality conditions, the optimal primal (𝑥∗
𝑖 𝑗
s) and dual (𝜆∗

𝑗
s)

variables will satisfy:

𝑥∗𝑖 𝑗 = 𝜋
(
1
𝛾
𝑝𝑖 𝑗 (1 + 𝜆∗𝑗 + 𝑞𝑖 𝑗 (𝛼 + 𝛽𝑟𝑖 𝑗 ))

)
, (5)

where 𝜋 (.) represents the (Box-cut) projection operator [8, 38] that
produces a score in the [0, 1] interval. Comparing with the score
in (1), it can be seen that we merely boost the base score by an
additive factor of 𝑝𝑖 𝑗𝜆∗𝑗 – the scores of all other (source, destination)
pairs remain the same as Eq. 1. The higher the value of 𝜆∗

𝑗
, the

higher is the relevance of the corresponding IM for a given source
member. For online implementation, one does not need to worry
about scaling and projection as long as the ordering of the scores
(and not the absolute values) is relevant. Note that the 𝜆 𝑗 ’s learned
from the LP provide the desired personalization in this altered
formulation.

Note that promoting all the IMs in the ecosystem is computation-
ally infeasible and liquidity-wise improbable. Many members are

not responsive and hence cannot be resurrected easily. We consider
different gradations of IMs, based on user behaviour (like frequency
of visits) and model estimates (like the propensity of these members
to engage with the platform) if they are provided incentives like
more invitations [49] and use it to finally populate the set T .

5 BUSINESS IMPLICATIONS
The objective of the LP-based formulation is to consume the rel-
evance scores computed by the FPRs and compose a final score
that considers the specific constraints the business demands and
balances the utilities offered by the FPRs. This flexibility and de-
coupling are desirable in modern-day recommender systems where
at a given point in time, the business may require specific cohorts
of users to be handled differently, and the FPRs undergo frequent
updates. For example, the IMs getting prioritized in favour of the
ecosystem’s overall health is a business decision driven by many
product strategies. Similarly, the input attributes used in the FPR
models change based on the new product features that get continu-
ally added. Model architectures and optimization algorithms also
change frequently based on the latest developments in academia
and industry. Therefore, the re-ranking layer and the training pro-
cess of the FPRs is often kept decoupled in the Linkedin ecosystem.

From the product management perspective, maintaining parity
with the existing SPR formulation (Eq. 1) while promoting the IMs in
a mathematically consistent way is challenging. The legacy PYMK
system admonishes any disruptive changes, so one has to comply
with the business constraints and infrastructural challenges. The
proposed solution does not add significant computing or memory
burden to the backend system that serves the recommendations in
real-time. As we explain more in Section 7.2, we push only a single
float value to the online feature store for each destination member,
which needs to be fetched during online scoring in real-time and to
be used in Eq. 5. The simplicity and elegance of the re-ranking score
derived from a rigorous mathematical formulation is a desirable
feature for modern-day recommendation systems.

The proposed optimization framework is generic enough to find
applications in constructing re-rankers, typical in most modern-day
recommender systems. Such re-rankers can be cast as large-scale
problems of matching entities of different types, which we can
formulate as LP. One only needs to represent the business metrics in
primal variables and change the constraint according to the problem
definition. For example, to ensure a certain amount of notifications
being exchanged between users, we can add a constraint where the
total number of notifications needs to meet a threshold.

6 SYSTEM DESCRIPTION
The system architecture described in this section has two compo-
nents. First, the offline flow solves the optimization problem at
an enormous scale; the online flow modifies the relevance scores
for the source-destination pair according to the duals derived by
the offline flow and serves the recommendation in real-time. We
construct the offline system in two different stages. In the first stage
(Approach 1 detailed in Section 6.1), we attempt to run DuaLip in a
subset of the tracking data. Then, in the second stage (Approach 2
detailed in Section 6.2), we adapt and customize DuaLip to work
with the entirety of the tracking data.
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Figure 1: System Diagram for Approach 1 Figure 2: System Diagram for Approach 2

6.1 Offline System – Approach 1: Clustering and
Dual Extrapolation

6.1.1 Managing the scale of the PYMK problem. Even though Du-
aLip is designed to solve problems of enormous scale, the sheer
number of primal and dual variables associated with the proposed
formulation poses a significant challenge to its adoption. The scale
of the problem grows linearly with |S| and |T |. The PYMK connec-
tion graph is fairly sparse; hence the scale of the problem is never
dictated by the product of |S| and |T |. Rather, it is governed by
the average size of the recommendations times |S|. Regardless, this
number is too large for DuaLip to handle.

Unfortunately, reducing the scale of the problem is not straight-
forward. If we arbitrarily sample members from the set T , the
characteristics of the original data get severely distorted. Another
idea is to reduce the size of the set T by selecting IMs with a higher
likelihood of responding to invitations. The PYMK system has few
predictive models that can prioritize the set of IMs who may accept
more invitations and engage in meaningful conversations and ac-
tivities on the platform. However, such models have limitations, as
they are often trained on logged data with lower IM representation;
hence, they fail to apprehend the nuances of how the IMs behave.
6.1.2 Clustering of IMs. We made several attempts in the past to
cluster the IMs. However, the large, dynamic, ever-growing user
base makes such clustering efforts challenging to scale, maintain
and retrain. Considering the successful applications of graph-neural
networks at such a large scale [25], we tried building member em-
beddings from the connection graph and profile attributes. Our key
challenge is the problem associated with graph isomorphism, which
we formally describe in Walker et al. [47]. The IMs generally have
sparse connections and live in isolated parts of the graph. More
importantly, due to the limited number of connections they possess,
the local neighbourhood becomes similar. As a result, two dissimilar
IMs with structurally similar local neighbourhoods can get arbi-
trarily close to each other in the embedding space. Therefore, any
graph-affinity-based clustering idea is challenging to implement for
these IMs. We have successfully built representations for the more
active members though, who usually have detailed information in
their profiles and are connected to a denser network.

If the IMs could be partitioned into smaller coherent subsets
using somemeasures, one could solve the optimization problem cor-
responding to each subset and then summarize the duals obtained
using some form of aggregation, such as max-pool, mean-pool,
etc. To that end. we hypothesize that the IMs can be categorized
based on the pairwise scores {𝑝𝑖 𝑗 } corresponding to different source

members. Naturally, it might be tempting to represent the 𝑗 th IM
with a vector of size |S| as p𝑗 = (𝑝𝑖 𝑗 )𝑖 . However, there are two
fundamental challenges with such representation. Firstly, |S| can
be of the order of a few tens to hundreds of millions, making such
representation extremely high-dimensional and sparse. More im-
portantly, for any two IMs 𝑗1 and 𝑗2, selected at random from the
graph, ⟨p𝑗1 , p𝑗2 ⟩ is almost always zero. The IMs, on average, are
connected to only a few members. Hence, the common connection
of any two randomly selected IMs is almost always a null set.

To alleviate such issues, we compare two IMs based on the distri-
bution of the associated {𝑝𝑖 𝑗 } scores. We partition the {𝑝𝑖 𝑗 } scores
of the 𝑗 th IM into ten bins uniformly distributed between 0 and
100. As a result, the 𝑗 th IM gets represented by a 10-dimensional
vector v𝑗 . Each component of such a vector represents the fraction
of source members for which the corresponding {𝑝𝑖 𝑗 } scores be-
long to that bucket. In other words, the continuous distribution of
the {𝑝𝑖 𝑗 } scores is approximated using a discrete distribution, so
comparing the distributions of two IMs is easy. Arguably, such rep-
resentation has its limitation, as the position of an IM in the graph
is completely ignored. The strong empirical evidence (presented in
Section 7.2.3) suggests that such a representation is a reasonable
baseline that one can improve upon.

Further, to reduce the problem-size, we sample the set of IMs
based on the values of {v𝑗 }. We first perform a 𝑘-means clustering
with {v𝑗 } used as features. Consider that we need to sample 𝑀
IMs from the pool of |T | IMs (𝑀 << |T |). The clustering provides
a rather consistent framework to sample such IMs systematically.
Suppose the𝑘-means algorithm is runwith𝐾 clusters and 𝐽𝑘 IMs are
assigned to the 𝑘th cluster. In a stratified sampling implementation,
we then select approximately 𝑚𝑘 = 𝐽𝑘𝑀/|T | IMs from the 𝑘th
cluster. To make the sampling relevant, we choose IMs closer to
the centroid of the clusters with a higher probability. We use this
set of IMs {𝑚𝑘 }𝐾𝑘=1 in the optimization framework. An appropriate
choice of𝑀 and 𝐾 might produce duals that do not deviate much
from a solution to the original problem if solved at full scale. In our
implementation,𝑀 is set to 300𝐾 , and 𝐾 is set to 100. The number
of FMs associated with these IMs is approximately 2.5𝑀 .

6.1.3 Imputation of duals. Though the process of clustering and
subsequent sampling intuitively make sense, one still needs to
impute the dual values corresponding to the IMs not selected in
the sampling process. We speculate that IMs with similar repre-
sentation in the 10-dimensional feature space must have similar
dual values. To that end, we resort to the nearest neighbour algo-
rithm. For the 𝑗 th IM, the corresponding 𝜆 𝑗 can be calculated as
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𝜆 𝑗 = 1/|N𝑗 |
∑
𝑗 ′∈𝑁 𝑗

𝜆 𝑗 ′ where N𝑗 refers to the set of IMs selected
in the sampling process. We consider only the top−5000 neighbours
for imputing the duals. The proximity is derived according to the
10-dimensional feature representation described above.

6.2 Offline System – Approach 2: Solving the
Entire Problem

6.2.1 Scaling DuaLip. Though the approach presented in Section
6.1 seems appealing, it cannot produce enough positive-valued duals
to move core business metrics. As we explain the results of our first
set of ramps in Section 7, a statistically significant movement in
these metrics requires a good fraction of the IMs to have positive-
valued duals. Desperate to solve the problem in its original scale,
we investigate and amend the following bottlenecks of DuaLip:
• The critical computation bottleneck of the optimization tech-
nique employed in DuaLip arises from the cost of primal projection.
The current formulation requires a box-cut projection (

∑
𝑗 𝑥𝑖 𝑗 ≤ 𝛿𝑖 ),

which we implement using a variant of the polytope projection
algorithm [39], where each executor in a distributed setting com-
putes the so-called corral-set [13] to project onto a different data
block, resulting in as much as eight times speedup compared to
generic projection algorithms [16].
• The dual ascension step of DuaLip is carried out in the driver af-
ter aggregating the gradients from all different executors. Adopting
a two-step gradient aggregation scheme makes this stage highly
efficient for hundreds of millions of constraints. In the first step,
we partition the dual vector into several sub-vectors of similar
sizes, where the number of partitions is a user-provided argument.
We perform aggregation of gradient components corresponding to
these sub-vectors in different executors. Eventually, we construct
the gradient of the entire dual vector in the driver by aggregating
information from such executors. This results in 2-3 times perfor-
mance improvement per iteration of primal-dual optimization.
• For analyzing the convergence and the consistency of the step
size with the gradient, DuaLip saves the status of the optimizer
after every iteration. These logs are essential for developers as they
show the violations of the constraints, the value of the objective,
the regularization term, slack, and the number of active constraints.
The collection and documentation of these logs require fast infor-
mation aggregation from all the executors. We employ an efficient
accumulation of such information from multiple workers, making
this computation negligible compared to the primal projection step.

With these improvements, DuaLip solves the original problem
at full scale without the clustering and extrapolation components
of Approach 1. Since we can generate positive-valued duals cor-
responding to a healthy fraction of IMs, we do not have to rely
on ad-hoc strategies to accumulate duals over multiple days. This
offline workflow runs within six hours (see Fig. 2).

6.2.2 Effect of Box-cut Constraints on Dual Distribution. For this
implementation, we choose a single value for 𝛿𝑖 for the box-cut
constraint instead of the parametric form given in Eq. 4. The choice
of 𝛿𝑖 has a significant impact on the optimization. A higher value of
𝛿𝑖 implies that all the source members would send more invitations
to the IMs. As a result, the constraint that ensures that each IM
should receive a minimum number of invitations in expectation

gets easily satisfied. The duals corresponding to such values remain
low, and the corresponding IMs have less chance of being promoted.

On the other hand, a lower value of the duals implies that each
source member sends out more occasional invitations to the IMs.
The corresponding constraints become pretty challenging to be
satisfied, and hence the duals increase in values. Higher values of
the duals ensure that the IMs are promoted more in the recom-
mendation list. Essentially, the choices of the values of 𝛿𝑖 ’s dictate
two extreme settings. In one case, when the 𝛿𝑖 ’s are sufficiently
small, the IMs get promoted so much that the experience of the
source members is completely compromised. When the 𝛿𝑖 ’s are
appropriately large, the IMs do not receive any promotion, and the
solution turns out to be no different from the baseline recommen-
dation strategy presented in Eq. 1. In Section 7.2.5, we demonstrate
how different choices of 𝛿𝑖 ’s influence the dual distribution.

6.3 Implementation Details
We describe the implementation required for Approach 1 and how
a large part of it is simplified for Approach 2. Since we solve the
problem for only a small subset of IMs selected via the clustering
and sampling process in Approach 1, we need to extrapolate the so-
lution to other IMs not selected in the sampling process. The offline
part of the workflow (see Fig. 1) parses the interaction data from the
platform, filters information that is pursuant to the optimization
formulation, samples the IMs and prepares the data required by
DuaLip, ingests the dual values that the solver derives, and extrapo-
lates these values to all the IMs who are not selected in the sampling
process. We use 𝜖 = 2 and 𝜌 = 50 in Eq. 4 as these values provide
a more equitable distribution of the duals we desire. We set 𝜁 = 1
and run the workflow daily to avail new interaction data and keep
timely values of 𝜆 𝑗 ’s for the most relevant IMs.

Note that, at the imputation stage, we join two large tables –
one containing the attributes of the IMs selected in the sampling
process (of size 300𝐾 × 10) and the other having the attributes of
the IMs not selected in the sampling process. First, the attributes
of the smaller table are compared with those in the larger table
using squared Euclidean distance. The source members are then
grouped by the destination members and ordered by the similarity
score, after which the top 5000 most similar IMs are retained from
the source table. We then perform a simple averaging of the duals
associated with the IMs from the source table to derive the duals
for the IMs in the destination table. Note that the above run times
are relevant for the offline system from Approach 1.

Since the workflow runs daily, we parse the interaction data over
a range of two weeks before the execution date to keep the memory
and computation footprint manageable. We can only derive the
dual variables corresponding to the IMs that appear in such two-
week-long data. Since the IMs visit a social media platform only
once every few weeks, a considerable fraction of them would be
missing in a two-week-long window. We adopt a simple strategy to
compute the duals for most of the IMs. If an IM receives a positive
dual, we persist in the value and do not change it.

Since our final objective is to promote the IMs, one may be
tempted to retain the greatest of all the duals discovered for any
given IM derived on any day. We run some experiments with such
a strategy as well. In section 7.2.2, we explain how such an accumu-
lation of duals results in many of the IMs, much more than what
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we anticipate, getting promoted higher in the recommendation
list, which creates a negative experience for the source members.
Overwhelming the source members with the recommendations of
too many IMs deters them from sending out invitations.

6.4 Online System
The online workflow collects the data from the table consisting of
all the duals and pushes them to an online venice store which serves
the required duals during a ranking stage. Note that such ranking
is performed on a small subset of members that many candidate
generationmechanisms (offline and online) find relevant.Whenever
a source member visits the website, a PYMK end-point is invoked,
which subsequently ranks the candidates based on the relevance
scores computed according to Eq. 5. The online implementation
ensures that all relevant computations, including fetching the duals
from the online store and (re)scoring the IM candidates, are done
within a latency budget of a few tens of milliseconds.

As we further explain in Section 7, performing an A/B test on a
connection graph of a social network poses its unique set of chal-
lenges. Unlike in other applications where A/B testing is employed,
the Stable Unit Treatment Value Assumption (SUTVA) [26, 40] is eas-
ily violated in a network model, as information leaks through the
shared connections between the treatment and control group. We
implement an attention-balancing mechanism in the online work-
flow of the PYMK system to account for such violations [33]. At a
high level, for every single destination candidate, we maintain two
different scores – one that is derived according to the control model
and the other according to the model that boosts IMs. Finally, we
merge such scores and alter the rank orders according to Algorithm
1 as described in Nandy et al. [35]. Such correction ensures that
our metrics, as observed from the perspective of the destination
members, are relatively free from unobserved confounders.

7 EXPERIMENTS
To assess the quality of the solution, we conduct offline analysis and
online A/B tests. The offline study provides an initial estimation
of the quality of the dual variables. The online A/B tests are used
to fine-tune the hyper-parameters further and evaluate the actual
impact on the users. Note that the control traffic in our online A/B
tests is the re-ranking strategy dictated by Eq. 1. The treatment
traffic is exposed to the re-ranking formulation given in Eq. 5. We
use 𝛼 = 1.0, 𝛽 = 2.8, and 𝛾 = 0.001 in all of our experiments.

7.1 Offline Analysis
7.1.1 Analysis of the Duals and Violations. We need to assess the
quality of the LP solution before using them in the online production
system. The convergence of the objective value of LP conveys
partial information about the quality. The dual values may have
a skewed distribution even when LP has the desired convergence.
Such uneven distribution leads to unsatisfactory results in online
experiments. When the values are skewed towards zero, there is
little promotion offered to the IMs. When a sizeable fraction of the
dual variables has large values, we promote the IMs to the extent
that disrupts the viewer experience. Therefore, the distribution
of the dual values and their relationship to constraint violations
provide essential insights to help us evaluate the re-ranking solution

before we deploy it into the production system. We present a few
representative plots from one of the runs in Fig. 3, 4, and 5, where
the duals and the violations behave as expected.

Dual distribution: Generally, a high value of the dual implies
that the corresponding constraint is difficult to satisfy. We prefer
a distribution of duals that is not skewed towards zero or have
inordinately high values. For reasons detailed in Section 7.2, we
also desire a higher fraction of positive-valued duals. In Fig. 3, we
refer to one such distribution (the dual values are clipped at the
95th percentile for ease of illustration).

Dual distribution grouped by recommendation count: We
also evaluate the distribution of the dual variables grouped by
different segments of IMs based on the number of unique source
members whose recommendation list the IMs appear in (see Fig. 4).
These plots give us a good sense of which group of IMs benefits
most from the LP formulation or whether the constraints need to
be made tighter for IMs with higher recommendation counts. A
higher recommendation count usually implies that the invitation
constraint is easy to satisfy; hence the corresponding dual value
must be close to zero. If the business requires the promotion of
IMs with a higher recommendation count, the corresponding lower
bound (𝜁 in formulation 2) must be increased.

Constraint violation: The constraint violation data (shown in
Fig. 5) provides critical insights about the convergence and quality
of the LP solution. The negative values in violation appear when the
constraints are challenging to satisfy. The corresponding duals also
assume positive values when the violations are negative. Ideally,
the KKT condition implies a reversed L-shaped constraint violation
plot, where the product of the dual and violation must be zero for
all the constraints. However, in practice, achieving such a shape is
often difficult. The convergence is better when the empirical plot
looks similar to the reversed L shape.

7.1.2 Evaluating hits@top−𝑘 ratio. As mentioned in Section 4, the
upper bound for the total measure of impressions made by the 𝑖th
source member 𝛿𝑖 penalizes sending out too many invitations. To
understand the relationship between the hyper-parameter 𝛿𝑖 and
the promotion of IMs in the recommender system, we simulate the
hits@top−𝑘 ratio on the recommendation list with and without
the boosting. This metric calculates the fraction of the IMs that
appear in the top−𝑘 positions of the ranking results and provides a
more intuitive estimation of the promotion offered. In section 7.2.5,
we explain how we use this metric to tune 𝛿𝑖 to strike a balance
between IM exposure and recommendation quality in production.

7.2 Online Experiment
7.2.1 Experiment Setup. As mentioned in Section 4, we add the
duals (𝜆 𝑗 ’s) to the re-ranking formulation and modify the final
relevance scores to promote certain IMs with personalized strength
according to Eq. 5. This ranking solution is compared against the
current scoring function of PYMK given in Eq. 1, which is the
baseline we consider for all our online experiments. The practical
business constraints elaborated in Section 5 force us to experiment
with one treatment and control model. In future, we have plans
to experiment with other non-LP-based solutions that might have
more memory and compute requirements during the inference.
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Metrics Group 1 Group 2 all IMs
Invitations accepted +2.3% +1.8% +0.1%
Sessions +0.06% +0.08% +0.04%
Active Users +0.06% +0.03% +0.01%
Table 1: Approach 1 Destination-side Results

Metrics Group 1 Group 2
Invitations accepted +53.15% +33.95%
Sessions +5.88% +3.88%
Active Users +6.41% +4.93%

Table 2: Approach 1 Destination-side Results with Select IMs

Figure 3: Distribution of Duals Figure 4: Duals vs Recommendation Count
Figure 5: Duals vs Violations

Investing in such infrastructural changes is a multi-year effort. The
proposed solution provides a practical trade-off to that end.

During the online A/B tests, we perform experiments on both
sides, source and destination, to account for the violations of SUTVA
in a two-sided marketplace [35]. To better understand the impact
of our formulation, we further divide IMs into two groups based on
their visiting frequency – Group 1 and Group 2. IMs from the first
group visit the platform at least once in six months, while those
from the second group visit once in three months.

When the candidates are ranked according to Eq. 1, IMs consis-
tently receive lower final scores compared to active members and
are ranked lower on average. In fact, the average SPR score of an IM
is 2% lower than that of an active member (Group 1: 1.206, Group 2:
1.226, active members: 1.244), which results in only 8.8% of IMs in
the top 10 recommendations. In the logged data collected accord-
ing to the re-ranking formulation Eq. 1, around 11% of destination
members (1.6% from Group 1, 8.5% from Group 2) are IMs.

7.2.2 Approach 1 Results: Source-side Ramp with Aggressive Dual
Accumulation. Since in Approach 1, we cannot process many IMs in
one instantiation of the LP solver; we adopt the dual accumulation
strategy mentioned in Section 6.3, where we retain a dual value if an
IM is assigned a value higher than predicted values from previous
days. Unfortunately, such a strategy fails in the first source-side
ramp, where we see a significant drop (𝑝 < 0.001) in invitation
acceptance across all member segments.

Upon further investigation, we identify that such aggressive
accumulation results in many of the IMs receiving exorbitantly high
values of the duals, thereby overwhelming the recommendation
list for all the source members. To explain the predicament further,
after approximately 10 days of dual generation and accumulation,
across all the source members, more than half of the IMs receive a
relevance score higher than the maximum relevance score for the
active members. This negative result conveys that overwhelming
the recommendation list with IMs creates a negative experience
among the viewers. Hence, they refuse to send invitations or visit
the recommender system.

7.2.3 Approach 1 Results: Destination-side Ramp. To mitigate the
overly aggressive aggregation, we opt for a milder accumulation

scheme where only the first positive dual assigned to an IM is
retained. Note that some form of dual accumulation is necessary to
maintain the desired coverage during online tests.

Expectedly, the milder dual accumulation strategy results in
statistically significant movement in invite-sent metrics for the IMs,
which encourage us to launch the destination-side experiment. This
experiment is kept alive for two weeks, upon the completion of
which we observe the metrics reported in Table 1. Unless otherwise
noted, the bold metrics have a 𝑝-value of less than 0.001, and non-
bold metrics have a 𝑝-value of less than 0.05.

We anticipate that such small movement in the core metrics is
due to the lower volume of the IMs that we can generate significant
non-zero values of the duals for. To verify this conjecture, we recal-
culate the above statistics with only the IMs in the treatment group
whose dual values are greater than the ones at the 99th percentile.
We observe significant movement in these metrics as reported in
Table 2. These results convey that the re-ranking strategy works
only when a substantial fraction of the IMs receives enough promo-
tion through the LP solution. Hence, scaling the LP formulation to
more IMs (i.e. Approach 2) seems to be the only plausible recourse
to a successful read for the destination-side experiment.

7.2.4 Approach 2 Results: Source-side Ramp. From our offline anal-
ysis, we understand the need to simplify the parametric form of the
thresholds for the box-cut constraints (𝛿𝑖 ’s). To that end, we choose
𝛿𝑖 = 5 when 𝑖 stands for an IM and 𝛿𝑖 = 10 for an active member.
This specific choice of the values of 𝛿𝑖 is guided by some statistics
about the average number of destination members a source member
gets to see in each session.

To our surprise, the first source-side rampwith this revised set-up
gives an invitation-sent lift of as much as 900% for the IMs compared
to the existing baseline. On the other hand, the invitation-accept
rate for active members drops by as much as 30%. This magnitude
of change is drastic and unacceptable for the overall health of the
PYMK ecosystem. Unlike the complete antipathy of the source
members to send out invitations that we observe in Section 7.2.2,
we retain the interests and curiosity of the source members in this
experiment. However, the balance is still overly shifted towards the
IMs, so a better tuning of the 𝛿𝑖 ’s is necessary.
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Groups 𝛿𝑖 = 15 𝛿𝑖 = 18 𝛿𝑖 = 20 𝛿𝑖 = 25
RecentDormants +53.87% +28.72% +38.10% +22.54%
One-by-Ones +39.10% +19.51% +26.19% +15.03%
Table 3: Approach 2 Source-side Invitation Sent Results

Metrics Group 1 Group 2 All Members
Invitations accepted +4.64% +1.95% NS
IM Resurrected +0.08% +0.13% +0.09%
Retained IM Active Users +0.27% +0.17% +0.12%
Active Users +0.14% +0.06% NS

Table 4: Approach 2 Destination-side Results

7.2.5 Approach 2 Results: Source-side Parallel Ramps. Our offline
analyses with the hits@top−10 metrics provide some cues regard-
ing the operating region of the 𝛿𝑖 ’s. Hits@top−10 hovers around
8.8% for the baseline re-ranking formulation. With the boost ap-
plied according to the 𝜆 𝑗 ’s derived for different offline LP solution
corresponding to 𝛿𝑖 ∈ {15, 18, 20, 25}, hits@top−10 goes up by
{17.3%, 14.4%, 10.6%, 9.9%} respectively. One can see that a lower
value of 𝛿𝑖 , on average, promotes a higher fraction of IMs in the
top−10 positions. This offline metric provides a rather crude charac-
terization of the online metrics. So to understand the implications
of the variations in 𝛿𝑖 ’s, we ramp four parallel experiments with
recommendations served according to the corresponding duals.

In the online experiments, the invitation-sent metrics do not
change as monotonically as we observe in the offline hits@top−10
metrics (Table 3). However, the general trend still holds (i.e. the
invitation-sent rate is the highest for the lowest value of 𝛿𝑖 and vice-
versa). Since the aggregated invite-accepts become slightly negative
for 𝛿𝑖 = 15 and 𝛿𝑖 = 18, we choose 𝛿𝑖 = 20 as our operating point to
maintain a good balance between IM exposure and acceptance of
the invitations. This setting provides a healthy hike in invitations
sent to the IMs without significantly altering the invitation-sent
and accept rates for the active members.

7.2.6 Approach 2 Results: Destination-side Ramp. We ramp the
LP formulation with 𝛿𝑖 = 20 in the destination-side attention bal-
ancing experiment [35]. This framework provides a high-quality
measurement of the impact of the treatment on the receivers of
PYMK invitations. With frequent and relevant invitations sent out,
we expect the IMs to engage more.

More specifically, the destination-side experiment is conceptual-
ized by ramping the treatment to 25% of the source-side traffic and
splitting the destination members into the control and treatment
buckets. As Table 4 shows, IMs promoted through the treatment
variant receive and accept more invitations. Quite intriguingly, the
IMs who accept more invitations also start engaging with the plat-
form, influencing the active user metrics in more than one way.
For example, we resurrect2 more IMs through the treatment, which
suggests that our solution can target IMs that have the potential to
be retained. More importantly, the IMs that we resurrect are also
retained. After receiving the invitations, these IMs keep visiting
the platform as Active Users in the subsequent days, which gets re-
flected in the significant increase in Retained IMActive Users metric.
We also observe global movement in the unique member forming
edges because of the promotion – +0.04% overall and +0.24% and
+0.40% for Group 1 and Group 2, respectively.

Remarkably, the metrics improvement in the IM segment is com-
plemented by a neutral trend in the aggregated metrics, such as the
2If a member, who did not visit the platform for the past three months, suddenly visits
the platform and subsequently becomes an active member within the next six months,
we call that an event of “resurrection". Resurrected members emerge from dormancy
and behave like active users within six months of receiving invitations.

total invitations accepted, active users and sessions. Such results
are pretty encouraging for the PYMK ecosystem. They demonstrate
that careful reapportioning of the invitations in favour of long-
term network health is possible without significantly affecting the
experience of the active members who drive most of the above
metrics. This propitious observation verifies our conjecture that
IMs can be captivated by our platform with appropriate and rele-
vant invitations. In future, we may categorize the IMs into different
groups based on their likelihood of conversion and more methodi-
cally leverage their attention and interests. Currently, this system
is ramped as a majority member experience whereby almost all of
the 850 million members experience the re-ranking achieved by the
constrained optimization formulation.

8 CONCLUSION
This paper prescribes a generic strategy to solve constrained multi-
objective optimization problems using large-scale LP formulation.
The paradigmwe present is about matching entities of two different
types at an enormous scale, which the re-rankers in modern-day
recommender systems can be cast as. We present a complete recipe
of how to design such re-rankers, with precise accommodation for
practical business constraints and challenges.

In particular, we present an application where the IMs are sys-
tematically promoted in the recommendation list with the addition
of a member-level constraint that encourages sending out more
invitations to the IMs. The online experiments manifest a few char-
acteristics that have been hitherto unknown:
• Promotion of IM conforms to certain balancing acts. If they are
promoted heavily, they overwhelm the source members, and both
sides’ experience gets compromised. As a result, the source mem-
bers develop extreme aversion towards sending out any invitation.
A balanced exposure of the IMs intrigues the source members. Still,
that inducement must be carefully counterpoised so that the ac-
tive members, the primary drivers of the core business metrics, are
not ignored. Finding the right operating region requires extensive
offline evaluation and a few iterations of online experiments.
• The fraction of IMs who receive positive-valued duals signifi-
cantly affects the magnitude of movement in the business metrics.
Further investigations indicate that IMs who receive higher but
controlled promotion engage more with the platform and generate
more sessions. A better strategy to further categorize IMs based
on their propensity to accept invitations and elevated engagement
might benefit network health in the long run.
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