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ABSTRACT
Many recommendation systems rely on point-wise models, which
score items individually. However, point-wise models generating
scores for a video are unable to account for other videos being
recommended in a query. Due to this, diversity has to be intro-
duced through the application of heuristic-based rules, which are
not able to capture user preferences, or make balanced trade-offs
in terms of diversity and item relevance. In this paper, we propose
a novel method which introduces diversity by modeling the impact
of low diversity on user’s engagement on individual items, thus
being able to account for both diversity and relevance to adjust item
scores. The proposed method is designed to be easily pluggable
into existing large-scale recommender systems, while introducing
minimal changes in the recommendations stack. Our models show
significant improvements in offline metrics based on the normal-
ized cross entropy loss compared to production point-wise models.
Our approach also shows a substantial increase of 1.7% in topline
engagements coupled with a 1.5% increase in daily active users in
an A/B test with live traffic on Facebook Watch, which translates
into an increase of millions in the number of daily active users for
the product.
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• Information systems → Information retrieval diversity;
Ranking.

KEYWORDS
diversity, recommendation systems, neural networks

ACM Reference Format:
Khushhall Chandra Mahajan, Aditya Palnitkar, Ameya Raul, and Brad Schu-
mitsch. 2022. CAViaR: Context Aware Video Recommendations. In Proceed-
ings of In Proceedings of The Web Conference 2023 (WWW’23). ACM, New
York, NY, USA, 5 pages.

∗Authors contributed equally to this research.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.
WWW’23, April 30 - May 4, 2023, Austin, Texas, USA
© 2022 Association for Computing Machinery.

1 INTRODUCTION
The Facebook app is one of the largest platforms for discovering
and watching videos online. Billions of users are able to find rele-
vant videos from a corpus of videos of similar size, in the form of a
personalized feed of videos, generated by sophisticated recommen-
dation algorithms.

Any recommender system has to strike a balance between serv-
ing relevant content that the user is most likely to enjoy, while
also maintaining diversity in the entire slate of recommendations
provided.

Recommender models trained to predict user engagement tend
to rank very similar videos at the top, given a large enough corpus
of videos. However, presenting too much content that is similar to
each other can lead to globally sub-optimal results at the session
level, even though the user is likely to interact with each of the
recommended videos when presented individually.

Like most recommender systems used in large-scale production
systems, the video recommendation system at Facebook uses a
deep neural network classification model to predict the likelihood
of a user engaging on a particular video. Videos are ranked in
descending order of predictions in the feed of videos presented to
the user. In particular, the classification model computes the score
for a tuple of user 𝑢𝑖 and a video 𝑣 𝑗 :

𝑠𝑖 𝑗 = 𝑃 (𝐸 (𝑢𝑖 , 𝑣 𝑗 ) |𝐹 (𝑢𝑖 , 𝑣 𝑗 )) (1)
where 𝐸 (𝑢𝑖 , 𝑣 𝑗 ) denotes the event that the user 𝑢𝑖 positively in-

teracts with the video 𝑣 𝑗 , and 𝐹 (𝑢𝑖 , 𝑣 𝑗 ) ∈R
n
is the n dimensional

vector denoting features extracted for the user-video pair. We em-
ploy a deep neural network based classification model to predict
these probabilities for a user-video pair. This is a point-wise model,
and only considers information regarding a video 𝑣 𝑗 when com-
puting the score for that video. This model does not incorporate
information from other videos that will be served to the user above
this video in the fully ranked feed of videos. Due to this, the final
list of videos can contain consecutive videos which are similar to
each other, each of which individually have high predictions output
by our classification model. However, we do not account for inter-
actions between videos with each other, such that the predictions
for a video 𝑣 𝑗 should be lower than the computed score 𝑠𝑖 𝑗 , after
accounting for videos placed above that video in the feed. We would
thus like to actually compute the score

𝑠′𝑖 𝑗 = 𝑃 (𝐸 (𝑢𝑖 , 𝑣 𝑗 ) |𝐹
′ (𝑢𝑖 , 𝑣 𝑗 , 𝑣 ( 𝑗 −1 ) , 𝑣 ( 𝑗 −2 ) , ..)) (2)

where the videos 𝑣 ( 𝑗 −1 ) , 𝑣 ( 𝑗 −2 ) , ... are the videos placed succes-
sively above the video 𝑣 𝑗 in a feed of videos. This new formulation
of the score for ranking videos now accounts for all the videos the
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user will see in their feed, before encountering the video being
currently considered. This score is expected to be more accurate
compared to the original formulation 𝑠𝑖 𝑗 at predicting the occur-
rence of the event 𝐸 (𝑢𝑖 , 𝑣 𝑗 ), and thus give us a better ranked feed
of videos and a more engaging experience for the user.

In this paper, we detail a technique that allows us to utilize this
better formulation of a ranking score and adjust ranking accordingly
to get closer to an optimal slate of recommendations.

This paper is structured as follows: We first present relevant
work and key differences that differentiate our technique in sec-
tion 2. Section 3 presents the system overview of our technique
used to solve this problem, the Section 4 presents the experimen-
tal setup, and Section 5 presents the results obtained from using
our technique, both through offline analysis and through online
experimentation.

2 RELATEDWORK
Majority of recommender systems are focused towards optimizing
predictions for each item individually - i.e. predicting the proba-
bility of a user’s interactions with a given item. These point-wise
estimations capture user interests effectively, and thus have been
successfully leveraged to generate personalized rankings suited to
each user’s tastes. It started with the use of Collaborative filtering
[13] andmatrix factorization [7] and continues with strong advance-
ments with the use of deep neural networks [5]. As mentioned in
the introduction , the video recommendation system used in the
Facebook app also leverages multiple deep neural networks where
various signals from the user’s preferences and past history are com-
bined with the video’s features to maximize the user’s engagement.
There has been a lot of work focused on incorporating novelty and
diversity into recommendation systems [1, 6, 8, 9, 16, 19]. Previous
research has also been conducted to understand diversification in
information retrieval [2, 4, 11, 12, 18]. We briefly summarize this
work below.

2.1 Novelty and Diversity
Novelty relates to surfacing new experiences to users. For e.g. sur-
facing a football video for the first time to a user who generally
likes basketball could be thought of a novel experience. There is
previous work on utilizing user and feed context to show novel
content to the user. This enables the recommender system to learn
more about the user as well as enables the user to explore new
content.

Diversity relates to the differences between subsequent items
in the current experience. For e.g. showing a mix of sports, news
and entertainment videos in the feed yields a diverse experience.
The primary motivation behind this kind of research is that by
appropriately diversifying feed, one can improve the feed’s utility,
thus maximizing the user’s satisfaction. Initial work has focused
on reducing redundancy through optimizing between relevance
and similarity. For instance, Carbonell and Goldstein [3] introduce
the MMR (maximal marginal relevance) algorithm which involves
iterating through each item at a time and scoring it based on a
sum of the item’s relevance rating and a penalty for similarity with
subsequent items. A common theme is to penalize items based on
similarity using rules like in Ziegler et al [19] or decaying similarity

scores [10]. Research in submodular functions also exists such as
item selection based on submodular maximization in Tschiatschek
et al [15]. Teo et al [14] use submodular diversity and item categories
to re-rank items.

2.2 Generalized Contextual Ranking
Our work adopts a different perspective - we utilize information
informing the model of the context in which a video is placed when
training a deep neural network. This enables us to personalize the
treatment for each user, thus not only generalizing beyond the
concepts of diversity and novelty, but also allowing for personal-
ized settings of such dimensions to suit user interests. There has
been similar work to exploit a personalized notion of Diversity
where Mark et al [17] experimented with a DPP based approach
that incorporates pointwise and similarity scores on a large scale
recommendation system like Youtube. Our work distinguishes itself
by being reliant on point-wise classification models for the intro-
duction of diversity. This allows us to train and serve models in
production recommendation systems without any costly changes
to the infrastructure or tooling. Our work is also unique in the
sense that diversity is not treated as an objective independent of
relevance, or user engagement. We see that addition of diversity
is a byproduct of using models that are capable of improving rel-
evance through the use of features that capture diversity-related
information.

3 SYSTEM DESIGN
When a user visits a video recommendation surface in the Facebook
app, we initially generate a list of hundreds of video candidates that
the user might be interested in. This list of videos is passed through
computationally intensive deep learnt models which predict the
score 𝑠𝑖 𝑗 for a user-video pair. This stage of serving recommending
videos is referred to as the main ranking pass, owing to its compu-
tational complexity. After this main ranking pass, we introduce a
contextual pass, which allows us to compute 𝑠′

𝑖 𝑗
and re-rank videos

based on the updated scores accounting for ‘contextual informa-
tion’, i.e. information derived from videos preceding the video 𝑣 𝑗
in the feed. To compute and utilize 𝑠′

𝑖 𝑗
in a computationally feasi-

ble way, we employ a greedy approach described in the following
algorithm. Assume that our main ranker has generated a list of K
videos, which we are to re-rank for a user u. 𝑣 𝑗 represents a video
at position 𝑗 after the main ranking pass, while 𝑣 ′

𝑗
represents the

video at position 𝑗 after the re-ranking pass.

Algorithm 1 Re-ranking a feed using a contextual model

for 𝑖 ∈ 1:𝐾 do
for 𝑗 ∈i:𝑖+w do

s’𝑢𝑣𝑗 ← 𝑃 (𝐸 (𝑢, 𝑣 𝑗 ) |𝐹 ′ (𝑢, 𝑣 𝑗 , 𝑣 ( 𝑗−1) , 𝑣 ( 𝑗 −2 ) , ..))
end for
v’𝑗 ← argmax

𝑥
∥𝑠′𝑢𝑣𝑥 ∥

end for

This algorithm allows us so slot videos in each successive po-
sition with the highest score 𝑠′

𝑖 𝑗
, given the characteristics of the

videos slotted above that position.
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Figure 1: After the main ranking pass, we successively slot
videos in the final ranked order.

This approach allows us to use a prediction model very similar to
the one used in the main ranking pass, but employ it to re-rank the
feed of videos to introduce diversity. However, this method has the
potential of introducing latency regressions, due to the complexity
O(K * n), where K is the number of positions, and n is the search
window.

To avoid incurring this latency, we propose a demand based
re-ranking approach to mitigate this latency concern. Although our
ranking system yields K videos to the user, we only show a much
smaller subset p of them to the user (p « K). This is because users
often have limited real-estate on their devices and it is impossible
to show all K items to the user. Moreover users also spend time
focusing on the top p videos. Our technique utilizes this user behav-
ior to reduce perceived latency. Rather than applying re-ranking
on all K videos in a single go, we apply it for only the first p videos.
As the user consumes content and scrolls through their feed, we
trigger subsequent iterations of the contextual pass on the p videos
at a time. This enables us to reduce the latency impact while being
able to re-rank feed using classification based models.

3.1 Contextual Features
Contextual features are defined as the features based on videos
surrounding a given video in a ranked feed. Assume a point-wise
model which ranks the videos in an order based on some score.
Given this list of ordered videos, we design features to capture the
contextual information. Some examples of such features:

1. Averaged embeddings: We use pretrained video embeddings
for each video. These embeddings could be designed for video
understanding embeddings, etc. We extract the average of the em-
beddings for every video in a window of size k.

2. Similarity features: We take the embedding of the video into
consideration (say at position i). We then compute the dot product
of the current video with the k videos above it, and consider each
dot product to be a similarity score. Now we can have two separate
features, in the form of the average of the k similarity scores, and
each score extracted separately.

3. Video Topic: We often have topics tagged on videos through
automated classifiers. We can extract information on the topic
overlap betwween a given video and the videos surrounding that
video, and use it as a measure of diversity.

In all these feature designs, there is a common philosophy. The
method to capture the context should be computationally inexpen-
sive and fit well within the framework of such large models. Each
of the above features uses the existing framework and relies on
embeddings which are already heavily used in large-scale models.

3.2 Contextual Model
Here, we describe the model used to compute the scores s’(ij) used
for re-ranking. Since this model utilizes contextual features de-
scribed above to augment its predictions, we call this a contextual
model. We used a deep neural network based model which com-
prises of user side features and video side features. The model uses
an embedding layer to convert sparse features into values. The
model architecture comprises of multiple dense layers using ReLU
as an activation. The final layer has multiple objectives, each of
which maps to a positive user engagement event. We finally use a
cross entropy loss. Besides contextual features, we include more
user and video based features as inputs to the model.

4 EXPERIMENT
We trained two different point wise models. The first, a baseline
model, is without any changes and the second, contextual model
includes the contextual features.We added ten additional contextual
features in our contextual models. Each of these models uses Adam
optimizer with an initial learning rate of 0.005 and batch size of 128.
We train our model on the 21 days of data initially and then train it
recurrently on each day of additional data. We do a single training
pass over our data.

5 RESULT
5.1 Model Calibration
Model calibration is a metric we commonly use to evaluate models
and understand if they are biased towards over-predicting for some
videos over other videos. Calibration is defined as:

𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 =

∑
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛∑
𝑙𝑎𝑏𝑒𝑙

(3)

A desirable property for a prediction model is to be well cal-
ibrated, which is defined as having a calibration equal to 1 over
all subsets of our data. If a model is not calibrated for a subset of
videos or users which have a particular property, the model is ei-
ther over or under predicting for those items. In such a case, model
calibration can be fixed, and performance improved by adding this
property as an input feature to the model.

To understand if diversity is a problem in our recommendation
system, we plot model calibration against features capturing the
diversity of feed using different contextual features.We use themost
important user engagement event, a binary classification event, to
derive calibration.

We choose a similarity score as as measure of diversity to plot
the calibration against. We use pre-trained embeddings assigned
to each video, which denote similarity in content and topics. The
similarity score is computed by taking the dot product of a video’s
embedding with the average embedding of the previous 5 videos
in feed. This score is bucketized, and calibrations plotted against
these buckets.

In Figure [2], the first graph shows a clear trend- higher the
similarity, the more over-calibrated our predictions. We also see
that there’s a large scope for improvement in a significant percent
of our data: For example, in the case of first graph, we see 40%
of our samples with similarity bucket > 30 have a mis-calibration
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of more than 4%. We should see significant gains from fixing this
calibrations.

To confirm this hypothesis, we check the calibration of the con-
textual model trained using contextual features. We expect that
this model should be able to be well calibrated across all values of
similarity scores. The second graph in Figure [2] shows that indeed
the calibration of the model is now fairly constant when plotted
against the similarity score, aligned with our hypothesis.

Figure 2: Calibrations for a user engagement event from the
main ranking pass against measures of diversity (left), and
from the contextual model (right)

5.2 Offline performance
Next, we would like to see if improving the model calibration leads
to an improvement in other model evaluation metrics. We use
normalized entropy to measure the model’s offline performance on
the binary prediction task. Normalized Entropy (NE) is defined as
the predictive log-loss per impression, divided by the entropy of the
background CTR (click-through rate). The background CTR is the
average empirical CTR of the training data and lower normalized
cross-entropy is better.

Figure 3: Progression of percentage improvement in offline
normalized entropy for the contextual model as training
progresses, using the main ranking model as a baseline

When comparing the model performance of a model utilizing
contextual features against the baselinemodel trainedwithout these
features, we see a NE improvement on three different engagement
prediction models. The improvement over baseline models are 1.2%,
0.85% (as seen in Figure [3]), and 1.4%. Offline gains are a strong
indicator that our model will show online gains in the A/B test.

5.3 A/B testing
When evaluated in an online A/B test, we see that the contextual
model leads to significant improvements. In particular we observe
a 1.7% improvement in user topline engagement metrics, as seen in
Figure [4]. We also see an increase of 1.6% in daily activity, which is
a metric measuring distinct users engaging on videos in a day. This
accounts for a significant increase, given the baseline of billions of
user video engagements per day on the Facebook app. Furthermore,
we see an increasing trend in the metrics when measured on a daily
basis, suggesting that users show increasingly accruing satisfaction
with the recommendations.

Figure 4: Improvement in engagement metrics in an online
A/B test.

6 CONCLUSION
Diversification of items is a persistent challenge for any recommen-
dation system. Most methods of introducing diversity in recommen-
dation systems do so through the use of heuristics, or treat diversity
as an objective that is at odds with user engagement. In this paper,
we prove that optimizing for user engagement can also introduce
diversity, as long as we make our models aware of diversity-related
features. By not treating diversity as an objective separate from
user engagement, we do not have to encode arbitrary trade-offs
amongst diversity and relevance in our system. The models are
able to introduce diversity only for users and items that would be
negatively impacted due to lack of it. Furthermore, our method is
designed such that it can be introduced to any large scale recom-
mender system using point-wise models similar to those currently
being used in the recommendation stack. This gives us the ability
to use all the tools and supporting infrastructure used to serve such
models without any significant changes.

7 NEXT STEPS
Wewould like to integrate the contextual model with our main rank-
ing pass model, by co-training the two models. In the final output
layer, the combined model can output both a non-contextual pre-
diction, and a contextual prediction given an additional set of con-
textual features. This way, we can pre-compute the non-contextual
parts of the model and cache them to be used later in the contextual
pass to reduce latency and CPU costs.

Another way to improve this approach would be to encode se-
quential information when extracting contextual features, through
the use of sequential models like LSTMs to generate embeddings,
rather than use averages. Thus, using point-wise models to improve
diversity and relevance is an ongoing vector for improvements to
the user experience on Facebook Watch.
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