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Abstract
Low-dimensional representations of social media users are
crucial for modeling preferences, interests, and behavior, with
applications ranging from behavior prediction to the detec-
tion of inauthentic accounts. However, existing approaches
often focus narrowly on specific tasks or data modalities such
as text, activity patterns, or platform metadata, limiting their
ability to holistically capture the complexity of user behav-
ior. We introduce SoMeR: Social Media user Representation
learning, a multi-view framework that integrates temporal ac-
tivity, textual content, profile attributes, and network interac-
tions to learn comprehensive user embeddings. SoMeR en-
codes users’ post streams as sequences of time-stamped text
features, embeds them using transformers alongside profile
data, and jointly trains on link prediction and contrastive ob-
jectives to learn representations that reflect both behavioral
patterns and social similarity. We demonstrate the versatility
and effectiveness of SoMeR in three applications: (1) identi-
fying accounts driving information operations, (2) measuring
online polarization following major events, and (3) predicting
future participation in Reddit hate communities. By modeling
user behavior across multiple modalities and tasks, SoMeR
enables a deeper understanding of socio-political dynamics
on social media and supports more informed interventions.

Code — https://github.com/fionasguo/SoMeR

Introduction
The ability to model user behavior on social media has im-
portant implications for social platforms, researchers, and
society. As social media increasingly shapes public dis-
course, civic engagement, and responses to external events,
accurately capturing user preferences, opinions, and be-
haviors has become essential. Low-dimensional user rep-
resentations offer a powerful way to model such behavior,
serving as foundational building blocks in applications in-
cluding personalized content recommendation, bot detec-
tion (Nwala, Flammini, and Menczer 2023), identifying
mental health risks (Sawhney et al. 2021), and hate speech
detection (Qian et al. 2018; Del Tredici et al. 2019).

The main challenge stems from the inherently multi-
modal and dynamic nature of user behavior. Individuals ex-
press themselves through textual content, activity patterns,
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temporal rhythms, and social connections, which evolve
over time and vary across platforms. While user repre-
sentation learning (URepL) has made strides in commer-
cial applications such as recommendation and targeted ad-
vertising (Bhargava et al. 2015; Wang, Wang, and Yeung
2015; Hou et al. 2022; Shin et al. 2023), these methods
are often narrowly tailored to specific use cases or rely on
commercially relevant features (Li and Zhao 2021; Purifi-
cato, Boratto, and De Luca 2024). Even within the social
media domain, existing approaches typically focus on in-
dividual modalities, such as text (Hallac, Ay, and Aydin
2021), images (Pan and Ding 2019), activity logs (Nwala,
Flammini, and Menczer 2023), or platform-specific meta-
data (AlMahmoud and AlKhalifa 2018; Dahiya, Kumar, and
Yadav 2022), and often lack generalizability across plat-
forms or tasks. Multi-view approaches exist, but they typ-
ically combine only text and network features, and many re-
main task- or platform-specific (Feng et al. 2021; Shen et al.
2023).

To address these challenges, we propose SoMeR, Social
Media user Representation learning framework that in-
tegrates four key behavioral signals into a unified, low-
dimensional embedding: temporal activity, textual content,
user profile information, and network interactions. SoMeR
models user posts as sequences of triplets (timestamp, tex-
tual feature, value), enriching sparse time series data with
content-derived features. These triplets are embedded using
transformer architectures (Vaswani et al. 2017), combined
with profile embeddings, and trained jointly using two ob-
jectives: (1) network link prediction, to model social inter-
actions, and (2) contrastive learning, to learn a user embed-
ding space that reflects behavioral similarity. This enables
SoMeR to be used in unsupervised settings where labeled
data is scarce, while remaining adaptable via fine-tuning for
task-specific downstream applications.

We demonstrate SoMeR’s versatility and generalizability
through three diverse case studies across two platforms:
1. Identifying Information Operation (IO) drivers, i.e., ma-

licious accounts used to sow division or influence public
opinion (Wen et al. 2020), using a newly constructed IO
ground-truth dataset.

2. Measuring polarization following major events, by ana-
lyzing changes in user activity and language on X (for-
merly Twitter) after the U.S. Supreme Court ruling over-
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turning federal abortion protections.
3. Predicting user participation in Reddit hate communities,

a task linked to the early detection of online-to-offline
hate (Müller and Schwarz 2021), even in the absence of
recent posting history.

These applications highlight several key challenges in user
representation learning from social media data: high het-
erogeneity of user behaviors, sparsity in temporal activity,
variability in network structure, and limited availability of
ground truth data. SoMeR is designed to tackle these by
leveraging universal features across platforms and adapting
to user behavioral diversity.

Our main contributions are:

• A multi-view framework that jointly models user opin-
ions, temporal behaviors, profiles, and networks in a uni-
fied embedding, which is better designed to handle the
sparsity, noise, and heterogeneity characteristic of real-
world social media data.

• A joint training approach combining link prediction and
contrastive learning, with a novel augmentation method
for contrastive learning on irregular user histories using
bootstrapped sampling and noise injection. This train-
ing paradigm enables robust unsupervised and fine-tuned
representations.

• Demonstrated generalizability and scalability with suc-
cessful deployment across diverse socio-political tasks,
platforms and datasets comprising from 200K up to 17
million posts.

By bridging gaps between traditional user representation
learning and real-world socio-political analysis, SoMeR of-
fers a powerful tool for studying dynamic, heterogeneous
user populations and supports more informed interventions
in online spaces.

Related Work
User representation learning has gained widespread inter-
est within recommender systems due to its ability to cap-
ture compact and meaningful embeddings of users’ behav-
iors and preferences (Yuan et al. 2021). Over the years, re-
searchers have developed many methods, mostly for com-
mercial applications (Li and Zhao 2021; Purificato, Boratto,
and De Luca 2024). These include matrix and tensor fac-
torization (Bhargava et al. 2015), auto-encoders (Zhuang
et al. 2017), transformer-based architectures (Cheng et al.
2021; Hou et al. 2022; Shin et al. 2023), contrastive learn-
ing (Oord, Li, and Vinyals 2018; Cheng et al. 2021), graph
neural networks (Liu et al. 2023), and large language mod-
els (LLM) (Ren et al. 2024). Improving from task-specific
methods (Guo et al. 2017), researchers have also explored
universal user representation learning methods that can be
generalized to different downstream tasks in recommenda-
tions (Yuan et al. 2021; Hou et al. 2022; Shin et al. 2023;
Fazelnia et al. 2024).

Beyond recommendations, URepL also presents consid-
erable opportunities in the social and political domains,
such as enabling a deeper understanding of public sentiment

and societal trends (Pan and Ding 2019). However, the ap-
proaches designed for recommendations are built on com-
mercially relevant features or pre-trained using commercial
data (Li and Zhao 2021; Purificato, Boratto, and De Luca
2024), and thus are not compatible in social analyses. In
comparison, most current approaches in social domains rely
on a narrow subset of user features. For example, Mueen
et al. (2016) and Nwala, Flammini, and Menczer (2023)
uses temporal activity features to detect online bot and IO
drivers; Hallac, Ay, and Aydin (2021) experimented with
different textual embedding methods; Perozzi, Al-Rfou, and
Skiena (2014) and Wang et al. (2017) uses network features
and node prediction to learn user interests or communities.
Multi-view studies, meanwhile, are typically limited to text
and network features, with many tailored to specific tasks
or platforms (Ribeiro et al. 2018; Wang et al. 2019; Lai and
Neville 2020; Feng et al. 2021; Shen et al. 2023). Our frame-
work SoMeR addresses prior gaps by creating a more uni-
versal user representation approach, better fitted for socio-
political domains and applicable across different platforms
and tasks, by incorporating all of the textual, temporal, pro-
file and network features into a multi-view embedding.

Methods
We propose a self-supervised framework to learn a latent
user embedding space based on the architecture shown in
Figure 1. From each user’s history, a timeline of texts, we
first extract certain textual features, such as sentence embed-
dings. Next, to better learn from users with sparse activities,
we format textual features and timestamps into triplets of
observations (timestamp, feature, value). These triplets
pass through a Triplet Encoder, a transformer-based con-
textual learning module, and a fusion attention layer, being
encoded into a user history embedding. We concatenate it
with user’s profile embedding from a separate module, ob-
taining a complete user embedding. We train these encod-
ing modules with two self-supervised objectives: network
link prediction that learns patterns of interactions, includ-
ing sharing, following or other connections, and contrastive
loss that learns user similarity with respect to posting his-
tory. This method learns user similarity in a heterogeneous
user population without the need for time-consuming human
annotations. The method can be easily adapted for various
downstream tasks, such as supervised classification and un-
supervised similarity search.

User History Data Processing
In this study, we consider each user’s history to be a col-
lection of time-stamped texts. Each text can be an original
post, a repost, a reply, etc. There can be other types of user
activity, such as likes or views, that also provide valuable in-
formation that can be incorporated in future work. To learn
from a user’s history, we first extract textual features that
are useful for a given downstream task. In our experiments,
we find that the use of contextual sentence-BERT embed-
dings (Reimers and Gurevych 2019) leads to a powerful
representation. However, BERT embeddings yield complex
high-dimensional features that can slow performance. To re-

990



Figure 1: Model Architecture of SoMeR. We format a user’s posting history into triplets of time, feature, and value, which
undergo encoding via a Triplet Encoder, a transformer-based contextual learning module and a fusion attention layer, becoming
a user history embedding that is then concatenated to the user profile embedding. Through training with two self-supervised
objectives - network link prediction and contrastive loss - our method effectively captures user similarity in the latent space.

duce model size and complexity, we perform dimensional-
ity reduction using principal component analysis (PCA) to
reduce BERT embeddings to the first five components and
treat them as textual features. Although we could vary the
number of components, we chose five as a reasonable trade-
off between a low-dimension and adequately complex repre-
sentation. Previous works (Grootendorst 2022) have shown
that meaningful contextual representation is still retained af-
ter dimension reduction operations on BERT embeddings.

Triplet Data Encoder
Social media users exhibit highly diverse posting behav-
iors. A small fraction of users generate most of the con-
tent, whereas the majority of users only have a few posts
over a long period of time (Krishnan, Sharma, and Sun-
daram 2018). This leads to a sparse matrix of multi-
variate time series as the input data, making it difficult
to accurately learn an embedding space from sparse sig-
nals and posing a challenge in time complexity. We take
inspiration from (Tipirneni and Reddy 2022) and repre-
sent the user’s posting history as a collection of triplets
(timestamp, feature, value). This only takes into account
the observations available in the data, allowing us to account
for times with little to no activity. Thus, a dataset of M users
can be represented as U :

U = {(du,Xu)}Mu=1 where X = {(tn, fn, vn)}Nn=1 (1)

Each user u is characterized by their profile feature vector
du ∈ RD and their posting history Xu, which is a set of N
triplets including the timestamp tn, the feature category fn
and the value of this feature category vn. There can be more
than one feature-value pair at one time point, and therefore
N may be greater than the total number of time points.

Tipirneni and Reddy (2022) shows the effectiveness of us-
ing a feed-forward network to embed continuous values. We
therefore use two separate feed-forward networks to encode
timestamp tn and value vn into time embedding etn ∈ RK

and value embedding evn ∈ RK respectively, where K is
the hidden dimension of these embeddings. These networks
have one linear layer followed by a tanh activation function.
For feature categories, we use a lookup table encoder to gen-
erate a feature embedding efn ∈ RK . Lastly, we add up these

three embeddings to be the triplet embedding etripletn ∈ RK .
Adding them up, rather than concatenating, has been proven
its effectiveness (Tipirneni and Reddy 2022), and allows us
to reduce dimensions of model weights to save training time
and memory.

etn = W t
1 tanh(W t

2tn + bt) (2)
evn = W v

1 tanh(W v
2 vn + bv) (3)

efn = LookupEncoder(fn) (4)

etripletn = etn + evn + efn (5)

Transformer Encoder

The transformer architecture has been shown to have a high
performance in representation learning for time series and
user behavior sequences (Zerveas et al. 2021; Shin et al.
2023). We therefore choose to use the transformer encoder
to better extract a latent representation from the triplet em-
bedding etripletn ∈ RK . We use L transformer layers. Each
layer has H attention heads with learnable key, query, and
value weights W k,W q,W v ∈ RK×P where P is the hidden
dimension size for these weights. After all attention heads
are added up and layers normalized, the embedding vector
is projected back to K-dimensions through a feed-forward
network. This network includes two layers with hidden di-
mension 2K and a ReLU activation in the middle. Lastly,
layer normalization is applied again. From this transformer
module, we obtain etransn ∈ RK . In our case studies, data
sizes are within 20 million posts, and therefore we choose to
have a small transformer module with L = 2, H = 4 and
P = K/H . We choose the hidden dimension K = 64 with
a grid search in [32, 64, 128].

Temporal Fusion

After all the triplets for a user pass through the triplet en-
coder and the transformer encoder, we use an attention layer
to learn the correlations between the different triplets. This
gives us the integrated embedding of posting history ehist ∈
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RK for each user.

an = W attn
1 tanh(W attn

2 etransn + battn) (6)

an =
exp(an)∑N
i=1 exp(ai)

(7)

ehist =
N∑

n=1

an etransn (8)

where W attn
1 ∈ R2K , W attn

2 ∈ R2K×K , battn ∈ R2K are
trainable weights and intercept.

Profile Embedding
Other than the posting history of a user, their profile fea-
tures, e.g., location and number of followers and friends,
can also play an important role. Therefore, we add a feed-
forward network to learn a profile embedding eprof ∈ RK

from user’s profile vector du ∈ RD, and concatenate it to
the user history embedding ehist to obtain a complete user
embedding eu ∈ R2K .

eprof = W prof
1 tanh(W prof

2 du + bprof ) (9)

eu = ehist ⊕ eprof (10)

where W prof
1 ∈ R2K , W prof

2 ∈ R2K×D, bprof ∈ R2K

are trainable weights and intercept, and ⊕ is a concatenation
operation.

Network Link Prediction
Individuals connected in social networks tend to be simi-
lar, and their behaviors are often affected by other users
in the network (McPherson, Smith-Lovin, and Cook 2001).
Therefore, it is crucial to include network connection fea-
tures when learning user representations (AlMahmoud and
AlKhalifa 2018). We design a self-supervised network link
prediction objective to train our model to learn interaction
activities such as sharing, following, and commenting. We
use a feed-forward module to perform link prediction with
a binary cross-entropy loss. During training, we consider all
pairs of distinct users in each batch. The feature for link pre-
diction is the concatenated embedding of a user pair, and we
obtain the links from a self-defined network as the binary
labels (e.g. whether a user reposts another user). This is de-
scribed as following:

ỹlinki,j = σ(W link
1 ReLU(W link

2 (eui ⊕ euj ) + blink)) (11)

Lnetwork = − 1

Ndistinct pairs

∑
i,j∈batch

i̸=j

[
ylinki,j · log(ỹlinki,j )

+ (1− ylinki,j ) · log(1− ỹlinki,j )

] (12)

where i, j are indices of two users in a training batch,
W link

1 ∈ R2K , W link
2 ∈ R2K×4K and blink ∈ R2K are

trainable weights and intercept, σ(·) is the sigmoid function,
Ndistinct pairs is the number of all pairs of distinct users in a
batch, and ylink is the binary label of whether i and j are
connected in the network.

Contrastive Learning
Contrastive learning aims to obtain a latent embedding space
in which similar samples are closer and distinct samples are
farther away from each other. Previous papers on user rep-
resentation learning have shown contrastive learning’s util-
ity (Cheng et al. 2021; Shin et al. 2023). We adopt self-
supervised contrastive learning to learn user similarity in
their posting histories. The InfoNCE (Oord, Li, and Vinyals
2018) loss function uses categorical cross-entropy loss to op-
timize the negative log probability of classifying one posi-
tive or similar sample correctly among a set of negative or
unrelated samples. In our case, it can be written as:

LInfoNCE = − 1

b.s.

∑
i∈batch

[
log

exp(eui e
u+

i /τ)∑
j∈batch,i ̸=j exp(e

u
i e

u
j /τ)

]
(13)

For eui a user history embedding, eu
+

i is its positive pair.
euj ∀j ∈ batch where i ̸= j are the embeddings of all other
users in that randomly retrieved batch, which we consider
as negative samples to eui . We further perform temperature
scaling with parameter τ , which is tuned during training us-
ing grid search in [0.5, 1, 3, 6]. b.s. represents batch size.

To generate a positive sample paired to each user his-
tory embedding, we perform data augmentation on users’
triplet data. Although researchers have proposed many time
series data augmentation methods (Wen et al. 2020), many
classical methods are not applicable to our scenario. For
example, a user history cannot be sub-sequenced or shuf-
fled in the time domain. We use another efficient and sim-
ple way: bootstrapping with replacement of existing triplets
{(tn, fn, vn)}Nn=1. This ensures that the generated set of
triplets is similar. We incorporate noise into the augmenta-
tion by
1. varying the number of random draws between

range(start = (1− γ)N, end = (1+ γ)N, step = 1),
where N is the total number of triplets for a user and γ
is a hyperparameter to control the noise level,

2. scaling the value vn by a factor randomly selected be-
tween range(start = 1−γ, end = 1+γ, step = 0.5),
and

3. imposing a lag time, randomly selected between 1 -3
days, on the timestamp tn of sampled triplets.

During training, we tune γ by grid searching in
[0.1, 0.5, 1, 2, 5]. The results of the three applications below
shows the effectiveness of this augmentation method.

Model Training
Finally, the contrastive objective function and the network
link prediction objective are jointly trained. The overall loss
is

L = LInfoNCE + λLNetwork (14)
where λ is a hyperparameter to balance between two losses.
We perform grid search on the IO driver dataset for λ in
[0.1, 1, 5, 10] and find λ = 1 gives the lowest validation loss.
We use Adam optimizer, a learning rate of 5e-5, a cosine de-
cay learning scheduler, an early stopping mechanism moni-
tored by overall loss function, a maximum epoch of 60, and
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a batch size of 128. See Appendix Table 4 for a summary of
all hyperparameters and their selection procedures. We find
that changes to these hyperparameters do not strongly affect
results.

Model Evaluation on Synthetic Data
To verify that our self-supervised framework indeed learns
both temporal activity and textual features from the triplet
data, we test it on four synthetic datasets. We use synthesized
numerical features to mimic textual features in real data. The
four datasets simulate (1) a simple scenario with three clus-
ters that are easier to distinguish, (2) a hard scenario with 10
clusters and more noise, (3) a scenario where clusters vary in
temporal activity pattern but have the same features and val-
ues, and (4) a scenario where clusters vary only in features
and values, but having all the same temporal patterns. On
all datasets, our model can successfully detect the clusters,
indicating it is able to learn heterogeneity in both temporal
activities and numerical feature values (see Appendix).

In the next sections, we use three applications - IO driver
detection, political polarization analysis, and hate group
joiner prediction to illustrate the effectiveness and versatility
of our framework.

Detecting Information Operation (IO) Drivers
Information operations use strategically organized efforts
to manipulate public opinions at scale, contaminating the
online information ecosystem with disinformation. Social
media platforms provide fertile grounds for these opera-
tions (Pacheco et al. 2021), necessitating their identifica-
tion. IO drivers use different tactics from each other and
from authentic accounts thus leading to distinct behaviors
flagged by previous researchers, such as (1) co-sharing the
same posts or URLs, (2) using an identical sequence of
hashtags, (3) synchronized behaviors, and (4) sharing very
similar posts (Pacheco et al. 2021; Nwala, Flammini, and
Menczer 2023; Luceri et al. 2023). Our framework captures
temporal, textual, profile, and network features, identifying
platform-agnostic synchronized behaviors. We apply super-
vised fine-tuning on this framework and test it across three
campaigns on X to demonstrate its effectiveness.

Data
We evaluate our method on an X dataset that prior IO driver
detection methods are benchmarked on (Nwala, Flammini,
and Menczer 2023; Luceri et al. 2023). X suspended and re-
leased these drivers of multiple information operations in 21
countries because they were associated with malicious IOs
and violated the platform terms. We select four campaigns—
one based in China involving a large number of accounts,
one small operation in Egypt and UAE, and two operations
in Venezuela, which are combined into one dataset for test-
ing the multi-campaign scenario.

We collect a set of control users by first collecting the top
five keywords and the top five hashtags for each IO driver
within our X datasets. We then extract 10 random posts that
were posted within the timeframe that the IO driver was ac-
tive (between their first and last post). For each post, we find

the post author and query all their posts made within the
timeframe the IO driver is active. Table 1 shows the infor-
mation about these campaigns. We randomly split data into
70% training, 15% validation and 15% testing.

Campaign Time Range # IO Drivers # Control Users # Posts
China 2019 - 2021 2016 11366 17M

Egypt-UAE 2016 - 2019 240 2164 4.5M
Venezuela 2017 - 2021 275 4183 10M

Table 1: Meta-data of Information Operation Datasets

Pre-training and Supervised Classification

We use a two-step approach to classify IO drivers. First, we
pre-train our model in the self-supervised manner with both
IO driver and control users using all of their posts and meta-
data, but without any IO label. For textual pre-processing,
we remove user mentions, URLs, emojis, and all non-ASCII
characters, but retain the hashtags. This is a multi-lingual
datasets that include more than 50 languages. Therefore we
compute the sentence-BERT embedding for each post us-
ing the stsb-xlm-r-multilingual 1, and compute
the first five components from PCA. In the triplet (times-
tamp, feature, value), value corresponds to the values of five
PCA components, and feature is a categorical variable refer-
ring to which component this value corresponds to. Due to
computational resource limitations, we use this technique to
reduce the number of triplets and computation complexity.
We aggregate data for each user by summing up their PCA
embeddings of their posts in 3-day intervals and taking the
middle day in the interval as the corresponding timestamp.
We have conducted experiments with 1-day, 3-day and 5-
day window sizes, and choose to use 3-day as it keeps the
data relatively fine-grained and also aggregate data well for
low-activity accounts. This gives us the temporal and textual
features. For profile features, we use the number of follow-
ings and followers, as accounts such as news media outlets
with lots of followers can behave very differently from other
types of users. For the network link prediction component of
our model, we use the repost network because co-repost has
been shown as a potential indicator of an IO driver (Pacheco
et al. 2021). With all these features, we train the model to
learn a user embeddings space such that users with similar
behaviors are closer.

In the next step, we perform supervised fine-tuning on the
learned model parameters with an additional two-layer feed-
forward network for binary classification. This network has
linear layers with a hidden dimension of 128, a ReLU activa-
tion, a dropout layer with a rate of 0.3, a batch normalization,
and a second linear layer that project embeddings onto R for
binary prediction. The sigmoid function is then applied and
a binary cross-entropy function is used as the loss. We use
the same hyperparameters described in Methods.

1https://huggingface.co/sentence-transformers/stsb-xlm-r-
multilingual
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Baseline Models
We compare our method with common IO driver detection
methods (Pacheco et al. 2021). In view of the observation
that IO drivers have abnormally similar behaviors, these
methods identify users with unusual similarity based on (1)
co-repost and (2) co-URL sharing behaviors if cosine simi-
larity is above or at the 99.5 percentile, (3) hashtag sequence
(using a minimum sequence of 5 identical hashtags in the
same order within a post) and (4) text similarity in averaged
BERT embeddings over all posts from a user, with a cosine
similarity threshold of 0.7 (parameters based on prior works
(Pacheco et al. 2021; Luceri et al. 2023).)

In addition, we compare with a more advanced URepL
baseline User2Vec (Amir et al. 2016). This approach trains
on the BERT embeddings of all posts from a user and aims to
predict which sentences are written by the corresponding au-
thors. Compared to using averaged BERT embeddings, this
method can better capture the relationships between users
and their posts. This approach has been used to detect sar-
casm, hate speech, and mental health conditions from social
media posts (Amir et al. 2016, 2017; Irani, Wrat, and Amir
2021).

Last, we compare with a strong multi-view URepL base-
line SATAR (Feng et al. 2021). This approach combines
textual, profile and network features, and the authors uses
it for social bot detection. In contrast to our work, SATAR
does not utilize temporal features, and uses follower count
prediction as the self-supervised objective, which is suit-
able for bot detection but less generalizable for other use
cases. In addition, SATAR uses the Long Short-Term Mem-
ory model (LSTM) (Graves 2012) with word2vec embed-
dings (Church 2017) whereas SoMeR uses more advanced
transformer module to learn contextual information from
user posting histories. The details of evaluating User2Vec
and SATAR are included in Appendix.

Model Performance and Ablation
Performance Table 2 shows the performance of different
methods. Our models are evaluated on 10 random training-
validation-test data splits. First, we compare our method
with the baselines. For China and Venezuela campaigns, we
outperform or match all the baselines. For the gap between
the text similarity algorithm’s F1-score and SoMeR for the
Egypt-UAE campaign, our analysis shows that PCA dimen-
sional reduction on BERT embeddings in our method can
lower the performance, compared to the text similarity base-
line using the full BERT embeddings. In addition, Egypt-
UAE is the smallest campaign, and pre-training on a small
dataset can also result in less ideal performance. See analy-
ses in Appendix.

Moreover, our full model outperforms the URepL base-
lines User2Vec and SATAR in all scenarios. Interestingly,
we observe that SATAR’s pre-training step is ineffective,
with the fine-tuning step contributing most significantly
to its overall performance. SATAR’s self-supervised pre-
training objective, which predicts user follower counts, eas-
ily leads to overfitting. For example, for the Chinese cam-
paign, F1-score for predicting follower counts reaches 0.88

but the F1 for predicting IO drivers is only 0.13 during pre-
training. After fine-tuning, the F1 for predicting IO drivers
reaches 0.98 as in Table 2. This reliance on labeled data
highlights SATAR’s limited generalizability to scenarios
with sparse labels. In conclusion, the consistently high F1
scores achieved by SoMeR demonstrate the effectiveness of
our method.

Scalability To evaluate the scalability of SoMeR, we con-
ducted experiments by subsetting the training data for each
IO detection dataset to 75%, 50%, and 25% (see Appendix).
The results show that SoMeR maintains strong performance
even when subsetting up to 50% of the training data, demon-
strating its robustness.

China Egypt-UAE Venezuela
BASELINES
Co-Repost 0.00 0.15 0.26
Co-URL 0.19 0.27 0.30
Hashtag-sequence 0.08 0.20 0.05
Text Similarity 0.13 0.93 0.82
User2Vec 0.93±0.01 0.63± 0.01 0.76±0.02

SATAR 0.98±0.01 0.72± 0.03 0.61±0.04

OURS
Temporal 0.96±0.01 0.41± 0.13 0.57±0.06

Textual 0.97±0.01 0.69± 0.06 0.67±0.04

Temporal+Textual 0.98±0.01 0.77± 0.05 0.77±0.04

SoMeR 0.99± 0.01 0.85± 0.04 0.82± 0.04

Table 2: F1-Scores on Detecting IO Drivers.

Ablations Next, we perform an ablation study on our
model to dissect the impact of different features and modules
we use. The temporal model only uses timestamps and three-
day post counts as the feature but does not use any textual or
network features. The textual model only uses the average
textual embedding over three-day intervals, which does not
reflect temporal activity. The Temporal+Textual model uses
timestamps and the summed textual embeddings over three-
day intervals, as described in Detecting IO Drivers. This re-
flects both temporal activity and textual features. The full
model SoMeR incorporates network feature on top of the
temporal and textual features. All of these models include
profile features.

We observe that the full model has better performance
than any of the ablated models, implying the benefit of in-
cluding the network link prediction objective. In addition,
the Temporal+Textual model performs better than the tem-
poral and textual models alone, indicating that each of the
four features plays a role in detecting IO drivers. For the
China campaign, all ablated and full models have high F1
scores. First, this implies the importance of the temporal
features. The textual model uses average textual embed-
dings over three-day intervals. This lowers but does not com-
pletely eliminate temporal factors, and can result in behav-
iors similar to the temporal model. We further confirm the
importance of combining different modules by t-SNE of the
embeddings generated by different modules in Figure 6 in
Appendix.
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The performance of different SoMeR modules and differ-
ent baseline approaches vary between different campaigns.
For example, the baseline Text Similarity performs well for
Egypt-UAE and Venezuela but poorly for China. On the
other hand, our models that use temporal features show ex-
cellent performance in the China campaign. This shows that
campaigns use different tactics and highlights that relying on
a single behavior pattern is insufficient, whereas our frame-
work’s multi-view approach enables better detection.

Uncovering Shifts in Polarized Discussions
Next we use SoMeR to explore changes in polarization
within U.S. social media discussions. The U.S. society has
grown increasingly more polarized. Not only do liberals and
conservatives hold sharply different opinions on a range of
issues (Center 2017), but they also have more negative feel-
ings towards members of the other party, compared to mem-
bers of their own party (Iyengar and Krupenkin 2018). These
differences show up not only in political speech, but also in
the everyday behaviors (DellaPosta, Shi, and Macy 2015),
on social media platforms, where liberals and conservatives
segregate themselves in different echo chambers, they are
reflected in the network structure (Conover et al. 2011).
Prior research has found that events can shift public opin-
ion, polarizing the population (Hebbelstrup Rye Rasmussen
and Petersen 2023; Jiang et al. 2020; Rao et al. 2023). Al-
though there are many alternative methods for measuring
polarization on social networks, e.g., using network anal-
ysis (Conover et al. 2011), interaction behaviors and emo-
tions (Del Vicario et al. 2016), and community embed-
dings (Waller and Anderson 2021), they are not well suited
to measure shifts in polarization. Leveraging our multi-view
user representation learning, we provide a new way to mea-
sure changes in polarization after significant events by track-
ing user embeddings, and apply it to measure polarization in
the online discussions about abortion, a highly contentious
issue in the American society. Our framework allows us to
isolate specific topics and identify ones that grew more po-
larized.

Data
On June 24, 2022, the SCOTUS struck down federal protec-
tions for abortion rights. This event sparked many online dis-
cussions, in which users with different political ideologies
expressed distinct views (Rao et al. 2023). We study a public
dataset (Chang et al. 2023) containing posts with abortion-
related keywords, such as “roevswade”, “prochoice”, and
“prolife”. The data spans the entire year of 2022. We se-
lect English posts in the U.S. from users with at least 20
posts. This gives us about 10M posts from 121K users. Us-
ing methodology described in Rao et al. (2023), we identify
each user’s political ideology (liberal/conservative), leaving
us with 103K liberals and 18K conservatives. We use the
learned user embeddings to track how these two ideological
populations change in the user embedding space.

Measuring Event-Driven Polarization
We start with pre-training, which learns a user representation
space for all liberal and conservative users using their post-

ing histories in 2022. We perform the same text preprocess-
ing as described in Detecting IO Drivers, except that we use
sentence-transformers/all-mpnet-base-v22

for this English-only dataset. We also use following and
follower counts as profile features and use a repost network
to train link prediction objective.

Next, we fine-tune the model via few-shot learning with
358 political elites3, such as U.S. politicians, with a known
ideology. This aligns the embedding space to political ide-
ology. We use a two-layer feed-forward network on top of
SoMeR and fine-tune the model as described in Detecting
IO Drivers. Figure 7 in Appendix shows t-SNE (Van der
Maaten and Hinton 2008) representations of the learned em-
bedding space for all users for the year 2022 both with and
without fine-tuning. We see the separation of populations,
with conservatives clustered in some regions, whereas liber-
als, who are 85% of all data, are distributed across the entire
space. The analysis we discuss below describes results using
the fine-tuned politically-aware embedding, but we find the
same trends using the pre-trained embeddings.

In this politically-aware embedding space, to identify
shifts in ideological polarization driven by the SCOTUS rul-
ing, we measure how embeddings changed for users before
versus after the ruling. We select the period of January 1st
to May 2nd 2022 as the baseline period to avoid interference
from a leak about this ruling on May 3rd, 2022. We then de-
termine the period to observe the impact of ruling to be June
24th to November 11th 2022. We select this end date to re-
duce the confounding effect of the 2022 US midterm elec-
tions. Next, we select users who posted in both time periods,
take their posting history in these two periods separately, and
project these users onto the same politically aware embed-
ding space we have learned. By visualizing the embeddings
of the same users in the baseline period and after the SCO-
TUS ruling, we find a clear shift especially in the conser-
vative population (Figure 2). In the baseline period, conser-
vative users were more evenly distributed in the t-SNE em-
bedding space, but moved closer together after the SCOTUS
ruling. This indicates that conservative users became more
similar in the content of their posts or in their behaviors.

To further quantify this effect, we find the k-nearest-
neighbor (kNN) and check for each user the percentage of
neighbors with the same ideology (in-group) and different
ideology (out-group).We can infer how clustered each pop-
ulation is by the share of the nearest neighbors who are from
their in-group. However, the share of out-group neighbors
tells us how far away the two ideological populations are.
Figure 3 shows the percent change in the mean of these four
metrics across populations, from the baseline period to the
after the ruling. Consistent with Figure 2, we see in the “All
Data” row that the share of in-group neighbors increased for
both conservatives and liberals and the share of out-group
neighbors decreased. These indicate that users with same
ideology moved closer together, and users with different ide-
ologies moved farther apart in the embedding space, im-

2https://huggingface.co/sentence-transformers/all-mpnet-base-
v2

3https://github.com/sdmccabe/new-tweetscores
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Figure 2: Users shifted in the embeddings space after the
SCOTUS abortion ruling. Points in (a) are encoded with user
post histories between January 1st to May 2nd, 2022. Points
in (b) are encoded with the post histories from the same users
between June 24th to November 8th, 2022. Points in (a) and
(b) are both projected in the same embedding space.

plying that polarization increased. Conservatives grew espe-
cially clustered after the ruling. We perform the same anal-
ysis with k=50, 200, 500 nearest neighbors, all showing the
same trends.

To dig deeper, we explored how this effect depends on
the topic users discuss. Rao et al. (2023) identified topics
discussed in each post, including religion, bodily autonomy,
fetal rights, and women’s health. We created one subset with
posts related to liberal-centric topics, e.g., bodily autonomy
and women’s health, and another subset with posts related
to conservative-centric topics, like religion and fetal rights.
Then we perform the same analysis for each subset. Figure 3
shows a consistent overall trend that users with the same ide-
ology move closer and users with different ideologies move
farther away. Interestingly, we also observe that each popu-
lation coalesced when discussing partisan topics promoted
by the opposite ideology - in-group neighbors of conserva-
tive users increased more on Liberal-centric topics than on
Conservative-centric topics, and similarly in-group neigh-
bors of liberals increased more on Conservative-centric top-
ics than on Liberal-centric topics. Users “united against a
common enemy” in these online discourses.

Ablations
We also perform an ablation study on these data to assess
how different types of evidence contribute to the shift of
user embeddings we observe. Figure 4 compares three ab-
lated models and the full model. Using the temporal model
results in very little change in all four metrics, indicating that
users did not change their activity patterns much after the
ruling. Instead, we see much bigger changes when using the
textual model. This implies that users of different ideologies
diverged more in the topics and content they discussed after
the ruling. The full SoMeR model shows smaller changes
than the Temporal+Textual model. During pre-training, the
full model learns the repost network aggregated over the en-
tire year of 2022, including baseline period and after ruling
period. With the repost network not changing between these
two periods, user embeddings change less.

Figure 3: Users with same ideology moved closer after SCO-
TUS abortion ruling, and users with different ideologies
moved away. The color represents the percent change in the
mean of these nearest neighbor metrics across populations
from baseline period to after ruling period. *** indicates that
the means are significantly different in two time periods with
p-value < 0.0001.

Figure 4: Comparison of changes observed in the embedding
spaces learned by ablated models and the full model. Tem-
poral features contributed little whereas textual features are
the greater factor. The color represents the percent change
in the mean of these four metrics across populations from
baseline period to after ruling period. *** indicates that the
means are significantly different in two time periods with p-
value < 0.0001.

Predicting Participation in Hate Subreddits
Finally, we utilize SoMeR to predict participation in hate
subreddits on Reddit. Online hate communities have numer-
ous harmful effects on users (Schmitz et al. 2024) by rad-
icalizing them (for the Study of Terrorism and to Terror-
ism START) and increasing hate crimes (Federal Bureau
of Investigation 2021). Although there has been interest in
what drives people to hate groups (Russo, Ribeiro, and West
2024), this analysis was often based on case studies of indi-
vidual communities. Less understood is why users may be
susceptible to extremism and hate. We aim to use SoMeR to
predict whether a Reddit user who had never participated
in any hate subreddits will become active weeks or even
months in the future (on average, a user’s last post fed into
SoMeR was 22 days before their first post in a hate subred-
dit). These results can help explain what drives people to
join hate groups.

Data
We use a list of 168 hate subreddits collected by (Hickey
et al. 2024), which consists of large banned subreddits with
hate speech. We manually inspected the subreddits to verify
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that they were in fact hate subreddits. We then extract all
users who have ever posted in these subreddits until June,
2022 using data stored in Academic Torrent 4. We take a
random 200K subsample of all the hate users we collected.
To construct a control user group, we collect the user names
of 100K random users who ever made a post on Reddit until
June, 2022.

We then collected all the posts made by each of these ran-
dom and hate users and matched the random and hate users
so that the random users and hate users were active roughly
the same time to make them less trivially distinguishable
(Luceri et al. 2023). To match random users with hate users,
we kept track of which hate users had already been paired.
For each random user, we filtered hate users who hadn’t been
matched, ensuring their first post was before becoming ac-
tive in a hate subreddit. Then, we randomly selected a hate
user active during the same time period as the random user.
During training and testing, for each hate user, we only use
their posts and comments before the date they became active
on a hate subreddit, and we use the same time range for each
matched control user. Within this dataset, we randomly se-
lect 4K matched pairs (8K users total) to have a manageable
data size for fast experimentation. We keep the overall time
range of the dataset from January 1, 2013 to December 31,
2022, because of the low amount of data before 2013. We
then remove low-activity users who have posted and com-
mented less than 10 times. This results in 3771 hateful users
and 3444 control users, and 2.3 million posts and comments
in total. We split data into 70%-15%-15% for training, vali-
dation, and testing, respectively.

Pre-training and Supervised Classification
We perform pre-training and supervised fine-tuning to pre-
dict whether a user would become active in a hate subreddit
later. We first use the same data processing procedure as in
IO driver detection, pre-processing text by removing URLs,
emojis and all non-ASCII characters, using sentence-BERT
all-mpnet-base-v2 to compute the embeddings , and
computing the first five components from PCA as the tex-
tual features. We aggregate data for each user by summing
up their PCA embeddings of their posts in 3-day intervals
and taking the middle day in the interval as the correspond-
ing timestamp. This provides us with both temporal and tex-
tual features. For the network module, a reasonable option
we have attempted is to use co-subreddit membership as the
linkage (similar users participate in the same subreddits).
However, users join subreddits at different times, resulting
in a different co-activity network from time to time. These
co-activity networks for user A may include user B who al-
ready joined the hate group, creating information leakage
between training and testing. Moreover, because there is no
fixed co-activity network, incorporating this feature into the
training is very data-intensive and computationally infea-
sible. For this reason, we had to exclude the co-subreddit
membership network feature, but encode users’ subreddit
membership information as the profile feature, by gathering
the 50 most-posted subreddits of each user, and use a lookup

4https://files.pushshift.io/reddit/

table encoder to generate the profile embeddings.
With all the above features, we then pre-train the model

to learn a user embeddings space in which users with similar
behaviors are closer together. Next, we perform supervised
fine-tuning using a two-layer feed-forward network for bi-
nary prediction of whether the user will become active in a
hate subreddit later (hyperparameters and training procedure
same as in Detecting IO Drivers).

Model Performance and Ablation
Performance There is no prior task-specific research for
predicting user participation in hate communities, hence
we first compare SoMeR with a simple baseline—using
sentence-BERT embeddings averaged over user posts prior
to becoming active in a hate subreddit to train the same two-
layer feed-forward network for binary prediction. We also
evaluate the more advanced URepL approach User2Vec and
the multi-view approach SATAR as strong baselines (see
User2Vec and SATAR evaluation details in Appendix). We
evaluate all models with randomly bootstrapping training,
validation and test data 10 times. Table 3 shows that SoMeR
significantly outperforms the BERT baseline by 9%, SATAR
by 20% and User2Vec by 5% on F1-scores, indicating the
effectiveness of our method. User2Vec significantly outper-
forms averaged BERT embeddings by optimizing to predict
the words and sentences from an author’s previous posts.
However, SoMeR still achieves superior performance com-
pared to User2Vec. SATAR has surprisingly lower perfor-
mance, possibly because its self-supervised objective is not
fitted for detecting hate behavior.

F1-Scores
BASELINE
BERT 0.69± 0.01

User2Vec 0.74 ±0.03

SATAR 0.59± 0.05

OURS
Temporal 0.74± 0.01

Textual 0.76± 0.01

Temporal+Textual 0.77± 0.00

Temporal+Textual+Profile 0.78± 0.01

Table 3: F1 Scores on Predicting User Participation in Hate
Subreddits.

Ablations Table 3 also shows our ablation study, where we
see that the Temporal+Textual model outperforms the tem-
poral model and textual model, and using temporal, textual,
and profile data together further improves the F1 score. We
confirm our results with t-SNE plots of embeddings gener-
ated by different ablated models in Appendix Figure 8.

Conclusion
In this work, we propose a universal multi-view user rep-
resentation learning framework SoMeR. Our framework
learns from a variety of user features including 1) temporal
activities, 2) texts of their posts, 3) profile information, and
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4) network connections. We show that it is versatile and gen-
eralizable to different downstream tasks and across different
social platforms, including detecting IO drivers, measuring
online political polarization, and predicting future user par-
ticipation in hate subreddits.

There are several limitations and promising avenues for
future exploration. First, due to computational constraints,
we applied PCA for dimensionality reduction on BERT em-
beddings when processing user history textual data, which
lowers the model performance (see Appendix). We had ex-
plored alternative methods such as UMAP (McInnes, Healy,
and Melville 2018), but UMAP on large data sets (often 10M
or more) requires significant time and computation as well,
which is a known challenge. If more compute resources
are available, using more PC components or the full BERT
embeddings would further improve the performance. Sec-
ond, using network features has been shown to contribute to
model learning. Future work may use network graph em-
bedding (Grover and Leskovec 2016; Huang et al. 2021;
Zhou et al. 2023) to better learn network-level representa-
tions. Third, while video, image, and audio modalities have
been explored in representation learning, challenges remain
in aligning heterogeneous modalities while preserving their
characteristics. Pre-training these models often relies heav-
ily on the availability of well-aligned multimodal datasets
(Xu, Zhu, and Clifton 2023). Thus, current research on uni-
versal URepL that incorporates these modalities is limited.
We acknowledge their potential and aim to incorporate them
into future iterations of our framework. Fourth, in measur-
ing polarization application, the machine-labeled user polit-
ical ideologies, although extensively validated by (Rao et al.
2023), are not perfect, thus other ideology detection meth-
ods should be analyzed to test the robustness of these re-
sults. Last but not least, the utilization of temporal features
also opens up exciting possibilities to track how users and
communities evolve over time. Detecting change points in
user representations (Guo et al. 2024) will be an interesting
direction to expand this framework to a more powerful tool.

Ethical Statement
Our framework utilizes social media data collected from
X and Reddit. Although raw data may include personally
identifiable information or offensive content, we have taken
proactive steps to mitigate privacy and ethical concerns.
Specifically, we have documented the data and model us-
age processes in detail and implemented measures such as
removing mentions (@) to minimize the use of personal in-
formation. All presented results are aggregated, ensuring no
specific account information is disclosed. In addition, we
acknowledge the potential risks associated with our frame-
work, including its misuse for harmful purposes, such as
predicting future user participation in hate communities. To
address these concerns, we have carefully documented the
ethical considerations of our framework and committed to
tightly regulating training data access, as well as closely
monitoring its applications. These measures are intended to
mitigate risks to the greatest extent possible while enabling
responsible scientific research and ensuring compliance with
privacy norms and ethical standards. By emphasizing pri-

vacy, fairness, and transparency, we aim to contribute posi-
tively to the understanding of social media behaviors while
minimizing risks of harm. We remain committed to refining
our approach to align with evolving ethical standards and
societal expectations.
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Appendix
Verifying Model Validity with Synthetic Data
In this section, we use ablation to test the effectiveness of
SoMeR embeddings.

First, we generate two datasets with different number
of clusters. These clusters, each containing 1000 samples,
mimic user populations with different behaviors. Each sam-
ple has a time series with length of 400 in the time domain,
and five independently modeled feature categories. We draw
each sample and its values of each feature independently
from Poisson distributions X ∼ Poisson(λ) to mimic the
daily post counts, and control λ for noise level. In addition,
we inject peaks into the timeline of these samples, to mimic
significant events happening. A peak is independently drawn
from a Poisson distribution Xpeak ∼ Poisson(λpeak) and
then imposed on top of the baseline.
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The first dataset simulates an easy scenario and contains
three clusters which are more distinguishable from each
other. We make it simple by aligning the events (injected
peaks) at the same time points for all the samples in each
cluster.

Data 1 Simple scenario with 3 clusters:
• Cluster 0: all samples have three peaks at specific time

points, each peak lasts for 3 time steps and are drawn
from Poisson(λpeak = 10); samples have higher ac-
tivity levels - feature values vary by changing their λ ∈
range(start = 4, stop = 6, step = 0.5).

• Cluster 1: all samples have three peaks exactly same as
in Cluster 0; samples have lower activity levels - fea-
ture values vary by changing their λ ∈ range(start =
0.5, stop = 2, step = 0.5).

• Cluster 2: all samples have three peaks different from
Cluster 0; samples have lower activity levels - feature
values vary by changing their λ ∈ range(start =
0.5, stop = 2, step = 0.5).

We run our model with just the textual (represented by
these activity feature values) and the temporal modules (rep-
resented by the indices of the data points in each sample).
The hyperparameters and the setups are the same as de-
scribed in Methods.

Figure 5: t-SNE of embedding spaces learned from synthetic
datasets that (a) simulates a simple scenario with three clus-
ters, (b) simulates a hard scenario with 10 clusters and more
noise, (c) simulates the scenario that temporal patterns vary
across clusters, and (d) simulates the scenario that feature
values across clusters.

From Figure 5(a) we see that our approach nicely distin-
guish these three clusters. Interestingly, Cluster 1 and 2, hav-

ing the same population activity level are closer, whereas
Cluster 0 with higher activity levels are farther. This im-
plies that activity level, rather than temporal patterns of
peaks, might have a heavier impact on the embedding space
learned.

The second dataset simulates a harder scenario where the
data contains 10 different clusters. Some clusters are more
similar with each other, and some clusters have higher noise
level. Thus these clusters are harder to distinguish from each
other.

Data 2 Harder scenario with 10 clusters:

• We vary the number of peaks across different clusters:
#peaks ∈ [2, 3, 4, 5]. For clusters with the same number
of peaks, the positions of the peaks are the same.

• We vary the intensity of peaks across different clusters.
The peak intensity is changed with λpeak when drawing
from the Poisson distribution. λpeak ∈ [1, 2, 5, 10];

• We vary the activity levels across different clusters. Five
clusters have lower activity level (λ ∈ range(start =
0.5, stop = 2, step = 0.5)), and the other five clusters
have higher activity level (λ ∈ range(start = 4, stop =
6, step = 0.5)).

Figure 5(b) shows the learned embeddings from 10 differ-
ent clusters. We can see that most clusters are well separated
from the others, whereas some clusters that are more similar
are closer to each other or overlapping. In general, the sam-
ples from each cluster are closely placed in the embedding
space, meaning that our model has learned the similarity of
samples very well.

Furthermore, to show that it can learn from both tempo-
ral activities (timestamps in the triplets) and textual features
(features and values in the triplets). We design the following
two datasets. One contains three clusters, of which member
samples have highly similar temporal patterns but very dis-
tinct feature values. In addition, the temporal patterns among
the three clusters are different. This is to test if the model can
learn heterogeneity in terms of temporal patterns. The sec-
ond dataset contains three clusters of which member sam-
ples have highly similar feature values but distinct temporal
patterns. This is to test if model can learn from heteroge-
neous features and values.

Data 3 Temporal patterns vary across clusters:

• Cluster 0: all samples have three peaks at specific time
points and each peak lasts for 3 time steps;

• Cluster 1: all samples have three peaks different from
Cluster 0 and each peak lasts for 3 time steps;

• Cluster 2: all samples have six peaks at specific time
points and each peak lasts for 3 time steps.

Within each cluster, samples have low activity level - fea-
ture values vary by changing their λ ∈ range(start =
0.5, stop = 2, step = 0.5).

Data 4 Feature values vary across clusters:

• Cluster 1: all samples have low activity (λ = 0.5)
• Cluster 2: all samples have medium activity (λ = 2)
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• Cluster 3: samples all have high activity (λ = 5)

For all three clusters in Data 4, each sample has three peaks
randomly placed in the time domain (λpeak = 10 when
drawing for the peak); and each peak lasts for 3 time steps.

Figure 5 shows that on both datasets we can see the seg-
regation of clusters in the t-SNE of embedding space. Sur-
prisingly, on data 3 which varies in temporal patterns across
clusters, clusters are very condensed with many samples
overlapping on top of each other. For example, almost all
the samples in the red cluster in Figure 5(c) are concentrated
on the top left corner. This is probably due to the highly
synthetic data we created where all samples have the exact
temporal patterns in a cluster. It also indicates that the model
can capture the temporal feature well, producing highly sim-
ilar embeddings for samples with similar temporal patterns.
In Figure 5(d), clusters vary in feature values, specifically
the amount of activities. We also observe that data are segre-
gated in alignment with the ground truth cluster labels, indi-
cating the model’s ability to learn heterogeneity in features
and values. In summary, this part shows that our model can
learn from both temporal and feature values in the data.

Hyperparameters
Hyperparameters used in this work and their selection proce-
dure are presented in Table 4. We used 2 RTX A6000 GPUs
for training.

Evaluating User2Vec Baseline
For both IO driver detection and Reddit hate user detection,
we use the code repository https://github.com/samiroid/U2V
to compute the User2Vec embeddings from the exact same
data as in other experiments. We than train a two-layer feed-
forward neural network, with same parameters and proce-
dures as in SoMeR fine-tuning step, and obtain the F1-
scores.

Evaluating SATAR Baseline
Detecting IO Drivers We compare our framework with
a strong baseline SATAR (Feng et al. 2021) on detecting
IO drivers. SATAR is a more advanced multi-view user rep-
resentation learning approach that combines textual, profile
and network features. The authors uses it for social bot de-
tection. To adapt SATAR for IO driver detection, we keep
the model architecture and most of the setup the same as
the original paper 5. For SATAR’s profile property module,
it originally uses 15 true-or-false property items, e.g. “pro-
file uses background image”, 5 numerical property items,
e.g. “favorites count”, and “location”. However, the au-
thors did not specify the 15 binary attributes. In addition,
some Twitter user attributes like location are inaccessible
in our data. We therefore use the textual user profile
description as the profile features, encoding the first 10
words into word2vec embeddings. The description often in-
clude a short summary of the user and many times include
locations too, and we believe it is a good substitute for the

5Code for SATAR is publically available at https://github.com/
BunsenFeng/SATAR/tree/main

profile property features. Similar to the original paper, we
first perform self-supervised pre-training for follower count
prediction, and fine-tune SATAR with IO driver labeled data.
We pre-train for 60 epochs to make sure of model conver-
gence. The following-follower network module in SATAR
iteratively uses and updates the neighbor embeddings for
each user in the network, resulting in more epochs to con-
verge. We then fine-tune for 5 epochs. The batch size is 4.
The data used and the train-validation-test splits are the same
as those for training SoMeR. Other model structure parame-
ters are kept the same as the original SATAR paper.

Predicting Participation in Hate Subreddits SATAR is
originally designed for X platform with many X-specific
features. For predicting participation in hate subreddit,
we had to adapt SATAR to Reddit by (1) disregard the
followinng-follower network feature, (2) using top 50 sub-
reddit membership as the profile feature, and (3) train SA-
TAR with the self-supervised objective to predict total num-
ber of “ups” a user receives instead of the follower counts.
We then supervisedly fine-tune SATAR with hate user la-
bels. These modifications align with our setup for SoMeR,
offering a fair comparison. We pre-train for 5 epochs. We
do not include the following-follower network module for
SATAR in this application and therefore the model quickly
overfits to the pre-training “ups” count signals. We then fine-
tune for 5 epochs. The batch size is 4. Other model structure
parameters are kept the same as the original SATAR paper.

Embeddings for IO drivers
In the application of detecting IO drivers, to further under-
stand why SoMeR performs less satisfactory on the Egypt-
UAE data, we investigate in how embeddings look like us-
ing different modules and plot the t-SNE in Figure 6. The
sentence-BERT embeddings averaged across the entire time
(Averaged BERT in the figure) corresponds to the features
used in the Text Similarity baseline model. We notice that
the IO drivers already separate well from the control users
in this embedding space. This indicates that text similarity
indeed is a very important feature in this campaign, consis-
tent with the very high F1 score of this baseline model. The
campaign might have promoted to use similar language as
their tactic. On the other hand, the embeddings from our ap-
proach only using textual features are not separated so well.
This again could be due to our dimension reduction step on
the sentence-BERT embeddings. Second, Egypt-UAE is the
smallest campaign here and our models are pretrained on
only 2.5K users. We hypothesize that the models trained on
small datasets and under-fitted can also result in less ideal
performance.

Nevertheless, we observe that the full SoMeR model can
generate more separable embeddings compared to the other
ablated models. This is especially obvious when compar-
ing embeddings from Temporal+Textual and the full SoMeR
model (Temporal+Textual+Network). This shows the signif-
icance of the network module, which aligns well with the
significant jump of F1-scores between these two models.
From these embedding plots, we can see how combining
different modules improves model’s representation learning
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Hyperparameter Value Grid Search / Notes

P
hidden dimension for
transformer key query and value

16 P = K/H from prior work (Tipirneni and Reddy 2022)

K hidden dimension for other model weights 64 [32, 64, 128]

L number of transformer layers 2
small transformer sufficient
for our data

H number of attention heads 2
small transformer sufficient
for our data

τ temperature scaling parameter
0.5 for IO driver detection
3 for measuring political polarization
3 for predicting hateful Reddit users

[0.5, 1, 3, 6]

γ
noise parameter in data augmentation
for contrastive learning

2 [0.1, 0.5, 1, 2, 5]

λ loss balancing parameter 1 [0.1, 1, 5, 10]
lr learning rate 5e-5
e maximum epoch 60 early stopping based on val. loss

b batch size
32 when link prediction module used
128 for other cases

[32, 64, 128]
doesn’t impact performance

dr drop-out rate in supervised finetuning 0.3 [0, 0.3, 0.5]
#PC number of PCA components 5 [5,10,20]

Table 4: Hyperparameters used in this work.

Figure 6: t-SNE of user embeddings in the Egypt-UAE data
using different models.

ability.

Effectiveness of fine-tuning models on partisanship
In the applications of uncovering polarization, in Figure 7
we show t-SNE representations of models trained on the
SCOTUS decision dataset both with and without fine-tuning.
We find that fine-tuning more effectively separates the polit-
ical ideology dimension along the x-axis.

Embeddings for hateful Reddit users
For predicting hate users in the Reddit data, Figure 8 shows
the t-SNE plots of embeddings learned by different mod-

Figure 7: (a) t-SNE of pre-trained user embedding space
learned with both ideology populations over the entire year
of 2022. (b) t-SNE of the space fine-tuned with data from
elite users with known ideologies, making the embedding
space more politically-aware.

els. We observe that the baseline, sentence-BERT embed-
dings averaged across time, do not distinguish between con-
trol and hateful users, resulting in a lower F1 score on user
classification task. It is also interesting to see how Tempo-
ral+Textual+Profile model better separates the control and
hateful users into two clusters, compared to other ablated
models. This demonstrates the benefits of our multi-view ap-
proach that combines different features.

Effect of PCA on BERT Embeddings
Due to computational constraints, we applied PCA for di-
mensionality reduction on BERT embeddings when process-
ing user history textual data. In IO driver detection, we no-
tice the performance gap between the Text Similarity base-
line and our SoMeR approach for the Egypt-UAE campaign.
We hypothesize that it is due to our method utilizing only the
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Figure 8: t-SNE plots of embeddings generated by different
models.

first five PCA components on BERT embeddings, versus the
Text Similarity baseline using the full BERT embeddings.

Here we analyze the effect of applying PCA dimension
reduction on classification performance. We use users’ av-
erage BERT embeddings across time (same as Text Simi-
larity baseline), and also obtain the first 5, 10, and 20 PCs
from PCA on the average BERT embeddings. We then build
a two-layer feed-forward network for binary classification
using these embeddings. We train with the Egypt-UAE IO
driver data in the same way as in other experiments, and
compare the performances with different embedding set-
tings. Figure 9 shows that performing PCA on top of BERT
embeddings does significantly decrease the classification
F1-scores, which is consistent with our hypothesis. Using
fewer numbers of PCs also gives lower performance. If only
using 5 PCs, the Text Similarity baseline would only have
an F1-score of 0.66, which is significantly lower than our
SoMeR performance 0.85, which also uses 5 PCs.

Interestingly, using 5, 10 or 20 PCs in the SoMeR ap-
proach only improves the overall performance a little (F1
ranges from 0.8 to 0.85). This may be because SoMeR not
only uses textual features but also other multi-view features
such as temporal activities and network. If more compute
resources are available, using more PC components or the
full BERT embeddings might further improve SoMeR per-
formance.

Scalability Experiments
In three applications, we have already demonstrated the scal-
ability of SoMeR, which is able to handle datasets with vari-
ous sizes from 200K up to 17M texts. We further analyze the
robustness of SoMeR by down-sampling theses datasets to
75%, 50% and 25% subsets, and compare the F1 scores with
using the full datasets. Table 5 shows that down-sampling
has little impact on bigger datasets. For example, by only us-
ing 25% subset of the China data, we still get a high F1 score
of 0.94. For smaller data like Egypt-UAE, down-sampling

Figure 9: Classification performance using different num-
bers of PC components or the full BERT embeddings on
Egypt-UAE IO driver detection data.

has a bigger effect. However, the decrease of the perfor-
mance shows an elbow-like pattern. When subsetting upto
50%, SoMeR can still hold relatively good performance with
little F1 decrease. This shows the robustness of SoMeR.

Processing different sizes of subsets does not significantly
change the run-time of SoMeR, this is due to data aggre-
gation during triplet data embedding step. Even with larger
subsets or full data, SoMeR is able to aggregate and trans-
form the data into triplet time series for each user, which
greatly reduces the computation burden in the following
steps.
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China (17M) Egypt-UAE (4.5M) Venezuela (10M)
Data Subset F1-score Run-time (min) F1-score Run-time (min) F1-score Run-time (min)

full data 0.99 95.6 0.88 25.7 0.84 44.8
75% 0.95 91.9 0.77 24.7 0.81 42.5
50% 0.94 87.2 0.73 23.9 0.77 41.1
25% 0.94 86.3 0.58 23.6 0.69 39.0

Table 5: SoMeR performance and run-time with different subset size of IO driver detection data.
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