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ABSTRACT
Providing meaningful recommendations in a content marketplace
is challenging due to the fact that users are not the final content con-
sumers. Instead, most users are creatives whose interests, linked to
the projects they work on, change rapidly and abruptly. To address
the challenging task of recommending images to content creators,
we design a RecSys that learns visual styles preferences transversal
to the semantics of the projects users work on. We analyze the chal-
lenges of the task compared to content-based recommendations
driven by semantics, propose an evaluation setup, and explain its
applications in a global image marketplace.

CCS CONCEPTS
• Information systems→Personalization; •Computingmethod-
ologies → Machine learning.
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1 RECOMMENDATIONS FOR CREATIVES
An image marketplace is a huge catalog of very diverse content
in terms of semantics, where one can find from images of a train
to images of a surgery, and also in terms of styles, where a train
image can be a grayscale illustration or a landscape wide-angle
image of a train crossing the Alps. Platform users are creatives
whose content interests change rapidly since are dependent on the
different projects they work on, and to navigate the catalog they
use a search engine which provides content relevant to a given
search query, ranked mainly by popularity.

As the catalog is diverse in terms of visual styles, creatives also
are in terms of visual style preferences, and we hypothesise those
are stable across projects. As an example, if a creative has licensed
mostly illustrations in the marketplace, when he searches for "train"
he will be probably interested in train illustrations, while if an-
other user has licensed many wide-angle images of landscapes
from Switzerland, when he searches for "train" he will probably
be more interested in the train image crossing the Alps. In the
proposed recommendations pipeline, we maintain the ability of
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creatives to search for content relevant for their projects, but we
personalize search engine results to match each user’s preferred
visual styles, which we learn from their historical activity in the
marketplace, aiming to serve content more relevant to them.

A key aspect of the presented Visual Styles RecSys is there-
fore to define image features encoding styles which are stable across
creatives’ projects. Features of different natures were found rele-
vant and later tested experimentally. Among them general features
as the image predominant colors or author country, features hand-
crafted from selected keywords as the image angle, or semantic
verticals such as the image category. Note that, for an style feature
to be useful for recommendations, it doesn’t need to be stable across
projects for all users: the model can learn which features or features
interactions are useful to recommend relevant content to each user.
However, it is critical to avoid features encoding project semantics,
because they are too discriminative compared to style features and
would prohibit learning users’ preferred styles. As an example, if
we include image keywords as a feature, the model would rapidly
fit the keywords relevant for the projects a user worked on during
the training window, instead of learning styles relevant for further
projects.

2 VISUAL STYLES RECSYS
The pipeline to personalize content discovery at the image mar-
ketplace is depicted in Figure 1. It is a two-stages pipeline: First a
search engine generates candidates relevant to a user search query;
Then, the RecSys re-ranks those candidates, so that the ones inline
with the user visual styles preferences are served first. The interest
of maintaining the search engine in the recommendation pipeline
is that creatives can still benefit from custom recommendations
while they rapidly shift between projects. Additionally, they can
utilize at the same time any search engine functionality, such as
search filters or trending images boosting. It is indeed crucial that
the search engine provides candidates with enough styles diversity
so that they fit the preferred styles of any user.

Visual Styles RecSys has a two-tower architecture and learns
users and images representations in a joint embedding space (Fig.
2). The user encoder is essentially a Multi Layer Perception: First,
representations of each one of the user features of experimentally
found dimensionalities are learned, then those representations are
concatenated and go through theMLP until they are projected to the
embedding space. In the image tower, representations of each one
of the image features are learned, concatenated to be processed in
parallel by a MLP and a Cross Network [2] with a single Cross Layer.
Finally features coming out from the two branches are concatenated
and projected into the embedding space. Cross Layers [2] explicitly
model feature interactions, which is critical for our RecSys aiming
to learn users’ preferred styles based on interactions among image
style features.
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Figure 1: Recommendations pipeline. A user queries the search engine, which returns non-personalized results matching the
query semantics (in the example, "people"). Then, Visual Styles RecSys re-ranks those results, and the ones inline with the
user preferred visual styles are shown first. Note how in the example, while the search engine provides very diverse results,
user a gets more stocky portraits with blurred backgrounds, while user b gets served first top-view cadid images of crowds.
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Figure 2: Visual Styles RecSys architecture. In blue, layers of the user encoder and in green, layers the image encoder. MLP
(Multi Layer Perception) layers are linear layers with ReLU activations, and DCN (Deep Cross Network) layers are Cross layers.
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Figure 3: Top ranked images for four different users querying for "sustainability" and "technology" images. To better illustrate
the learned styles, to get this qualitative results the search engine has been substituted by a simple keyword filtering: For each
query, the test set is filtered by the querying keyword, and the images containing that keyword are re-ranked by the RecSys.
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Table 1: Metrics leveraging different image features and a baseline where all users get recommended themost popular images.

Model Acc@10 Acc@100 Catalog Coverage ECS@10 Visual Diversity

Popular Baseline 0.02 0.19 2e-6 9.4 0.413
VS RecSys: Deep 0.093 0.655 35.75 55748 0.278
VS RecSys: All but Deep 0.021 0.250 14.38 16798 0.371
VS RecSys: All features 0.144 0.890 51.72 85669 0.309

3 EXPERIMENTS
As our experimentation data we collect a dataset consisting of 10M
user clicks in images of 90K users during a 6 months time window.
We split those in a training set and a testing set.

3.1 Evaluation Metrics
Accuracy@k: Given a test set with users and images they have
clicked on, recommendations for those users are predicted. Then it is
measured if the clicked image is within the top-k recommendations.
Catalog Coverage: Measures the percentage of test set images
appearing in the test set users top-10 recommendations, monitoring
the diversity of the recommendations among users.
Effective Catalog Size (ECS): Proposed by Netflix [1], mea-
sures how diverse is the content shown to users at each k, being k
the position in the recommendation ranking.
Visual Diversity: Average L2 distance within the deep features
of top-10 recommendations for each user. Inspired in LPIPS [3],
measures how diverse recommendations are for each user in terms
of deep features.

3.2 Image Features Study
Table 1 shows the influence of different image features in the per-
formance metrics. The model basing recommendations only on
Deep features gets a lower score in Visual Diversity than the
popular baseline. That’s expected since any ranker leveraging deep
features will tend to score lower than a popular ranking which
does not. We can consider the Visual Diversity score of this
model the lower bound, since it bases recommendations entirely
on deep features, and any model successfully leveraging other fea-
tures in addition to Deep features should score higher than this one.
The model leveraging all the presented image features but Deep
gets higher Visual Diversity. The reason is that Deep features
are still correlated with the shallow features this model bases rec-
ommendations on. The Accuracy scores and the general diversity
scores (Catalog Coverage and ECS) are lower than for the model
based on Deep but still significant. That leads to two conclusions:
First that this set of (shallow) features is relevant for recommenda-
tions and second that Deep features are key. However, as discussed
before, exploiting Deep features rich representations comes with
the risk of biasing recommendations towards the semantics of the
projects users have worked on during the training window. Visual
Diversity is excellent to monitor Deep features influence.

The model trained with all features scores in Visual Diversity
significantly higher than the one leveraging solely Deep features
and lower than the one not leveraging them. The scores show that
it bases recommendations on the combination of Deep features and

the rest of the presented ones, as pursued. It significantly outper-
forms the rest of the models in Accuracy, Catalog Coverage and
ECS. That means that it successfully leverages features of diverse
natures to provide recommendations that are of interest to users
and diverse among them compared to the other models. Impor-
tantly, this means that leveraging all the presented features Visual
Styles RecSys has successfully learnt users’ preferred visual styles
transversal to the projects they work on and, also, that the proposed
evaluation strategy is useful to prove that by benchmarking models
leveraging different features.

3.3 Qualitative Results
Figure 3 shows qualitative results for different users in the im-
age marketplace demonstrating the diverse styles Visual Styles
RecSys can learn. User a shows preference towards stocky close-
up images featuring people and the gastronomy semantic vertical.
Meanwhile, user b prefers top-view and wide angle images with
greenish colors and digital art. User c is more interested in struc-
tures close-ups with bluish colors, while user d in signs and symbols
and isolated objects with homogeneous backgrounds. Note that
Visual Styles RecSys recommends images based not only on
preferred users image features, but on complex styles learned based
on the interactions of those features. Additionally, the model does
not limit to learn a single preferred visual style for each user, but
learns multiple preferred styles and, as a result, recommendations
are diverse not only among users but also within them. As examples,
in addition to the aforementioned preferences, user b has a lighter
interest in isolated objects, and user a in illustrations.
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