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Abstract

Profile sharing is prevalent in streaming services, with surveys
indicating that 40% of profiles are shared among multiple users.
This challenges personalization and measurement systems that as-
sume a one-to-one mapping between profiles and users. We devel-
oped and deployed a contrastive learning approach to distinguish
between streaming sessions belonging to the same or different
users without requiring direct identity labels. Our system leverages
product-generated signals-such as continue-watching patterns and
concurrent streaming detection-to construct training data. The re-
sulting session-level embeddings capture meaningful distinctions
between user behaviors, paving the way for more precise audience
measurement and improved personalization in streaming services.
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1 INTRODUCTION

Streaming services face a fundamental challenge in understanding
who is actually watching content, as the relationship between pro-
files and real viewers has become increasingly complex. Internal
surveys indicate that 40% of profiles are shared between multiple
users. In fact, profile sharing and coupling behaviors from multiple
individuals are among the most critical challenges of the recom-
mendation problem in streaming services [1][9]. Most existing rec-
ommendation models [12][15][31] implicitly assume a one-to-one
mapping between a profile’s watch behavior and a single user and
generate recommendation results based on the associated watch
behavior. This is illustrated in Figure 1. Therefore, when dealing
with profile sharing, these recommender systems may have sub-
optimal performance [9][20][7] as the unexpected additional user
behaviors introduce noise. This challenge becomes more acute as
streaming platforms expand beyond passive video consumption
into interactive experiences like games and live events.
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Figure 1: How the product assumes people use profiles vs.
how profiles are actually used

While the impact of profile sharing is clear, developing a practi-
cal solution faces several fundamental challenges. Obtaining high-
quality ground truth about user identity is extremely difficult, even
at the coarse profile level. Users rarely explicitly indicate when
they’re sharing profiles or watching together. However, stream-
ing platforms generate numerous weak or indirect signals through
product interactions - from continue watching patterns to device
usage to concurrent streams. The challenge lies in effectively lever-
aging these weak signals to build robust user identification models.
Similar to Qin et al. [21], we use the term 'weak’ under the fol-
lowing connotations: it is not an actual user identification label,
which is not always accurate, and the data is sparse (e.g., very few
users watch from more than one TV or mobile device). Additionally,
different streaming applications require identity information at
vastly different granularities and latencies. Monthly Active Users
(MAU) measurement operates at the profile/account level with
daily/weekly updates, while real-time personalization demands
session-level user identification with sub-second latency. Building
separate models for each application would be prohibitively expen-
sive in terms of development resources and maintenance overhead.
This necessitates a unified approach that can serve multiple down-
stream applications efficiently.

Existing approaches to address these problems utilize unsuper-
vised clustering techniques to try and identify users within a profile



and use the results to make recommendations [14][19][26][28][29][30].

Other works attempt to train end-to-end models to learn latent user
representations under the assumption that there are a fixed number
of latent user [7][8][17][23][27]. As noted by Qin et al. [21], these
methods overlook exploring how to choose and utilize the indicator
of current user identification (useful user behavior information
from a session) and the supervision signal of user identification.
To this end, to identify users from profile-sharing occurrences, the
authors design a session-aware co-attention mechanism that lever-
ages candidate items and session behaviors to attend to historical
behaviors in a fine-grained manner.

We present a novel approach that leverages the contrastive learn-
ing paradigm to identify virtual users by learning session-level
embeddings from behavioral patterns without requiring direct user
labels. Our contributions encompass several key innovations:

e We propose a session-level embedding approach using con-
trastive learning to identify distinct users from their view-
ing patterns without needing explicit labels. Unlike tradi-
tional methods that rely on profile assignments or device
fingerprinting, our approach learns to recognize patterns
across entire viewing sessions. We show that the system
can effectively learn from weak supervision signals despite
extreme class imbalance (>90% positive pairs) through care-
ful architectural choices and dynamic loss weighting. Our
framework successfully separates user patterns in embed-
ding space even with noisy training signals.

e We establish that a single unified embedding space can
effectively serve multiple downstream applications with
different timing and granularity needs. Through compre-
hensive evaluation against ground truth survey data, we
achieve 96% AUC in distinguishing between same-user
and different-user session pairs. By visualizing the learned
embeddings projected to a lower-dimensional space, we
observe that they naturally cluster by key behavioral at-
tributes (geographic location, device usage, viewing pat-
terns), revealing clear separation along behavioral dimen-
sions that align with known user characteristics.

2 RELATED WORK

One of the biggest challenges in designing recommender systems
for streaming services is the account-sharing phenomena [1][9].
This is due to the fact that existing recommendation models assume
a one-to-one mapping between user and account [12][15][31]. Thus,
recommendation results are generated based on watching behavior
on the account, and may suffer from sub-optimal performance do
to noise generated by unexpected watch behavior from additional
users [9][20][7]. Streaming services have attempted to circumvent
this issue by introducing the notion of ‘profiles’ within accounts to
allow users to have separate spaces for different users (or groups of
users) within a shared account. However, internal surveys suggest
that 40% of profiles are still shared among multiple users. This may
be caused by unfavorable pricing incentives, which tend to charge
users more for adding multiple profiles to a single account.

This phenomenon suggests the need for quantitative measures
to detect profile sharing and explicit user identification. One of the
most common approaches is the two-stage model approach used to
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improve recommender systems, which first identifies users behind
a shared account and then makes recommendations based on iden-
tified users. One of the earliest works by Zhang et al. [29] frames
the problem as a subspace clustering problem. Wang et al. [26] and
Yang et al. [28] extended this approach by analyzing sub-sequence
similarity to determine whether sessions belong to the same user.
Several works [14][19][30] leverages unsupervised clustering tech-
niques to identify users. While these methods have proven to be
effective, they do not leverage explicit feedback data and ignore
important sequential patterns in user behaviors, limiting their ap-
plicability to streaming services where user sessions inform each
other and contain implicit information on user behavior.

Another common approach is to use end-to-end learnable models
to learn latent user representations under the assumption that
there is a fixed number of latent users. For example, Ma et al. [17]
and Sun et al. [23] propose variants of Gated Recurrent Unites
(GRUg) to filter out information that does not belong to a latent
user, while Guo et al. [7] and Guo et al. [8] use the last behavior as
an indicator of the current user’s identity. Wen et al. [27] further
advance this approach by proposing a self-attention based user
identification network that aggregates latent user representations
using the last session. Although effective, these models really on
strong assumptions about the fixed number of latent users behind
an account and depend solely on click labels as supervision signals,
which may not be sufficient for accurate user identification. This
limitation is particularly problematic in streaming services, where
user behavior is highly dynamic and often lacks explicit feedback.

These methods overlook exploring how to choose and utilize
the indicator of current user identification (useful user behavior
information from a session) and the supervision signal of user iden-
tification, as noted by Qin et al. [21]. To this end, to identify users
from profile-sharing occurrences, they proposed a framework with
a session-aware co-attention mechanism that leverages candidate
items and session behaviors to attend to historical behaviors in a
fine-grained manner.

In contrast to these approaches, our work adopts an end-to-
end contrastive learning framework that makes fewer assumptions
and effectively leverages additional behavioral signals to enhance
user identification. Over the years, contrastive learning has been a
well-established methodology to learn meaningful representations
from weakly labeled data [2][5][11][10]. By learning session-level
embeddings from weak supervision signals (e.g., continue-watching
patterns, concurrent streaming), our approach avoids the need
for explicit user labels or fixed assumptions about the number of
users. This allows us to capture subtle behavioral patterns and
distinguish between users sharing the same account, even in noisy
and imbalanced data.

3 METHODOLOGY

Our approach consists of two main components: (1) a framework
for generating and validating training signals from product fea-
tures, and (2) a contrastive learning model that learns session-level
embeddings. Figure 2 shows the overview.
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Figure 2: End-to-end framework overview

3.1 Label selection and validation

A key challenge in virtual user identification is the lack of direct
ground truth labels about which sessions belong to the same user.
To address this, we develop a systematic approach for generating
training signals from product-generated session features, where
a session is defined from when the user logs in until when the
user is inactive for a period of time. In this section, we discuss
and investigate the potential of each feature associated with a user
session as a weak signal that indicates whether a pair of sessions
comes from the same or different user.

3.1.1 Label selection. We identify several product-generated sig-
nals indicating whether two sessions likely belong to the same or
different users. For positive pairs (same user), we have the following
candidate labels:

e Continue watching: indicates whether a session contains
an instance where a user continues watching a movie or
show from the same timestamp. For example, a session
indicates a user watches 30 minutes of a movie at 2 PM, then
continues from the 30-minute mark at 8 PM. We believe
this strongly indicates the same user as people typically
resume their content, not others.

e Same mobile device: multiple sessions originating from
the same mobile device identifier. We believe that mobile
devices tend to be personal rather than shared. However,
this label might be less reliable for tables shared among
family members.

Consequently, for negative pairs (different users), we have the
following candidate labels:

e Concurrent streaming: indicates whether multiple ses-
sions actively stream different content at the same time,
for example, two different shows being watched simulta-
neously under the same profile. We believe this is a strong
indicator of different users, as one person cannot actively
watch multiple streams.

o Different mobile devices: sessions from different mobile
device identifiers. We believe that this could be a strong

signal when devices are used regularly over time. How-
ever, this might be less reliable for occasional or temporary
device usage.

¢ Different location categories: indicates whether a ses-
sion comes from a primary or a secondary location.

e Different device categories: indicates whether a session
comes from a primary or a secondary device.

e Country ISO code: country code derived from the client’s
IP in the order it appeared in a user session. In the case of
one user session containing multiple countries, the country
that appears most often is chosen.

3.1.2  Label validation. We validate these signals against ground-
truth data from a preexisting user survey designed to measure
profile sharing. The survey was designed with the following high-
level user research goals in mind, namely, to develop a one-time
measure of profile sharing for validating user counting models at
the session level for several recent sessions, to create a dataset
that enables us to train improvements to user counting models and
informs efforts around leveraging individual user identification to
improve personalization, and to focus on identifying false negatives
(i.e. identifying users as not profile-sharing, but they are), such
as how often the concurrent streaming rule misses actual profile
sharing behavior. The survey was sent to 15,000 users in US, JP, IN,
DE, BR, where 40% of the users is an oversample of profile-sharing
accounts (accounts with concurrent streaming from the primary
profile from more than one device in the past 28 days), and the
remainder 60% from the general user population.

While the survey covers several questions intended to provide
more insights toward the aforementioned user research goals, we
focus on the results to one specific question:

Did you personally watch the following show episode
or film between Saturday April 13th and Monday
April 15th? Select that you have watched even if you
only watched a part of it.

The user is then presented with a series of target titles (show
episodes or film watched on primary profile on April 13-April 15)
and decoy titles (show episodes or film that are not watched in
the last two weeks). The user will answer either "Yes" or "No" to a
question regarding whether or not they have watched a particular
content within the specified time frame. Let A, and B be two target
titles presented to the user. If the user says "Yes" to target title
A and target title B, then it is highly likely that the sessions that
correspond to A and B belong to the same user (positive pair).
Conversely, if the user says "Yes" to target title A and "No" to target
title B, then it is highly likely that the sessions that correspond to
A and B do not belong to the same user (negative pair). However,
if the user says "No" to both target title A and target title B, we
cannot infer anything from this information, as there can be more
than one other user on the same profile.

To perform label validation, we checked each individual candi-
date labels for positive and negative pairs discussed in the previous
section against the ground truth survey data. In our labeling heuris-
tic, we do not immediately label a session-pair as a negative pair if
we do not see an indication that it is a positive pair (for example, if
a session-pair does not contain a continue watching signal, it does
not automatically indicate that they are a negative pair, i.e. sessions



that belong to different users). Therefore, we validate the different
candidate labels based on their recall values, as shown on Table 1.

Label Description Recall

Positive Continue watching 0.9185857931
Same mobile device 0.2344346345
Concurrent streaming 0.2736842105
Different mobile devices 0.3689839572

Negative Different location categories 0.1516227181
Different device categories ~ 0.1523232323
Country ISO code 0.3018867925

Table 1: Recall values for different labels and descriptions

From our validation results, we can observe that there is high
confidence in continue watching. However, we do not observe
the same from any other candidate labels. Nevertheless, we still
need negative labels to train the model using contrastive learning.
Therefore, we decided to use the concurrent streaming feature as a
negative signal as we have high confidence obtained from previous
product understanding and user behavior research. From this, we
proceeded with rule-based labeling of the session features and
dropped these features and any related features from the training
data to avoid any leakage. We obtained a total of 16824 positive
pairs and 2848 negative pairs.

3.2 Modeling

3.2.1 Data. We leverage profile session features, which contain
information regarding user activity within a session associated with
a single profile. We also incorporated additional features from exter-
nal sources, such as title-to-embedding and title-to-genre mappings.
Below are some of the key features in our data:

e Device: device ID, device frequency, device type

e Location: location frequency, country ISO code

e Time: day, hour, timestamp gap, session duration, watch
duration

o Title: title embedding, genre

e Recommendation: impressions from each row, playback
from each row

e Navigation: search, profile gate, movie details

o Feedback: thumb rating, add to list

e Playback: continue watching play, my list play, episode
selector play

o Cluster: multi-household usage cluster

The majority of the features utilized in the model are binary to
ensure robustness. The exceptions are the title embeddings and the
timestamp gap, which are dense features. Impression counts and
watch durations have been transformed into binary features using
binning, with cutoffs at the 0, 0.33, 0.75, 0.95, and 1.00 percentiles
to handle the long tail. The device and location features are en-
coded based on their frequency of occurrence (where devices that
occur frequently are primary devices while devices that don’t are
secondary devices). This binary encoding provides an advantage
where device and location features are standardized across profiles,
i.e., not uniquely identifying different profiles.
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Additionally, title embeddings are weighted by the logarithm of
the watch duration when multiple show episodes or movies are
viewed within a session. Let E; be the embedding of title i and D;
be the watch duration of title i. We define the weighted embedding
W for a session formally as follows:

_ ?:1 Ei . log(Di)
2?21 log(Di)

We also only take into account titles that have been watched
for more than 2 minutes, mainly because watching a title for more
than 2 minutes represents a stronger expression of interest, and
titles viewed for less than 2 minutes often do not have trained
embeddings (possibly because they are trailers or highlight reels).
For titles viewed longer than 2 minutes, there are still roughly 15%
that still lack their corresponding embeddings. In these cases, we
generate random embeddings to fill the gaps.

1)

3.2.2 Model architecture and training paradigm. The model archi-
tecture is a sequence-to-sequence model [4][24], where each session
is represented as a token in the sequence model. with the session-
level features encoded into a fixed-length vector. Then, we propose
multiple weak-supervised objectives to train the sequence model,
with one of them being the session-pair level task involving con-
trastive learning for session pairs. The output of the model is a
session-level embedding. The embeddings corresponding to ses-
sions from the same user should ideally have a smaller distance.
In the downstream applications, the sessions should be able to be
clustered into multiple groups with each standing for a virtual user.

We train the model on the rule-based pseudo-labeled profile
session features described in Section 3.2.1 and perform evaluation
on the ground-truth survey data described in Section 3.1.2. We
observe that there is a significant data imbalance between the num-
ber of positive and negative pairs, where there are only roughly
67,000 negative pairs and over 530,000 positive pairs. We discuss
mitigation techniques in Section 3.2.4.

The final training pipeline incorporates both the rule-based label-
ing heuristic as well as the model training and evaluation procedure.

3.2.3 Loss function. Contrastive learning is a machine learning
approach that contrasts positive pairs (similar instances) against
negative pairs (dissimilar instances) to learn meaningful data rep-
resentations [2][10][11][5]. By bringing positive pairs closer and
pushing negative pairs farther apart in the representation space, the
model captures important features and relationships. This method
is used to determine if two sessions belong to the same user. Unlike
sequence-to-sequence models, contrastive learning effectively mod-
els session similarity. The approach leverages pair-wise information
to refine session-level embeddings, improving representation qual-
ity without needing pairwise computations during inference.

To this end, we use the following contrastive loss defined by
Chopra et al. [5] in our training framework:

(Y) (Dw)* + (1 - Y) max(0, m — Dy)? )

e Y: A binary label indicating whether the pair is positive
(Y = 1) or negative (Y = 0).
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e Dyy: The (cosine) distance between the pair in the feature
space.

e m: The margin that defines the minimum distance for neg-
ative pairs.

For positive pairs, the loss encourages minimizing the distance
between them as much as possible, effectively pulling them together
in the feature space. For negative pairs, the loss enforces a minimum
margin. If the pair is already sufficiently far apart (greater than the
margin), no additional penalty is imposed. However, if they are too
close, the loss increases quadratically with how much they violate
the margin, thereby pushing them farther apart.

3.24 Countering data imbalance. As discussed in Section 3.2.1, we
observe an imbalanced proportion between positive and negative
pairs when using our rule-based labeling heuristic on the training
data. Therefore, we focus our efforts on trying to make the model
learn better by countering the effects of data imbalance using the
following techniques:

(1) Simple architecture: due to the limited number of neg-
ative pairs and labeled session pairs in general, we opted
for a straightforward approach by training a simple LSTM
[13] and a Transformer [25] with fewer layers and heads.
This decision was made to avoid overfitting and to ensure
that the model remains efficient and interpretable. By using
simpler models, we can focus on the quality of the data
and the effectiveness of the training process rather than
the complexity of the architecture.

(2) Margin parameter tuning: the margin parameter plays
a crucial role in determining the quality of the representa-
tions learned by the model. A larger margin can effectively
push negative pairs farther apart, which helps in better dis-
tinguishing between positive and negative pairs. However,
this might lead to slower convergence or even overfitting
if the margin is too large. Conversely, a smaller margin
might not provide enough separation between negative
pairs, potentially leading to less distinct representations.

(3) Hard negative mining: in many cases, focusing on the
hardest negative pairs, which are those with the smallest
margin violations, can make the learning process more
efficient and effective [22]. However, our approach is limited
by the fact that we can only learn from profiles that contain
both positive and negative session pairs. This constraint
means that a significant portion of the data is not utilized
for training, as only a few profiles have both types of session
pairs available.

(4) Loss reweighting: several methods have been proposed to
address class imbalance in contrastive learning by reweight-
ing the loss function based on label frequencies, such as the

Focal loss [16], Class-balanced loss [6], and Label-Distribution-

Aware-Margin (LDAM) loss [3], and so on. Following the
ideas from this work, we use the following modified con-
trastive loss functions:

e Static: We introduce two new tunable hyperparam-
eters, w" and w™, corresponding to the positive and
negative weights. Given the large imbalance in the
data, with a limited number of negative pairs per pro-
file, we can penalize the model more heavily when a

negative pair is too close. The revised contrastive loss
function is formally defined as follows:

w - (Y) (Dw)? +w™ - (1 - Y) max(0, m — Dyy)? 3)

Since the data imbalance presented at roughly 90-10
positive-negative, we experimented with w* = [0.1,0.01]
and w~ = [0.9,0.99].

e Dynamic: we recognize the limitations of hard-coding
hyperparameter values to our pipeline, as different
slices of training data both from past sessions and
future sessions might exhibit different levels of imbal-
ances. Therefore, in similar spirit to LDAM loss [3],
we propose a variant of weighted max-margin loss
where we dynamically assign the positive and neg-
ative weights based on the number of positive and
negative pairs available in the current batch. Let N*
and N~ be the number of positive pairs and negative
pairs in a batch respectively, we formally define the
dynamic max-margin loss as follows:

o (Y) (DW)2 +w” - (1-Y)max(0,m— DW)2 (4)
Where,
N+
w+:max(l—m,e) (5)
©w” =max|1-— N € (6)
TR TN N

We have included the smoothing parameter € set at
0.01, where a batch contains many positive or negative
pairs.

3.2.5 Evaluation. We evaluate the resulting model embeddings
through quantitative metrics for assessing discriminative perfor-
mance and qualitative analyses to understand the semantic struc-
ture of the learned embeddings. This dual approach enables us to
validate both the model’s ability to distinguish between users and
the meaningfulness of its learned representations. We outline each
of the evaluation methodologies below:

e Quantitative performance metrics: the primary quan-
titative evaluation metric is the Area Under the Receiver
Operating Characteristic Curve (AUC-ROC), which mea-
sures the model’s ability to distinguish between same-user
and different-user session pairs. For any pair of sessions
(s1,52), we first compute the cosine distance D between
their respective embeddings (e1, e2). This distance D serves
as our similarity metric between sessions, where smaller
distances suggest sessions from the same user and larger
distances suggest different users. To evaluate the model’s
discriminative ability, we classify session pairs by compar-
ing d against a threshold t: if D < t: classify as same-user
pair, and classify as a different-user pair otherwise. The
ROC curve is constructed by varying the distance threshold
t and plotting the ratio of correctly classified same-user
pairs against incorrectly classified different-user pairs. The
AUC score, computed as the area under this curve, pro-
vides a threshold-independent assessment of the model’s



discriminative capabilities. An AUC of 1.0 indicates per-
fect separation between same-user and different-user pairs,
while 0.5 indicates random chance performance.

o Distance distribution analysis: to understand the model’s
ability to separate same-user and different-user sessions in
embedding space, we analyze the distributions of cosine
distances between session pairs. Let S be the set of all ses-
sions in our validation set. We define positive pairs £ and
negative pairs N as:

P = (si,sj) € S xS | user(s;) = user(sj) 7)
N = (si,sj) € S x S | user(s;) # user(s;) (8)

For each pair, we compute the cosine distance: d(s;, s;) =
1—cos(e;, ej) where e; and e are the embeddings of sessions
s; and s; respectively. This gives us two distributions

Dp = d(si,sj) | (Si,Sj) eP 9)
Dy =d(si,s5) | (si,s5) €N (10)

We visualize these distributions using frequency histograms
to assess the degree of separation achieved by the model.
A successful model should yield D, clustered near zero
(indicating similar embeddings for same-user sessions) and
Dy, clustered closer to 2 (indicating dissimilar embeddings
for different-user sessions), with minimal overlap between
the distributions.

o Embedding space visualization: To analyze the semantic
structure of the learned embedding space, we employ Uni-
form Manifold Approximation and Projection (UMAP) [18]
for dimensionality reduction. Let E € R be the matrix
of n session embeddings in d dimensions. UMAP learns a
low-dimensional representation E’ € R"*? by optimizing:
E’ = UMAP(E; k = 15,6 = 0.1) where k denotes the num-
ber of neighbors considered for local structure preservation
and J represents the minimum distance between points in
the low-dimensional space. For each session s;, we examine
external attributes that are not used to label the session
pairs. Let T(s;) = t1, ..., . be the set of training features in-
cluding continue watching patterns, and A(s;) = ay, ...,am
be the set of attributes not used during training such as
geographic location g; € G and device type d; € D. The
visualization function f maps each reduced embedding e;
to a point in 2D space: f : e} > (i, yi, A(s;)) where (xi, y;)
represents the spatial coordinates and A(s;) determines the
visual encoding (e.g., color, shape) of the point.

This visualization enables qualitative assessment of the em-
beddings’ semantic structure while providing interpretable
insights into the model’s learned representations and po-
tential biases. For more interpretable results, we balance
the number of positive and negative pairs in the test data.

4 RESULTS

4.1 Model performance

Figures 6 and 7 show the distance distribution histogram and AUC
curve for different configurations of architectures and loss functions
described in Section 3.2.
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We began our experiments by implementing a Transformer
model with 6 heads and 8 layers using the max-margin loss, as
shown in Figure 6. However, we observed that the model was not
training effectively, with the embeddings collapsing to the same
values for each session. This issue is likely due to the Transformer
architecture being too complex and underfitting the data. Trans-
formers are known to be data-hungry, and the significant class
imbalance-where over 90% of the pairs are positive, with most pro-
files only having positively labeled session pairs-exacerbates this
challenge.

To mitigate the effects of data imbalance, we initially applied
weighting to the max-margin loss to bias it towards the negative
pairs. Unfortunately, this approach did not yield improved perfor-
mance. We then tested our hypothesis that the architecture was
too complex by reducing the number of heads and layers. Simplify-
ing the architecture resulted in a better AUC score and improved
separation between the distances of positive and negative pairs.
However, some negative pairs were still misclassified, indicating
room for further improvement.

Given the results in Figure 6, which suggested that the Trans-
former architecture was too complex for our use case, we decided to
experiment with a 3-layer LSTM. The LSTM architecture captures
the contextual nature of profile sessions without the added com-
plexity. As shown in Figure 7, even with the base max-margin loss,
the LSTM achieved a decent AUC score and separation between
positive and negative pair distances.

We continued experimenting with various techniques to counter
data imbalance, as described in Section 3.2.4. Through hyperpa-
rameter tuning, we determined that the optimal margin value is
1.5. All techniques employed to address data imbalance appeared
to enhance the AUC score and visually improved the separation
between positive and negative pair distances, demonstrating their
viability as solutions.

Both figures highlight the importance of loss weighting and hard
negative mining in improving model performance, especially in the
context of data imbalance. When combined with these techniques,
simpler models can achieve results comparable to more complex
architectures, offering potential computational efficiency benefits.
The results underscore the value of tailoring the training process
to the specific challenges of the dataset, such as class imbalance, to
enhance the model’s discriminative capabilities.

These findings validate our approach and demonstrate the poten-
tial for efficient and effective virtual user identification in streaming
services. The ability of simpler models to achieve results comparable
to more complex architectures, when combined with these tech-
niques, highlights the importance of tailoring the training process
to the specific challenges of the dataset. These findings validate our
approach and demonstrate the potential for efficient and effective
virtual user identification in streaming services.

4.2 Embedding analysis

The UMAP embeddings offer a visual representation of the session-
level embeddings learned by our model, providing valuable insights
into the semantic structure and clustering of user sessions. The
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visualizations reveal distinct clusters of session embeddings, indi-
cating that the model effectively captures the underlying patterns
in user behavior.

The UMAP embeddings naturally cluster by key behavioral at-
tributes such as geographic location, device usage, and household
cluster. This clustering suggests that the model captures meaningful
dimensions of user behavior, which are critical for personalization
and user identification. It is important to note that we do not ob-
serve the same clustering behavior for an attribute across profiles.
For example, if we observe clustering based on country ISO codes
for one profile, it doesn’t mean we will observe the same cluster-
ing on another. This is because profile-sharing behavior is unique
for each user: sometimes, they share with cohabitants and stream
from different devices. Other times, they might share with family
members who live farther away.

Profile observations labeled by country ISO codes in Figure 3
show apparent geographic clustering of user sessions. In the visu-
alization, sessions from different countries form distinct clusters,
suggesting that geographic location strongly influences session be-
havior patterns. This geographic separation emerges naturally from

the learned embeddings despite the model not explicitly trained on
location information, indicating that users from different regions
exhibit distinguishable viewing behaviors.

In Figure 4, the visualization on the left shows three distinct
clusters corresponding to different device types. Android sessions
(red) form a tight cluster in the lower right, while TV UI sessions
(orange) cluster in the upper left. The single web session (purple) ap-
pears isolated, suggesting distinct behavioral patterns across these
platforms. This clear separation indicates that users tend to interact
with content differently depending on their device, a pattern the
model has learned without explicit device-type supervision. The
visualization on the right demonstrates similar device-based sepa-
ration across different viewing platforms. Here, we observe Smart
TV sessions forming a dense cluster, while iPad sessions cluster
separately with a few MVPD STB sessions nearby. The distinct
grouping by device type across different profiles suggests this is a
robust pattern learned by our model.

Finally, the visualization in Figure 5 reveals an interesting align-
ment with household cluster IDs (34, 309, 362, 577). Sessions natu-
rally cluster according to these household groupings, forming two
main clusters: one in the upper portion of the plot and another in
the lower right. This emergent alignment between our learned em-
beddings and independently derived household clusters provides
strong validation that our model captures genuine user patterns.

The consistency of these clustering patterns across different
attributes - geographic location, device type, and household group-
ings - provides strong evidence that our contrastive learning ap-
proach has learned meaningful representations of user behavior.
The model discovers natural groupings that align with multiple
user characteristics without explicit supervision for any of these at-
tributes, suggesting it has successfully captured underlying patterns
in user behavior that can be used for virtual user identification.

5 DISCUSSION

Our experimental results demonstrate several key insights about
virtual user identification through session embeddings. First, the
challenge of extreme class imbalance (>90% positive pairs) proved
to be a significant barrier to model performance, particularly with
complex architectures. While Transformers are powerful for se-
quence modeling, our findings show that architectural simplicity
combined with careful handling of class imbalance can be more
effective for this task. The success of the LSTM model with dynamic
loss weighting suggests that capturing temporal patterns in view-
ing sessions does not require the full complexity of self-attention
mechanisms.

The empirical results highlight an important trade-off between
model complexity and data characteristics. Despite having access
to millions of streaming sessions, the inherent imbalance in our
training signals required us to prioritize robust learning over model
capacity. This aligns with our goal of building a practical system
that can handle the diverse requirements of streaming applications,
from daily user counting to real-time personalization.

The emergence of interpretable patterns in our embedding space
is particularly noteworthy. Without explicit supervision, the model
learned to organize sessions along multiple behaviorally meaning-
ful dimensions - geographic location, device types, and household
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clusters. This natural alignment with known user patterns validates One limitation of our current approach is the potential over-
our contrastive learning approach. The fact that different profiles reliance on device and location signals. While these provide strong
exhibit different dominant clustering patterns (some by geogra- clustering patterns, they might not capture more subtle behavioral
phy, others by device) suggests the model captures genuine user signatures that could help distinguish users sharing the same de-
behaviors rather than surface-level features. vices or locations. Additionally, while reflecting user behavior, the
Our approach effectively addresses the two key challenges iden- varying clustering patterns across profiles could present challenges
tified earlier. First, regarding the broad spectrum of identity needs, for downstream applications requiring consistent feature interpre-
the session-level embeddings provide a flexible foundation that can tation. Finally, the lack of ground truth data associating each session
be aggregated for different applications. Second, concerning the with a virtual user makes it challenging to perform validation. Cur-
lack of high-quality direct signals, our results demonstrate that rently, the learned session-level embeddings have been integrated
carefully chosen product-generated signals, combined with appro- into production workflows and are being used in live user-based
priate model architecture and training strategies, can effectively A/B testing for downstream applications, particularly in audience

learn user patterns despite noisy and imbalanced supervision. measurement and user counting tasks.
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CONCLUSION

We presented a contrastive learning approach for virtual user iden-
tification that effectively learns from session-level behavioral pat-
terns without requiring explicit user labels. Through careful han-
dling of class imbalance and architectural simplification, our LSTM-
based model successfully distinguishes between same-user and
different-user sessions. The learned embeddings demonstrate mean-
ingful clustering by geographic location, device types, and house-
hold patterns, validating that our model captures genuine user
characteristics while only training on weak supervision signals
from product features. Our work provides a foundation for improv-
ing personalization in streaming services by focusing on behavioral
patterns rather than explicit identity. Future work could explore
incorporating additional behavioral signals such as content and
subtitle preferences, handling explicit co-viewing scenarios, and
evaluating the impact of improved user identification on down-
stream personalization tasks.
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