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ABSTRACT
In online advertising, finding the right audience is critical for the
success of a campaign. One common way of finding the right au-
dience is to find users with traits similar to the users who have
responded positively to the campaign in the past. The small pool
of users who have responded positively to the campaign is known
as the seed set and the goal here is to reach a bigger audience with
traits very similar to that of the seed set. This technique, popu-
larly known as look-alike audience extension, gets increasingly
challenging with the scale and high sparsity of data commonly
encountered in the advertising domain. In this paper, we present
a novel multigraph-based audience extension and scoring system,
which works well with high-dimensional sparse data and can be
scaled easily to millions of users. Our experimental results on large
real-world data demonstrate significant improvement in the perfor-
mance of our approach over the existing architectures.

CCS CONCEPTS
•Human-centered computing→Usermodels; • Information
systems→Online advertising; •Theory of computation→Com-
putational advertising theory.
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1 INTRODUCTION
Targeted advertising is a form of online advertising where the ad-
vertiser targets a specific set of online users with particular traits
and behavior. The goal of the advertiser is to reach maximum users
at the same time to maximize the return on ad spending. Hence the
advertisers must target the right set of users to improve ad clicks
and conversion. One way of finding the right set of large online
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audiences is known as look-alike modeling. In look-alike modeling,
the goal is to find a larger audience that is very much similar to
a smaller set of audiences who have positively responded to the
ad, for example, by clicking on the ad. The smaller set of audiences
is known as the seed set. The similarity between the seed set and
the larger audience is measured in terms of the similarities in de-
mographic attributes, interests & intents, product purchase history,
and online behavior, among others. Finding similar users is a partic-
ularly challenging problem because the pool for the extended target
audience is usually extremely big. While this large data leads to
computational issues, the nature of the online advertising business
demands the look-alike system to have extremely low latency.

Another challenge look-alike systems face is the nature of data in
the advertising domain. The data is high-dimensional and extremely
sparse with a lot of missing values. Some of the data is static like
demographic details, while the majority of the data such as user
intent, interests, mobile apps usage, etc is highly dynamic and
temporal. Demographic data available to the advertiser includes
age, gender, location of the users along with other attributes like
financial information of the users.

In this paper, we propose a novel multigraph-based look-alike
system that is highly scalable and shows improved performance
over existing look-alike systems. Our contributions are summarized
as follows:

• We present a weighted multigraph-based look-alike system,
where user-to-user similarity is captured in the form of a
weighted multigraph.

• We develop a scoring method to select users from amongst
the multigraph neighbors of the seed set for inclusion in the
look-alike extension.

• Weprovide empirical evidence on the improved performance
of the proposed model when compared to other models
in real-world experiments. We have also benchmarked our
model with the Adform click prediction dataset[15].

2 RELATEDWORKS
Various look-alike models have been proposed in the past, including
rule-based models [10, 14], classification models [12, 13], similarity
models [5, 8, 9], and deep learning models [2, 4, 6]. [10] use a
rule-based associative classifier for tail campaigns with very small
conversion rates. [14] use a model based on the Bayes rule, built on
hand-crafted user segments. Though rule-based models are easy to
implement, they are too simplistic to capture complex user behavior.
Classification models work by building a model to separate the
seed set users from a negative set of users. Various strategies are

Code: https://github.com/ernest-s/Multigraph-Lookalike
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Figure 1: Multigraph Look-alike System Architecture and Pipeline

employed to get the negative set of users including sampling from
users who were shown the ad but haven’t clicked on it. [12] use
such a model. [13] use k-means clustering to group user segments
into different clusters and expand the segments by computing the
distance from the candidate users to the cluster centroids. Similarity
models work on the premise that users with similar profiles tend to
behave similarly to ad campaigns. The model proposed by [5] use
user similarity and the model proposed by [8, 9] employ locality-
sensitive hashing (LSH) [16] technique to find a user similarity.
The candidate users are picked based on their similarity to the
seed set users, and a scoring methodology is employed to filter the
candidate users. While LSH is a faster way to build user similarity,
the computational cost of LSH based methods goes high when we
want accurate results from the model [17]. Methods proposed by
[2] build a user embedding, find seed representation by applying
LSH on top of user embedding and score each user based on the
seed representation. Then, [6] use another look-alike learning that
uses an attention mechanism to predict look-alike similarity on top

of a user embedding. The model proposed by [4] uses a multilayer
perceptron model, trained to distinguish between seed set users
and a negative set of users sampled using a spy sampling technique.
More recently, two-stage hybrid models[21][7] have been proposed
where a user representation is learned using graph neural networks
and, feedbacks from campaigns are used in the expansion stage.

3 THE PROPOSED LOOK-ALIKE MODEL
In this section, we formalize the problem and discuss our proposed
multigraph algorithm.

3.1 Problem Definition
Given a global set of users U with features from a set F, we receive
a set of seed set users S from the advertiser. Seed set users are the
users who have responded positively (either by clicking on the ad
or completing a purchase) to an ad campaign. Here |𝑆 | << |𝑈 |. The
goal is then to find users from the global set who are similar to
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Figure 2: Recall at different values of m for the 5 campaigns

seed set users. The advertiser can then target similar users. The key
assumption here is that users with similar features tend to behave
similarly (by responding positively to the ad campaign).

3.2 Multigraph Approach
Before the user-user graph is built, the user features are grouped
into various categories such as demographics, app usage data, in-
terest & intent data, and product purchase data. Certain sets of
features such as demographics can have only one value per feature
whereas other features such as product purchase data can have
multiple products per user. For every category of data, a user-user
knn-graph is built. In the graph, every user is connected to k most
similar users. The graphs are weighted and the edge weight is the
similarity between the users it connects. To build the knn-graph
using variables with high cardinality, we first learn a latent space
embedding for those variables. And the knn-graph is built on the
latent space embedding. The graph building process is an offline
one-time process.

The global user-user graph helps in finding the right set of can-
didates for look-alike extension in near real-time. During retrieval,
a set of seed users are received. These users are the ones who
have responded positively to an ad campaign. The seed set is then
matched with the global user-user multigraph and for every user
in the seed set, the neighbors are retrieved as candidate users for
look-alike extension. Then every candidate user is ranked based on
the closeness to the seed set by a scoring algorithm. Finally, the top
users from the candidate user set based on the score are provided
as look-alike extension. Figure 1 shows the overall architecture of
our model. Grouping variables into various categories and building
separate graphs for each category ensure that each category gets

equal importance and no single category dominates the model. In
the multigraph, all the graphs are equally weighted.

3.3 Multigraph Construction
The data available on users is grouped into multiple categories such
as demographic data, interest & intent data, apps usage data, prod-
uct purchase data, etc., and a weighted multigraph is constructed on
these grouped variables. Every category of data will have its own
edge type. And the edges will have weights depicting how strong
the relationship between the two nodes it is connecting. Two users
who are neighbors in one group need not be neighbors in others.
For example, two users may have similar demographics but their
interest & intent may have nothing in common. In this case, they
will have a demographics edge between them but not an interest
& intent edge. For some campaigns, demographics may play an
important role and for others, demographics may not be important
at all. Building a multigraph based on grouped variables helps in
deciding which group of variables is important in the given seed set.
A K-Nearest Neighbor Graph(K-NNG) is built for every category of
data available namely demographics, app usage, location, interest
& intent, etc. and the graphs are combined to form a multigraph.

3.3.1 NN-Descent. The goal of K-NNG is to build a graph where
every node is connected to its closest K nodes. K-NNG has an al-
gorithmic complexity of 𝑂 (𝑛2) complexity and is not suitable for
large datasets. NN-Descent[3] method overcomes this problem by
employing an iterative approach to build the K-NNG while keep-
ing the complexity to an empirical level of 𝑂 (𝑛1.14). This method
works by starting with a random graph and iteratively updating
the neighbors of every node by exploring its neighbors’ neighbors.
The NN-Descent method produces high accurate K-NNG graphs
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and it works for any underlying distance function. Moreover, the
algorithm is guaranteed to converge if appropriate K is chosen. The
K chosen has to be greater than 𝑐3 where c is the growing constant
of the input space. Growing constant of a growth-restricted metric
space 𝑉 is defined as a constant c s.t.

|𝐵2𝑟 (𝑣) | ≤ 𝑐 |𝐵𝑟 (𝑣) |, ∀𝑣 ∈ 𝑉 (1)

where, |𝐵𝑟 (𝑣) | is the number of neighbors of v within distance r
from v in the metric space V.

3.3.2 Distance Metric for Categorical Variables. An appropriate dis-
tance metric has to be defined to build the graphs. For demographic
data, if we consider each of the features such as age, gender, and
location as a dimension, to find the Euclidean distance between any
two users in this n-dimensional space, we first need to calculate
how far any two categories are apart in a given feature dimension.
For example, if we consider two users having location feature as city
A and city B among other features, to calculate the user distance
in the n-dimensional feature space, we need to find the relative
distance in the location dimension between cities A and B. We use
the Hellinger Distance to find the relative distance between any
two feature values. Hellinger Distance between two feature values
𝑗 and 𝑘 belonging to feature 𝑓 is given by

𝐻𝐷 (𝑓𝑗 , 𝑓𝑘 ) =
√√√√√1 −

∑
𝑙 ∈𝑓 ′

∀𝑓 ′∈𝐹,𝑓 ′≠𝑓

√
𝑝𝑠 𝑗 (𝑓 ′ = 𝑓 ′

𝑙
)𝑝𝑠𝑘 (𝑓 ′ = 𝑓 ′

𝑙
) (2)

where 𝐹 is the feature set in the global user set𝑈 , 𝑙 is the feature
value, 𝑝𝑠 𝑗 (𝑓 ′ = 𝑓 ′

𝑙
) is the probability that the feature 𝑓 ′ takes value

𝑙 in the subset 𝑠 𝑗 and the subset 𝑠 𝑗 is the subset of the global user
set𝑈 where the feature 𝑓 takes value 𝑗 . In the above example, cities
A and B will have a lower score if the feature distribution of users in
both the cities is similar and a higher score if the feature distribution
is dissimilar. Once we have the relative distance between feature
values, the Euclidean Distance between any two users 𝑎 and 𝑏 can
be calculated using

𝑑 (𝑎, 𝑏) =
√
(
∑
𝑓 ∈𝐹

𝐻𝐷 (𝑓𝑎, 𝑓𝑏 ))2 (3)

where 𝑓𝑎 is the value user 𝑎 takes for feature 𝑓 .

3.3.3 Embeddings for High Cardinality Features. In addition to
the demographics, we also have other features such as app usage
and interest and intent which are high cardinal in nature. These
features can also take multiple values per user. When the high
cardinal data is used in a one-hot encoded form, all data points
are perpendicular to each other and the similarity between target
values is not captured. Thus, there is no inherent distance metric
between target values unless they are pushed into a latent space.
Also, NN-Descent method won’t work in high dimensions because
of the phenomenon of hubness[1]. Hubness refers to the tendency
of high-dimensional data to reside in hubs inside the space rather
than uniformly distributed across space. And this phenomenon will
cause the NN-Descent algorithm to converge to local minima rather
than global minima.

To overcome these two issues, we first build a latent representa-
tion of high cardinal columns using GloVe[11] architecture. GloVe

architecture is used to get word embeddings by factorizing theword-
word co-occurrence matrix from a large corpus. The co-occurrence
matrix is constructed by counting the words occurring together
in a context window. In our model, the users provide the context
window. For example, if a particular user may have used apps a,
b and c, then all these three apps are in the same context. The
global co-occurrence matrix is constructed for all users. The latent
space embedding for every target value in the feature is obtained
by factorizing the global co-occurrence matrix. The glove vectors
are trained my minimizing the function 𝐽 , given by

𝐽 =

𝑉∑
𝑖, 𝑗=1

𝑓 (𝑋𝑖 𝑗 ) (𝜔𝑇
𝑖 𝜔 𝑗 + 𝑏 𝑗 + 𝑏 𝑗 − 𝑙𝑜𝑔(𝑋𝑖 𝑗 ))2 (4)

where 𝑉 is the number of values that feature 𝑓 can take, 𝑋𝑖 𝑗 is the
co-occurrence matrix, 𝑓 (𝑋𝑖 𝑗 ) is a weight function to handle noisy
data, 𝜔𝑖 is the embedding vector of the 𝑖 th value of feature 𝑓 and,
𝑏𝑖 is the bias term. The latent space dimension k « input feature
dimension. By factorizing the global co-occurrence matrix, a dense
representation for each target value in a much smaller space is
obtained. The dense representation also captures the relationships
between target values. Thus, every user who has used n unique
apps in the past is represented by a k x nmatrix where the columns
of the matrix represent the apps in the latent space.

3.3.4 Modified Chordal Distance. To build a weighted user-user
graph for high cardinal features like app usage, we need to define
a distance metric. For these features, every user is represented
as a k x n matrix where k is the latent space dimension of the
feature and n is the number of target values the user has for that
feature. Here, every user can have a different number of target
values. For example, one user might have apps usage data for 5
apps and another user might have app usage data for 11 apps.
Thus, user matrices are not of the same dimension. Every user can
be thought of occupying an n-dimensional subspace inside the k-
dimensional space. Different methods have been used in the past
to find the distance between two subspaces. Wolf and Shashua[20]
used principal angles between subspaces. The similarity measure
they employed is

∏𝑘
𝑖=1 𝑐𝑜𝑠 (\𝑖 )2, where \ ’s are the principal angles

between the two subspaces. However, this method requires the two
subspaces to be equidimensional. [19] used a modified version of
Chordal distance to measure the distance between two subspaces.
In their approach, the distance between two subspaces is given by

𝑑 (𝑈 ,𝑉 ) =

√√√
𝑚𝑎𝑥 (𝑚,𝑛) −

𝑚∑
𝑖=1

𝑛∑
𝑗=1

(𝑢𝑇
𝑖
𝑣 𝑗 )

2 (5)

where 𝑈 and 𝑉 are𝑚-dimensional and 𝑛-dimensional subspaces
in R𝑘 respectively and 𝑢1,𝑢2,...,𝑢𝑚 and 𝑣1,𝑣2,...,𝑣𝑛 are orthonormal
bases of 𝑈 and 𝑉 , respectively. The above distance metric is a
complete metric [19], [18] and can be used in NN-Descent as a
distance metric. We use the above metric to build a user-user graph
for high cardinal features that can have multiple values per user.

3.4 Scoring Methodology
When a seed set is received from a campaign, a set of potential
candidate look-alike users can be formed by selecting the neighbors
of the seed set users in the global multigraph. Then we need to
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score the candidate users based on their likelihood that they belong
to the seed set. Information Value captures the importance of a user
feature by comparing the feature distributions in the seed set and
the global user set. If the distribution is different, then the feature
is important and vice versa.

𝐼𝑉 (𝑓 ∈ 𝐹 ) =
∑
𝑗 ∈𝑓

(𝑝𝑢 − 𝑝𝑠 ) 𝑙𝑛
(
𝑝𝑢 + 𝜖

𝑝𝑠 + 𝜖

)
(6)

𝑝𝑢 ( 𝑗) =
∑
𝑈 1(𝑓 = 𝑗)

|𝑈 | , 𝑝𝑠 ( 𝑗) =
∑
𝑆 1(𝑓 = 𝑗)

|𝑆 |
where, U is the global set of users, S is the seed set users, F is

the set of features a user can have, j is a value feature f can take,
and f=j for a user u indicates the feature f has a value j for the user
u. While IV captures the feature importance, at the user level, the
IV needs to be weighted based on the value j the user takes for the
variable f. The value 𝑝𝑠 (𝑘), which captures the probability of j in
the seed set S. The weighted IV score for a user is given below. Here,
𝑥𝑢,𝑓 =𝑗 ∈ {0, 1} is an indicator function which is 1 if the feature f
for the user u is j, 0 otherwise and C is the set of all candidate users.

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝐼𝑉 (𝑐 ∈ 𝐶) =
∑
𝑓 ∈𝐹

∑
𝑗 ∈𝑓

𝑝𝑠 (𝑘) 𝑥𝑐,𝑓 =𝑗 𝐼𝑉 (𝑓 ) (7)

Apart from information value, the structure of the graph itself
can give some information on the importance of a candidate user.
For every candidate user, the number of seed set users in its neigh-
borhood is also an indicator of the importance of candidate users.
Similarly, the number of edges between the candidate users and the
seed set users indicating similarity across different categories of
data is also an indicator of importance. The formula for the score
of a candidate user c, using these three values is given below. Here,
𝑁𝑐 is the number of seed set users in the neighborhood of c in the
global user-user graph, 𝐸𝑐 is the number of edges between c and
its closest seed set user.

𝑆𝑐𝑜𝑟𝑒 (𝑐 ∈ 𝐶) = 𝑁𝑐 𝐸𝑐

∑
𝑓 ∈𝐹

∑
𝑗 ∈𝑓

𝑝𝑠 (𝑘) 𝑥𝑐,𝑓 =𝑘 𝐼𝑉 (𝑓 ) (8)

Users in the candidate set are scored and the top users are filtered
as look-alike users.

4 EXPERIMENTAL EVALUATION
In this section, we discuss the two methods we use to evaluate the
multigraph look-alike model.

4.1 Online AB Testing
In the first set of experiments, we ran a series of advertisement
campaigns and compared the performance of our model and the
LSH[9] and Similar-X[5] models.

4.1.1 Dataset. The dataset consists of approximately 375 million
user profiles. To test the model, 3 sets of user profile information
were used; demographics (age, gender, income group, parental sta-
tus, etc.), interest & intent data and app usage data (installed mobile
apps). The demographic data is categorical whereas the other two
can have multiple values per user. For the demographics, Hellinger
Distance followed by Euclidean Distance was used as a metric to

build the subgraph. For interest & intent and app usage data, em-
beddings are learned and the graphs are built on embeddings using
modified Chordal distance.

Campaign Baseline Similar-X LSH Multigraph

Appliances 1.85% 4.05% 7.73% 8.02%
Education 1.25% 3.21% 7.07% 7.38%

Automobiles 1.36% 2.67% 7.77% 8.67%
FMCG 1.68% 2.20% 3.10% 3.25%
Books 2.21% 2.45% 4.15% 5.38%

Table 1: CTR Rates for various campaigns

4.1.2 Campaign Performance. We ran a set of 5 online advertising
campaigns covering a diverse set of industries. The metric used
in these experiments is the click-through rate (CTR) defined as
the percentage of users who clicked on an ad (clicks) to the total
number of users who were shown the ad (impressions).

𝐶𝑇𝑅 =
𝑐𝑙𝑖𝑐𝑘𝑠

𝑖𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑠
(9)

For every campaign in the experiment, the initial run happens
on segments handcrafted by the advertiser. The CTR value from
the initial run is considered as the baseline value. From the clicks,
we get the seed set users. The seed set is used by our multigraph
model to get an extended set of users. The second phase of the
campaign is run on an equal number of extended set of users from
all three models and the CTR rate is recorded. Results show that
our multigraph model outperforms both models LSH and similar-X
models. Table 1 shows the CTR rates during the experiment for var-
ious models. Here our multigraph model shows better performance
than single graph models. Performance in some campaigns shows
a wider gap than the rest because user similarity is a strong factor
for clicks for some of the campaigns. The LSH model uses MinHash
and the similar-X model uses Arcos algorithm to find neighbors.
The metrics used in our model is explained in section 3. Table 2
shows the overall percentage improvement for all the 3 models.

Model % Increase in CTR

Similar-X 62
LSH Model 233

Multigraph Model 263
Table 2: Percentage CTR improvement over advertiser gen-
erated segment

4.1.3 Recall Experiment. In addition to the online A/B test, we
ran another experiment to evaluate how far we can recover the
original seed set by extending it on a subset of the seed set. The
steps involved in the experiment are as follows:

(1) Seed set 𝑆 , consisting of users who have clicked on the ad is
received from an ongoing campaign

(2) Seed set is randomly split into two equal sets 𝑆1 and 𝑆2
(3) The set 𝑆1 is extended and we assess how many users from

set 𝑆2 are present in the extension 𝑋𝑒 using the metric:

𝑟𝑒𝑐𝑎𝑙𝑙@𝑚 =
|𝑋𝑒 ∩ 𝑆2 |

|𝑆2 |
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The recall rate is calculated at different values of m for multiple seed
sets. In figure 2, we can see that the multigraph model outperforms
the other two models in the recovery task..

4.2 Seed Set Recovery
We ran another set of experiments on Adform data to evaluate how
far we can recover the original seed set by extending on a subset of
the seed set. The dataset consists of impressions served by Adform
for a particular campaign and a select set of features. The features
are hashed and couple of them can take multiple values. The dataset
also has a binary feature indicating whether the ad was clicked or
not. The steps involved in the experiment are as follows:

(1) A multigraph was built on the dataset with 3 subgraphs, one
for the categorical columns and the rest for the two columns
that have multiple values per row.

(2) A set of users who had clicked the ad as 𝐶 from the dataset
are extracted and a random subset 𝑆 , consisting of 50,000
users from 𝐶 was taken as Seed Set.

(3) The set 𝑆 is extended and we assess how many users from
extended set 𝑋 had clicked on the ad using the metric:

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@𝑘 =
|𝑋 ∩𝐶 |
|𝑋 |

Figure 3: Precision@k for different k values

The multigraph model shows higher precision rates in figure 3.

5 CONCLUSION
In this paper, we present amultigraph look-alike audience extension
system. The core approach for our model is based on a multigraph
built on different categories of user data. Allowing different graphs
for different categories makes neighborhood searches more robust
and accurate. The model is computationally efficient during pre-
diction time as prediction involves only the retrieval of candidate
users and scoring them. The model also scales well to millions of
data points. Real-world experiments show that our model achieves
better CTR rates than existing audience extension models. Our
model also gives superior performance in segment retrieval tasks.
Our approach provides an accurate extension set as evidenced by
the experimental results due to the balanced importance given to
different sets of user features in a multigraph and a more accurate
graph built using deterministic methods. In future work, we plan to

extend the method to accommodate changes in user intent signals
over time, as user intent is typically short-lived and changes often.
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