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ABSTRACT
Friend recommendation systems in online social networks such
as Snapchat help users find friends and build meaningful connec-
tions, leading to heightened user engagement and retention. While
friend recommendation systems follow the classical recommenda-
tion system paradigm that consists of retrieval and ranking, they
pose distinctive challenges different from item recommendation
systems (e.g. Youtube videos, Amazon products, Netflix movies),
and require special considerations in building one. In this paper, we
elucidate the unique challenges encountered and share invaluable
insights from developing the friend recommendation system for
hundreds of millions of users on Snapchat.
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1 FRIEND RECOMMENDATION SYSTEMS
In online social and professional networks [1, 9], a user’s friends
or connections are critical for one’s engagement and retention.
Research at Linkedin [15] showed that “members with at least 13
connections from companies other than their current employer are
22.9% faster in transitioning to their next job than those who do
not”. Friend recommendation is often formulated as an industrial
recommendation problem and follows a typical large-scale recom-
mendation system architecture [3] which consists of two stages:
retrieval and ranking. Figure 1 demonstrates the friend recommen-
dation funnel where candidates are first retrieved and then ranked
before getting surfaced to the end users. This two-stage recom-
mendation system advantageously sidesteps quadratic complexity
from considering all user-user pairs, while also enabling flexible
trade-offs in recall, precision and infrastructure cost.
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Figure 1: Friend Recommendation Architecture.

2 CHALLENGES AND LEARNINGS
Despite sharing a similar paradigm as item recommendations, friend
recommendations pose unique challenges throughout the system.

2.1 Retrieval
In the retrieval phase, we extract friend candidates using one’s friend
graph and contactbook graph. The number of candidates is often in
the hundreds of thousands. These candidates are then ranked and
filtered based on either heuristics or lightweight machine learning
models, and around top ten-thousand candidates are funneled to
the next phase of ranking. The goal of the retrieval phase is to
include as many high potential friends as possible and recall is used
to measure its effectiveness.

Friend of Friend (FoF). In item recommendations, user-user and
item-item collaborative filtering [5] is the most commonly used
approach in retrieval. Graph traversal approaches (e.g. FoF [2]) have
been used extensively in retrieving FoF candidates and are adopted
widely in online social and professional networks such as LinkedIn
[10] and Facebook [6]. This approach extracts candidates using
breadth-first traversal and is often built on an inverted index for
fast querying [11].

Embedding Based Retrieval. Embedding based retrieval is an
effective retrieval model [7, 13] in both item and friend recommen-
dations. It requires pre-computed embeddings and support fast
queries based on embedding similarities. In item recommendations,
two tower model [14] is a prominent approach to generate item
and user embeddings in a transductive manner. In friend recom-
mendations, we found embeddings from inductive learning (e.g.
Graph Neural Networks [12]) more effective empirically. Embed-
dings learnt from these two learning paradigms complement each
other, indicating different information being captured in each.

Cold Start. Cold start problems in item recommendations can
be either on new users or new items. For new users, we recommend
popular items based on their demographics. For new items, we
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promote them using their similarities to existing items or metadata
such as brand, genre, etc. However, friend recommendations are
highly personalized and the aforementioned approaches fail to
work effectively. Instead, we rely on users’ contactbook and their
connections to identify the first set of their potential friends.

2.2 Ranking
In the ranking phase, we rank retrieved candidates using deep
neural network models and send around top 100 friend recommen-
dations to the end users. The ML model is trained on historical
friend recommendation outcomes and uses both user-level features
and user-to-user interactions as signals to rank candidates. The
goal of the ranking phase is to maximize precision.

Ranking Objective. In item recommendations, the goal is to
optimize user engagement such as click, purchase, share, etc, which
are explicitly modeled in the ranking objective. In friend recom-
mendations, we need to model the entire friending funnel from the
initial friend request to quality of friendship. These events are con-
ditioned on their up-streams, e.g. reciprocation of a friend request
is required since friendship is bidirectional. To optimize quality
friendship, we model each event along the funnel as well as the
interaction depth using multi-task learning.

Position Bias. In video recommendations, there is a strong po-
sition bias with which users tend to click on the top recommended
videos. Researchers have studied position bias and developed debias-
ing approaches [16]. In friend recommendations, we didn’t observe
strong position bias for typical users because the "cost" of adding a
wrong friend is much higher than watching a less interesting video.

Privacy Requirement. Unlike item recommendations, different
privacy requirements in social networks are appropriate and can
be imposed to friend recommendations which require separate
considerations. For example, friend lists of users on Snapchat are
private by design. In compliance with this privacy requirement,
we use differential privacy [4] to blend suggestions from different
retrieval sources in the final ranked list such that one cannot easily
infer another user’s friend list.

2.3 Evaluation
Measuring the true rollout impact of a feature in friend recommen-
dations is challenging due to network effect [8]. In an AB test, the
same user can be included in the control group as a searcher and
in the treatment group as a candidate. Another challenge is the AB
results sometimes can not be linearly extrapolated in the full rollout.
For example, the retention improvement by promoting a small set
of churned users in the treatment will not scale linearly because
they compete for the same real estate when being rolled out to
all churned users. To address the challenges, we developed an AB
framework that supports both candidate-side AB and searcher-side
AB to get a more accurate estimate of a feature’s full rollout impact.
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