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khaoula.chehbouni@mila.quebec

Abstract

The increased screen time and isolation caused by the
COVID-19 pandemic have led to a significant surge in
cases of online grooming, which is the use of strategies
by predators to lure children into sexual exploitation. Pre-
vious efforts to detect grooming in industry and academia
have involved accessing and monitoring private conversations
through centrally-trained models or sending private conversa-
tions to a global server. In this work, we implement a privacy-
preserving pipeline for the early detection of sexual predators.
We leverage federated learning and differential privacy in or-
der to create safer online spaces for children while respecting
their privacy. We investigate various privacy-preserving im-
plementations and discuss their benefits and shortcomings.
Our extensive evaluation using real-world data proves that
privacy and utility can coexist with only a slight reduction
in utility.

1 Introduction
With the COVID-19 pandemic, the number of children vic-
tim of online grooming (OG) has increased substantially: the
Canadian Centre for Child Protection has recorded an 815%
spike in the reported cases of sexual exploitation online over
the last 5 years (Canada 2024). The unprecedented rise in
screen time and isolation brought about by the pandemic
have left children more vulnerable than ever to online sexual
exploitation. In 2021 alone, 85 million pictures and videos
of child sexual abuse have been reported worldwide (Euro-
pean Commission 2022).

OG can be defined as the different strategies used by
predators to lure children into sexual relationships. Studies
have shown that predators have a particular communication
style and exhibit common behavior patterns that allow them
to approach children, lure them into a trusting relationship,
isolate them and desensitize them to the sexual act (Olson
et al. 2007; Lorenzo-Dus et al. 2016).

Social media platforms have changed the rules in the past
decade, and made children far more accessible to predators.
The direct messages in these platforms have become a low-
risk tool for luring a child into (online) sexual exploitation.
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Indeed, while parents can have a tighter hold on their chil-
dren’s interactions in real life, monitoring their online con-
versations is far more complicated.

In May 2022, the European Commission proposed a new
regulation to compel chat apps to scan private user mes-
sages for child abuse and exploitation (European Commis-
sion 2022). This new regulation was strongly condemned
by privacy experts, who believed that implementing such
mechanisms and breaking end-to-end encryption of users’
messages could lead to mass surveillance (Vincent 2022)
and compromise not only users’ privacy but also their on-
line safety: online scams, cyberattacks or social engineer-
ing attacks being more likely to happen once encryption is
lifted (Radauskas, Gintaras 2023). As a result, the e-Privacy
derogation was implemented to allow companies to detect
and remove child sexual abuse material online on a volun-
tary basis only. In April 2024, the Parliament decided to
prolong the exemption until April 2026 (European Parlia-
ment 2024). In the meantime, it is crucial for social me-
dia providers to devise more effective strategies for safe-
guarding children while also respecting the privacy of their
users since previous attempts made at adopting child pro-
tection features, such as Apple’s and Facebook’s scanning
tools, have sparked wide criticism by privacy experts (Snow-
den 2021; Hill 2012). More recently, Google made the news
when a father was the subject of an investigation for child
sexual abuse and exploitation after sending naked pictures
of his toddler to the pediatrician (Hill 2022).

Previous work in communication studies has shown that
the sexual predators’ discourse contains specific indicators
that can be leveraged for the detection of online groom-
ing (Olson et al. 2007; Lorenzo-Dus et al. 2016). Some re-
searchers focused on finding these linguistic cues by extract-
ing lexical, syntactical, and behavioral features from chat
messages (Inches and Crestani 2012; Mcghee et al. 2011).
Others have used deep learning techniques to learn useful
representations from text (Zambrano et al. 2019; Morgan
et al. 2021). All, however, have been limited by the lack
of realistic and publicly-available training datasets for the
task. Although preventing grooming before any harm oc-
curs is essential to ensure safe access to online social media
platforms for children, there are only a few works that treat
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the grooming detection problem as an early risk detection
task (López-Monroy et al. 2018; Vogt et al. 2021), i.e. rec-
ognizing grooming while it is happening and intervention
is possible, as opposed to detection afterward. Furthermore,
most of the existing work relies on detecting online groom-
ing by monitoring the users’ messages and none of the pro-
posed solutions were concerned with ensuring the privacy of
the training examples. This represents a major limitation for
the applicability of these models in a real-life setting which
is the main focus of this paper.

In this work, we explore different privacy-preserving
frameworks for the early detection of sexual preda-
tors (eSPD) in ongoing conversations. Our proposed so-
lution for this application is the use of Federated Learn-
ing (FL) (McMahan et al. 2017a), an alternative to central-
ized machine learning (ML) that relies on a global server or-
chestrating the training of models with data originating from
different entities without requiring them to share any raw
data. This approach holds the potential to address the two
primary challenges facing the application: obtaining access
to real-world data for training while preserving privacy, and
increasing the availability of labeled data through the imple-
mentation of a reporting mechanism to identify predators.
However, it is important to note that while FL operates by
keeping client data local to their devices during the training
process, the federated architecture alone does not guaran-
tee complete privacy protection. Studies have demonstrated
that it is feasible to reconstruct a client’s sensitive informa-
tion from the shared updates they contribute during the pro-
cess (Kairouz et al. 2019). We therefore enhance our solu-
tion with differential privacy (DP) to provide formal privacy
guarantees (Dwork 2008). Our work presents the following
contributions: (1) different practical and privacy-preserving
frameworks for eSPD; (2) a comprehensive implementation
of the proposed frameworks, including a thorough examina-
tion of various DP algorithms to enhance privacy, and (3)
an in-depth evaluation of the framework using a real-world
dataset.

2 Related Work
In this section, we review the most relevant works to our
proposed approach.

Detection of sexual predators. A competition organized
at PAN-12 1 attracted attention to the task of identifying sex-
ual predators with the creation of a new annotated dataset for
the detection of online grooming in messages (Inches and
Crestani 2012). The used techniques varied among the win-
ners, as Villatoro-Tello et al. (2012) used neural networks
and SVMs, and Popescu and Grozea (2012) used kernel-
based learning methods. In the following years, the problem
was approached using representation learning techniques
(Liu et al. 2017; Zambrano et al. 2019; Agarwal et al. 2021;
Morgan et al. 2021; Rezaee Borj, Raja, and Bours 2023).
For instance, Liu et al. (2017) approached the problem as a
sentiment analysis task and employed recurrent neural net-
works with long short-term memory cells to enhance ac-

1https://pan.webis.de/clef12/pan12-web/index.html

curacy. Rezaee Borj, Raja, and Bours (2023) for their part
showed how a simple contrastive learning framework for
feature extraction at a sentence-level achieved state-of-the-
art results. Whereas Agarwal et al. (2021) used BERT to ex-
tract context-aware representations from text, similar to our
approach in this work. However, it is worth noting that these
studies approached the problem from a forensic perspective
rather than a preventative one.

Early detection of sexual predators. To block harm from
occurring, grooming should be detected before a victim is
lured. Escalante et al. (Escalante et al. 2016) made the first
attempt at the early detection of sexual predators by adapting
a naive Bayes classifier for grooming prediction with par-
tial information. The authors evaluated the performance of
their model with different percentages of words from the test
set in a chunk-by-chunk evaluation framework that was later
extended using profile-based representation (López-Monroy
et al. 2018). More recently, Vogt et al. (2021) formally de-
fined the eSPD task, moving away from existing work to
propose a sliding window evaluation, and creating a new
dataset that is better suited for the task. The previously men-
tioned studies on the detection of grooming have assumed
that training and deployment of models could be performed
without considering privacy implications. This involves the
full disclosure of users’ private messages to a central server
for model training. Our work extends the study by Vogt et al.
(2021) and utilizes their evaluation framework and dataset to
demonstrate how eSPD can be adapted in a distributed set-
ting while ensuring formal privacy guarantees.

Privacy-preserving text classification. Various privacy-
enhancing technologies for text classification have been pro-
posed in the literature. Solutions based on cryptographic
techniques such as secure multiparty computation (MPC)
or homomorphic encryption enable privacy-preserving in-
ference, i.e. classification of a message held by one party
with a model held by another party without requiring each
of the parties to disclose their data to anyone in plain text
(Reich et al. 2019; Adams, Melanson, and De Cock 2021;
Resende et al. 2022; Lee et al. 2022). However, while MPC
protocols provide input privacy, i.e. the data holders do not
disclose their inputs in plain text to anyone, the computed re-
sult – such as the trained model – is the same as one would
obtain without the use of cryptography; in other words, MPC
by itself does not provide output privacy. This is problematic
as information about the training data can leak from a model
and from inferences made with it (Fredrikson, Jha, and Ris-
tenpart 2015; Tramèr et al. 2016; Song, Ristenpart, and
Shmatikov 2017; Carlini et al. 2019).In this paper, we use a
combination of FL and DP to provide both input and output
privacy. While the use of FL and DP has received a consid-
erable amount of attention in the natural language process-
ing (NLP) literature (see e.g. (Brown et al. 2022; Klymenko,
Meisenbacher, and Matthes 2022) and references therein),
only a few authors have looked into the use of FL for super-
vised learning tasks of text classification. In particular, FL
an DP were combined in applications such as sentence in-
tent classification Zhu et al. (2020) and financial text clas-
sification Basu et al. (2021). More recently, Shetty et al.
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(2023) and Samee et al. (2023) leveraged FL for privacy-
preserving detection of cyberbullying: (Shetty et al. 2023)
introduced FedBully, a framework leveraging FL, sentence-
encoders and secure aggregation for privacy-preserving de-
tection of cyber-bullying whereas (Samee et al. 2023) looked
at how FL with DP, word embeddings and emotional fea-
tures could be paired for cyberbullying detection. We focus
instead on evaluating how different DP implementations can
affect a framework for the early detection of abusive content,
and the challenges of such implementations in a real-life sce-
nario.

3 Background
In our work, we leverage FL and DP to protect the privacy of
users. Hence, we first introduce FL and then provide a brief
overview of the different DP algorithms we implement.

Federated learning. Introduced by McMahan et al.
(2017a) as an alternative to privacy-invasive centralized
learning, FL is an ML technique that allows multiple enti-
ties, called clients, to collaboratively learn a statistical model
under the coordination of a central server. The global server
orchestrates the training by sampling, at each round, a set
of clients to participate in the training. Each selected client
downloads the current global model, trains it further on its
local data and shares a focused update with the server. The
server then collects and aggregates all the updates before
updating the global model. The aggregation algorithm used
by the global server plays an important role in the feder-
ated setting since it defines how the training is orchestrated
and how the final model will be computed. In this work, we
use the federated averaging algorithm (FedAvg) (McMahan
et al. 2017a).

Differential privacy. Whilst FL protects the privacy of the
clients by preventing the sharing of raw data, FL in itself
does not offer formal privacy guarantees, and the resulting
model can leak information about the training data (Thakkar
et al. 2021; Carlini et al. 2022). To mitigate such informa-
tion leakage, FL can be combined with DP (Dwork 2008) to
provide plausible deniability regarding the existence of an
instance or a user in a dataset, i.e. offering protection against
membership inference attacks (Shokri et al. 2017).

DP revolves around the idea of a randomized algorithm –
such as an algorithm to train ML models – producing very
similar outputs for adjacent inputs. Formally, a randomized
algorithm M : D 7→ R with domain D and range R is said
to be (ϵ, δ)-differentially private if for any adjacent datasets
x and x′ and for all subsets of outputs S ⊆ R we have
Pr[M(x) ∈ S] ≤ eϵPr[M(x′) ∈ S]+δ, where ϵ measures
the privacy loss (privacy budget) whereas δ is the probability
of data being accidentally leaked. The smaller these values,
the stronger the privacy guarantees.

DP can be implemented at the instance-level: two datasets
are considered adjacent if they only differ in one labeled in-
stance, or at the user-level: two datasets are considered ad-
jacent if they only differ in one user’s complete data. Ac-
cording to the above definition, M is then (ϵ, δ)-DP if the
probability that M generates a specific model from the data

is very similar to the probability of generating that model if a
particular instance (resp. user) had been left out of the data.
The latter implies that what the model has memorized about
individual instances (resp. users) is negligible.

DP is a widely used privacy-preserving technique in the
field of machine learning. DP provides formal privacy guar-
antees for sensitive data by adding controlled noise to the
data, thereby obscuring individual contributions.There are
two main types of DP: local DP and global DP. Local DP
operates on individual data points, whereas global DP op-
erates on aggregate data. And whereas global DP relies on
the notion of adjacent inputs, local DP does not. As such, a
randomized algorithm M is said to satisfy ϵ-Local DP if and
only if for any pair of input values v and v′ in the domain
of M and for any output y ∈ Y we have P[M(v) = y] ≤
eϵ · P[M(v′) = y], where P[·] is the probability.

DP can be applied in various stages of the machine learn-
ing pipeline: either during pre-training by adding noise to the
raw data, or during training by injecting noise into gradients
or weights, as further outlined below.

Metric DP. Local differential privacy (LDP) allows each
user to perturb their own data, providing strong privacy guar-
antees, typically at a cost in utility. Indeed, in the context of
language, applying LDP means that all word embeddings
are exchangeable without accounting for meaning, which
may hurt the utility of the downstream task. To tackle this
challenge, Feyisetan et al. (2020) adapt a relaxed version
of DP, called metric DP, for natural language processing. A
randomized mechanism M : D 7→ R is said to be ηdχ-
private if for any x and x′ ∈ D the distribution over out-
puts of M(x) and M(x′) is bounded by: P[M(x) = y] ≤
eηd(x,x

′) ·P[M(x′) = y] for all y ∈ R, where d is a distance
function d : D ×D 7→ R+. Qu et al. (2021) adopt this defi-
nition for sequence representation privatization: the input to
the randomized mechanism M is a token embedding, or in
our case, the [CLS] representation produced by BERT. As
such, metric DP can be achieved for the Euclidean distance
by adding calibrated noise to the sequence representations
of the training data (Qu et al. 2021).

The DP-SGD Algorithm. An (ϵ, δ)-DP randomized algo-
rithm M is commonly created out of an algorithm M∗

by adding noise that is proportional to the sensitivity of
M∗, in which the sensitivity measures the maximum im-
pact a change in the underlying dataset from d to an adja-
cent dataset d′ can have on the output of M∗. DP-SGD is a
commonly used technique for training deep neural networks
with DP guarantees. DP-SGD is designed to limit the im-
pact that the training data has on the final model by making
the mini-batch stochastic optimization process differentially
private through gradient clipping and adding noise (Abadi
et al. 2016).

The DP-FedAvg Algorithm. McMahan et al. (2017b) in-
troduce a DP version of the FedAvg algorithm to offer user-
level privacy. Since the FedAvg algorithm already groups
multiple SGD updates together and operates at the user-
level, it is possible to extend the DP-SGD algorithm to pro-
vide formal privacy guarantees to federated training. In or-
der to achieve (ϵ, δ)-DP, each client clips its own update, and
after each round of federated training, the server adds noise
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to the aggregated updates. The overall privacy cost relies on
the number of clients sampled at each round of training, on
the number of federated rounds of training, and on a hyper-
parameter that controls the scale of the noise added to the
update: the noise multiplier.

4 Method
Ensuring the safety of children from cybercrime is crucial,
but it should not compromise the privacy of social media
users. As such, we introduce a privacy-preserving frame-
work for the identification of sexual predators. This novel
approach takes advantage of the rising prevalence of mobile
devices among children and teenagers. Our code as well as
additional resources, including the Appendix, are available
at: https://github.com/khaoulachehbouni/fl-espd.

4.1 eSPD Training via Federated Learning
One of the significant challenges in FL is addressing non
independent and identically distributed (IID) data, as the lo-
cal data distribution of each client is not representative of the
overall population (Zhu et al. 2021). This challenge becomes
even more pronounced in the context of OG, where most
users are unlikely to interact with sexual predators. Thus,
the detection of OG in a federated setting can be viewed
as an extreme case of non-IID data where most users will
only have access to one label for training. To address this is-
sue, we implement a data-sharing strategy during training in
which a small portion of warm-up data is distributed to each
device in addition to the initial model (Zhao et al. 2018).
The warm-up data, which contains public examples from
both classes and is balanced, can be seen as a starting point
for training and helps alleviate the statistical challenge.

4.2 eSPD Training with Differential Privacy
In this work, we explore how FL and DP can be used to offer
formal privacy guarantees in different ways. Figure 5 in Ap-
pendix B illustrates our different privacy-preserving frame-
works.

(1) Adding noise to the raw data. Each client adds noise
directly to the token representations of their data to achieve
sequence representation privatization. The perturbed embed-
dings are then used for training, thus ensuring no access to
the raw data. In the rest of this paper, we refer to this imple-
mentation as FL with metric DP.

(2) Adding noise during training. Each client train their
model using DP-SGD to mitigate leakage of personal in-
formation to the server. At each round of local training,
the clients clip the gradient norm of outliers in their data
and adds calibrated noise to the gradients to ensure that the
shared updates provide instance-level privacy protections. In
this case, the raw data is accessed during local model train-
ing, but never sent to a global server. In the rest of this paper,
we refer to this implementation as FL with DP-SGD.

(3) Adding noise to the updates. We train our federated
model using the DP-FedAvg algorithm. After each round
of training, the server adds noise to the aggregated updates

sent by the clients. This approach provides user-level pro-
tections but relies on the hypothesis that the server can be
trusted since it has access to non-private updates. In the rest
of this paper, we refer to this implementation as FL with DP-
FedAvg.

5 Evaluation
In this section, we present an empirical evaluation of our
different frameworks for the early detection of sexual preda-
tors. All our experiments were performed on the PANC
dataset (Vogt et al. 2021).

Data. A main challenge in addressing the sexual preda-
tors’ identification task through ML comes from the lack of
publicly available labelled and realistic datasets. Only two
distinct datasets are available: the PAN12 dataset (Inches
and Crestani 2012) and the ChatCoder2 dataset (Mcghee
et al. 2011), and both take their grooming examples from
the Perverted Justice (PJ) website2. The PAN12 dataset was
created by sampling non-grooming examples from IRC logs
and the Omegle forum3 and grooming examples from the
PJ website. Every conversation was then split into segments
of 150 messages or less assigned to a user. The ChatCoder2
dataset, on the other hand, only contains grooming exam-
ples: 497 complete conversations also extracted from PJ.
Since the eSPD task requires both complete conversations as
well as grooming and non-grooming examples, Vogt et al.
(2021) introduced the PANC dataset as a better alternative
for the task. They merged the non-grooming examples from
the PAN12 dataset with the grooming examples from Chat-
Coder2. To standardize the dataset, they also split every
grooming conversation into multiple segments of 150 mes-
sages or less assigned to the same user. Table 4 in Appendix
A presents statistics about the dataset.

Inference of an eSPD System. The considered inference
phase is similar to Vogt et al. (2021)’s framework for eSPD.
We use a sliding window for the sequential classification of
a conversation. Here, a conversation consists of a sequence
of messages t1, t2, . . .. For a window of length l, at step s
the classifier labels the sequence ts, ts+1, . . . , tl−1, at step
s+ 1 the classifier labels the sequence ts+1, ts+2, . . . , tl.

After every window prediction, the system decides
whether to raise a warning or not based on the inferred labels
of the last 10 window predictions. If a pre-defined threshold
– called skepticism level – is reached, a warning is raised
and the whole conversation is classified as a grooming con-
versation. An eSPD system never classifies a conversation
as non-grooming if there are messages left, or if it is still
ongoing. Figure 3 in Appendix B illustrates this framework.

Evaluation Metrics. We use the latency-weighted F1
score (Sadeque et al. 2018; Vogt et al. 2021) to evaluate
our models. The F-latency score measures the trade-off be-
tween the speed of detection (i.e. how early in a conversation
grooming is detected) and the accuracy of the warning by
applying a penalty that increases with the warning latency.

2http://www.perverted-justice.com/
3https://www.omegle.com
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The warning latency is defined as the number of messages
exchanged before a warning is raised (Vogt et al. 2021). As
such, a higher F-latency score means a better-performing
eSPD system. The penalty can be computed for each warn-
ing latency l ≥ 1 as follows:

penalty(l) = −1 +
2

1 + e(−p·(l−1))

where p defines how quickly the penalty should increase. As
suggested by Sadeque et al. (2018), p should be set such that
the latency penalty is 50% at the median number of mes-
sages of a user.

The speed of an eSPD system over a test set of
grooming conversations is defined as speed = 1 −
median{penalty(l) | l ∈ latencies} where latencies cor-
responds to the list of warning latencies produced by the
system for all grooming conversations for which a warn-
ing is raised. We can then formally define F-latency as:
F-latency = F1 · speed.

While F1 is computed across the entire test set of positive
and negative messages, penalty and speed are computed for
the positive conversations only. This is common practice in
the literature as the delay needed to detect true positives is a
key component of the early risk detection task (Losada et al.
2020; Sadeque et al. 2018).

Choice of the classifier. Although fine-tuning BERT (De-
vlin et al. 2019) has been shown to give better results for
eSPD (Vogt et al. 2021) (see Appendix E), we use the pre-
trained feature-based approach with logistic regression (LR)
for our experiments since it is far less computationally ex-
pensive and better suited for scaling federated training to a
large number of clients. In our framework, each user uses the
BERTBASE model to create a context-aware representation
of their personal conversation by extracting fixed features
from the pre-trained model. The [CLS] representation of the
last layer is then used as an input for LR with a binary cross
entropy loss function. For each user’s segment, we obtain a
768 length vector.

6 Empirical Results and Discussion
Details about our implementation can be found in Appendix
C. In this section, we investigate three research questions.

6.1 RQ1: How is the Utility of the eSPD System
Affected by the FL framework?

We compare the utility of our FL model with two base-
lines: (1) Warm-up model: A BERT+LR model trained on
the warm-up data only, to ensure that the federated frame-
works are not too biased by the data-sharing strategy; and
(2) Centralized model: A BERT+LR model trained centrally
on the training data and the warm-up data.

In Table 1, we see that the federated model shows com-
petitive results for the eSPD task with the highest F1 score
(82%) and F-latency score (64%). The FL model also have
the lowest false positive rate (FPR) with 3% showing that
the FL framework is indeed suited for the accurate detection
of predators. Finally, despite having a very high speed, the
baseline Warm-up model has the lowest F-latency score: our

model is therefore not biased by the data-sharing strategy
and it is indeed learning from each client’s personal data.
Additional qualitative results are presented in Appendix D.

6.2 RQ2: How to Reduce the Harm of False
Positives in eSPD?

In eSPD, the emphasis is often put on the detection of preda-
tors since missing one could cause a lot of harm. Indeed, the
F-latency score depends on both the F1-score and the speed.
And while the F1-score takes into consideration both recall
and precision, detection speed comes at the cost of precision
as shown in Table 1. In a real-life setting, we expect an alarm
to be raised each time a predator is detected. Given the na-
ture of grooming messages, it is more likely that an eSPD
system will be mistaken when confronted with sexual or in-
timate conversations, which could lead to innocent people
being wrongly accused (e.g. sex workers).

Furthermore, in a real-life scenario, data often originates
from forensic evidence after a predator’s conviction. Given
the over-representation of certain demographic groups in
prison because of the failures of the criminal justice sys-
tem (Government of Canada 2023a,b), we could imagine
a model making spurious correlations between vernacular
and predatory behavior, leading to biases against specific
demographic groups. Therefore, we propose an approach to
consider the cost of falsely accusing someone as a preda-
tor. For this purpose, for each of our models, we identify the
classification threshold needed to achieve a 1% FPR when
evaluated on the test set. Using this new threshold, we re-
evaluate our models. Table 1 shows that varying the thresh-
old comes with a loss in speed, which is to be expected since
higher prediction scores are now needed to classify a win-
dow as OG. Furthermore, the results for the baseline Warm-
up model are not presented because the smaller FPR attained
for this model with a 0.99 classification threshold is 9%: the
model is therefore falsely classifying non-OG conversations
as OG. Finally, we notice a decrease in F-latency for all the
models, a necessary trade-off to achieve better precision.

6.3 RQ3: What are the Benefits and
Shortcomings of Different Privacy
Implementations for eSPD?

Language data, especially personal conversations on social
media, is very sensitive for two main reasons. First, it con-
tains a lot of personally identifiable information (PII): peo-
ple share their name, number, address, and personal details
about themselves through text messaging. Second, studies
have shown that beyond PII, it was possible to recover in-
formation about the author of a text based on linguistic pat-
terns (Mattern, Weggenmann, and Kerschbaum 2022). For
these reasons, and given the sensitivity of the eSPD applica-
tion, we look at how different privacy implementations im-
pact our eSPD system and what it means in a real-life sce-
nario. In this work, we have discussed four different ways to
offer privacy protections in the context of eSPD, and each
comes with its benefits and shortcomings.

The FL implementation. Even though this implementa-
tion does not guarantee privacy, the federated framework of-
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Model F1 Recall Precision Speed F-latency FPR
Warm-up model 0.50 0.98 0.33 0.96 0.48 0.24
Centralized model 0.75 0.95 0.62 0.83 0.63 0.07
FL model 0.82 0.85 0.79 0.79 0.64 0.03

Evaluation results for a 1% FPR
Warm-up model - - - - - -
Centralized model 0.85 0.83 0.88 0.69 0.59 0.01
FL model 0.83 0.78 0.89 0.73 0.61 0.01

Table 1: Evaluation results for the eSPD task

Privacy Protection Utility
Model Input Output Type Level F1 Recall Precision Speed F-latency FPR
FL with metric DP Input Output Local Instance 0.73 0.64 0.84 0.71 0.52 0.02
FL with DP-SGD Input Output Local Instance 0.77 0.86 0.70 0.79 0.61 0.04
FL with DP-FedAvg Input Output Global User 0.81 0.86 0.76 0.78 0.63 0.03

Table 2: Evaluation results for the eSPD task with different privacy implementations

fers additional protection compared to the normal central-
ized setting since each user’s raw data never leaves their de-
vice. However, information about the training data can still
be recovered from the trained model. Given the sensitive na-
ture of personal conversations on social media, a federated
framework alone may not be enough for eSPD.

The FL with metric DP implementation. We first con-
sider a scenario where each user adds noise to their pri-
vate data. As such, even during local training, the service
provider never has access to the raw data. Table 2 shows
that the FL model with metric DP has a 52% F-latency with
an η = 20. Even with our oversampling technique during
training, injecting noise directly into the training data comes
with a high utility cost. In Figure 6 in Appendix C, we can
see that models trained with more restrictive privacy budget
(e.g. η = 10) are non-performing (e.g. with an F-latency
score of 6%). This implementation however offers strong
privacy guarantees since it gives no access to the raw data
even for local training. However, metric DP might not be the
most appropriate implementation in the case of eSPD. In-
deed, bounding the privacy budget to a distance measure still
gives information about the neighborhood of the original in-
put: a sexual message for example is still a sexual message if
not enough noise is added to the data. Simultaneously, hav-
ing a more restrictive privacy budget have a high cost on the
utility of the eSPD system since it means increasing the se-
mantic distance between the original input and the perturbed
one.

The FL with DP-SGD implementation. To add formal
privacy guarantees to the FL framework, we implement
DP-SGD. DP-SGD offers strong privacy protection against
membership inference attacks by perturbing the training of
a model. While in this scenario, the service provider still
has access to the raw data, the data never leaves a user’s
device, and the updates aggregated for federated training
are private. By training privately on each user’s device, we
guarantee instance-level DP. In our case, the instances being
each data point shared by the users. This implementation

also comes with a cost in utility. We experiment with dif-
ferent epsilon bounds at the users’ levels and we see that
with (ϵ = 0.50, δ = 10−5) we register a drop in utility
with a 57% F-latency score. In Table 2, we can see that with
(ϵ = 1, δ = 10−5) we can still achieve a f-latency score of
61%. It is important to note however that the privacy budget
computed is not the total privacy budget for the implemen-
tation, since the same client can be resampled. In text clas-
sification with FL, each user is expected to share thousands
of data points, and instance-level DP only offers plausible
deniability that each data point was not part of the training
rather than protecting the user in itself. This might not be the
most appropriate implementation for eSPD, since we expect
a child’s entire conversation history to be protected, instead
of individual messages.

The FL with DP-FedAvg Implementation. In DP-
FedAvg, each user train a model locally and send non-
private updates to the server. The server aggregates these
updates and makes them private by adding noise. This im-
plementation rely on the assumption than the server is trust-
worthy and that the updates are not intercepted. Training
with DP-FedAvg usually has less of an impact on the util-
ity of the model. Indeed, by adding noise after the training
is done, the DP-FedAvg algorithm ensures privacy guaran-
tees with almost no utility loss as we can see in Table 2
with an F-latency score of 62% for a total privacy budget of
(ϵ = 1, δ = 10−5). Indeed, it has been shown that given suf-
ficient local computation on each client’s data, DP-FedAvg
has a negligible impact on utility (McMahan et al. 2017b),
as such, we can achieve similar utility by sampling fewer
clients at each round. Finally, training with DP-FedAvg en-
sures user-level protection since it offers privacy guarantees
for all the data points shared by one user, which is essential
in the context of eSPD. Indeed, since each user may con-
tribute thousands of data points, having instance-level pro-
tections may not be enough. However, this approach does
not protect the clients from the server since non-private up-
dates are exchanged. Furthermore, as DP guarantees rely
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on amplification-via-sampling, a large number of clients
is needed for a DP-FedAvg model to achieve good utility,
which may be problematic in our case since labeled data is
scarce in eSPD.

7 Conclusion and Future Directions
In December 2023, Meta announced the implementation of
end-to-end encryption for one-to-one messages and voice
calls on Messenger and Facebook (Goggin 2023), a response
to public backlash following its cooperation in a Nebraska
abortion case where personal chat data was turned over to
the police (Collier and Burke 2022). This decision has faced
opposition from child safety groups, who view end-to-end
encryption as a setback to detecting online grooming on so-
cial media (Goggin 2023). However, EU lawmakers do not
consider end-to-end encryption and child protection as con-
flicting, evident in their regulations compelling major tech
companies to identify and remove online child abuse ma-
terial (Chee 2023). Finding alternatives to current privacy-
invasive monitoring systems is therefore critical to ensure
children’s safety. In this work, we propose different feder-
ated learning frameworks for the early detection of sexual
predators as a solution for both the lack of available labelled
datasets and the privacy challenges that come with such
an application. Indeed, by combining different implementa-
tions of differential privacy in our framework, we show that
children’s safety does not necessarily mean sacrificing pri-
vacy. We aim for our work to highlight the significance of
this application and encourage the creation of more datasets
and research in this area. Future research could also exam-
ine the integration of various privacy-enhancing technolo-
gies to secure against the possibility of encryption backdoors
or client-side scanning. This can be achieved through tech-
niques such as secure aggregation (Li et al. 2021) or homo-
morphic encryption (Wibawa et al. 2022). Furthermore, we
believe that our framework has the potential for broader ap-
plication, such as in the early detection of cyberbullying or
depression.

Limitations and Ethical Considerations
One of the main challenges of the eSPD task comes from
the lack of publicly available labeled and realistic datasets.
The different datasets used in the literature all take their
grooming examples from the PJ website, which are exam-
ples of conversations between predators and adults posing
as children to catch them. Such chats have been shown
to differ from real-life conversations and lack certain as-
pects of grooming like overt persuasion and sexual extortion
(Schneevogt, Chiang, and Grant 2018). Indeed, volunteers
are often actively trying to get the offenders to be sexually
explicit and to arrange an encounter, which is not the case in
real-life settings. Furthermore, the non-grooming examples
often come from forums and chatrooms where strangers can
interact or engage in cyber sex, as opposed to conversations
among family members, friends or partners. We hope that
the frameworks we propose in this paper will give access to
a larger range of training examples.

Involving law enforcement could also have disastrous

consequences. The resulting model could be biased to-
wards certain populations like sex workers, people from the
LGBTQI+ community, or people prone to online dating.
Furthermore, language models have been shown to repro-
duce racial and gender biases (Liang et al. 2021). As such,
using such models as a basis for identifying potential sus-
pects to be prosecuted could lead to unanticipated outcomes.
Such a system should therefore never be used directly by law
enforcement agencies at the risk of exacerbating existing so-
cial inequalities and persecuting innocents.
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