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Abstract

Since most countries are coming up with online privacy reg-
ulations, such as GDPR in the EU, online publishers need to
find a balance between revenue from targeted advertisement
and user privacy. One way to be able to still show targeted
ads, based on user personal and behavioral information, is to
employ Federated Learning (FL), which performs distributed
learning across users without sharing user raw data with other
stakeholders in the publishing ecosystem. This paper presents
AdFL, an FL framework that works in the browsers to learn
user ad preferences. These preferences are aggregated in a
global FL model, which is then used in the browsers to show
more relevant ads to users. AAFL can work with any model
that uses features available in the browser such as ad viewa-
bility, ad click-through, user dwell time on pages, and page
content. The AdFL server runs at the publisher and coordi-
nates the learning process for the users who browse pages
on the publisher’s website. The AdFL prototype does not re-
quire the client to install any software, as it is built utilizing
standard APIs available on most modern browsers. We built
a proof-of-concept model for ad viewability prediction that
runs on top of AdFL. We tested AdFL and the model with
two non-overlapping datasets from a website with 40K vis-
itors per day. The experiments demonstrate AdFL’s feasibil-
ity to capture the training information in the browser in a few
milliseconds, show that the ad viewability prediction achieves
up t0 92.59% AUC, and indicate that utilizing differential pri-
vacy (DP) to safeguard local model parameters yields ade-
quate performance, with only modest declines in comparison
to the non-DP variant.

1 Introduction

In the online publishing ecosystem, revenue from online ads
incentivizes publishers to enable data collection about users
and their activities, which is then shared with ad agencies to
deliver targeted ads. While this data-sharing practice max-
imizes the revenue for publishers, it raises significant user
privacy concerns, prompting regulations such as GDPR (Of-
ficial Journal of the European Union 2016) and CCPA (Cal-
ifornia Legislature 2018) that limit data collection and shar-
ing without explicit user consent (Smith et al. 2024). When
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users decline consent for data collection and sharing, adver-
tisers are not able to show targeted ads. Instead, they can
show only contextual ads, which result in lower revenue for
publishers. Federated Learning (FL) could be used by pub-
lishers to find a balance between targeted ads and revenue.

Existing FL systems for online ads face integration chal-
lenges with current ad servers. For instance, (Wu et al. 2022)
suggests a model using two hierarchical servers, but it does
not fit seamlessly with existing systems such as Google Ads
Manager, which require a key-value bid structure instead of
embeddings. Implementing a publisher ad server increases
costs and complexity due to necessary communication with
external ad servers. The conversion model in (Wei et al.
2023) relies on vertical FL and requires conversion met-
rics extending browser data to extensive external data, which
complicates deployment. (Wu et al. 2022; Bian et al. 2023;
Zhao et al. 2020) depend on synthetic data instead of real-
world publisher data. Some systems (Hartmann et al. 2019;
Brennaf, Yang, and Lanfranchi 2023; Alzamel et al. 2024;
Lian et al. 2022; Ting Yang, Wei Wei, and Cherng Xi 2022)
support in-browser training, but they are not tailored for on-
line ads and lack data collection capabilities.

This paper proposes AdFL, an FL framework that works
in the browser to balance user privacy and publisher’s rev-
enue from online ads. AdFL avoids the complexity of hier-
archical servers (Wu et al. 2022) by using a single server
at the publisher to aggregate a global model and not requir-
ing an ad server. AAFL runs asynchronously in the browser
and does not require additional mechanism to integrate with
the existing ad ecosystem. Furthermore, it provides learning
based on ad metrics data available in the browser, such as
ad viewability, ad click-through, user attention on the ads,
user dwell time on pages, page content, ad data and meta-
data, etc. AJFL is based on horizontal FLL which is more
feasible to be deployed in conjunction with real-world ap-
plications than vertical FL because global models are built
without modifying the model architecture, as data samples
are distributed among users.

AdFL can work with any model that uses features avail-
able in the browser and with any aggregation algorithm. The
publisher chooses the model and hosts the FL aggregation
server. If other publishers want to use the same model, the
same server can be used for all of them. However, different
models require separate servers. To keep the local models



in sync with the global model and minimizes the delay for
heterogeneous users, AdFL uses first-party cookies to track
global model versions at the client side. AdFL is designed to
work without requiring the client to install any software, as
it leverages common APIs available in most browsers.

AdFL directly addresses challenges specific to browser-
based FL, such as operating within constrained environ-
ments, ensuring seamless data collection and preprocess-
ing within the browser, and managing computational and
memory overheads on diverse devices, while considering ad-
serving requirements. Unlike other studies that simply load
the FL model and data into the browser, AdFL is a compre-
hensive FL pipeline designed to operate within the browser.
The pipeline starts with data collection, focusing on user
interactions, ads, and page-related features. Ensuring data
quality and performing effective preprocessing are crucial
steps in this pipeline. AdFL is designed to work efficiently in
real-time in resource-constrained environments (i.e., it uses
about S0MB of memory and performs inference in a few
ms). AdFL is a flexible framework that enables model de-
signers to adapt their workflows to support different models,
ad scripts, page resources, browsers, and devices.

We implemented an AdFL prototype in the browser that
consists of five components, interacting asynchronously
with online ads. The components are responsible for gather-
ing the browsing sessions and data, tracking online ads, pro-
cessing data, and managing the model. The implementation
uses Tensorflow.js and JavaScript for the browser compo-
nents. The in-browser JavaScripts utilize standard browser
APIs, such as MutationObserver API, to ensure AdFL is
compatible with all major browsers. Furthermore, given the
high efficiency and asynchronous nature of the third-party
ad code, the prototype was implemented to capture the re-
quired data in real-time. We built several versions of a proof-
of-concept ad viewability model to run on top of AdFL and
tested them with two non-overlapping datasets of 10-days
and 30-days from a website with 40K visitors per day. The
models are capable of handling a larger set of input features
on more capable devices by utilizing a concatenation layer
that dynamically activates inputs based on the available data
features. The application of these models is to estimate the
ad relevance for a given user on a given webpage, based on
IAB’s viewability definition '. The application dynamically
adjusts the duration of the ad display to show ads that are
more relevant for users and thus increase publisher revenue.

Our experiments demonstrate the AJdFL’s feasibility in
practice and its ability to capture ads’ data and process them
in the browser, while maintaining the dataset in the browser
to be utilized for ad measurement models. AdFL is capable
to process data and run an inference in less than 3ms for
desktop browsers and less than 7ms for mobile browsers.
In addition, the viewability model on top of AdFL achieves
a very good AUC of up to 92.59% in FL settings. More-
over, AdFL can employ differential privacy (DP) to protect
local model parameters, and the models work well, with only
modest reductions compared to the non-DP versions.

To summarize, the key novel contributions are:

"https://www.iabuk.com/news-article/quick-qa- viewability

* The design of a novel FL framework, AdFL, that enables
in-browser FL model training and inference with seam-
less local data collection and preprocessing for online
ads.

* An ad viewability prediction model, working on top of
AdFL, that can be leveraged to increase the viewability
of the ads relevant for users, and thus maximize the pub-
lisher’s revenue.

* A prototype implementation of AdFL that we demon-
strated to be able to collect ad data in real-time and train
effective FL. models for privacy-preserving ad-targeting
applications.

The paper is organized as follows. Section 2 presents
background on the online ad ecosystem and related work.
Section 3 describes the AdFL architecture. Section 4 ex-
plains the browser-collected data and the model used to test
AdFL. Section 5 details the AdFL client implementation.
Section 6 reports system and model evaluation results. Sec-
tion 7 concludes the paper.

2 Background and Related Work

This section provides background information for ad loading
mechanisms involving header bidding, followed by a discus-
sion of relevant literature.

2.1 Background

This subsection explains how online ads are delivered to
publishers. We also discuss the publisher’s limited role in
ad selection or improvement.

In decentralized ad auctions, such as header bid-
ding (Kalra et al. 2019), as soon as the user loads a page that
has online ads enabled, the header bidding script is loaded to
the browser and starts broadcasting the ad placements to the
auction participants. Within a specific time frame, the script
gathers the bids in a key-value structure and sends this bids’
structure to the ad server to select the winning ad based on its
own priorities. The ad server delivers the winning ad to the
publisher’s webpage. Throughout this procedure, the pub-
lisher has limited influence over the different stages of the
auction. Its control is mainly restricted to providing a pre-
defined list of direct ads to the ad server, which is how the
open-sourced ads auction 2 adapts to the ad server (MacKen-
zie, Caliskan, and Rommerskirchen 2023).

The structure of the winner ad includes the encapsula-
tion of monitoring and tracking scripts. The innermost part
is the advertiser loading mechanism that loads the ad cre-
ative, which is typically hosted on a server or a CDN. Once
the ad is loaded to the browser, it is placed inside a secured
iframe, and the advertiser script runs to load the ad creative.
Both the advertisers and the ad server have monitoring and
tracking scripts to ensure the integrity and validity of ad de-
livery, and to detect fraud. Additionally, an essential part is
the ad activation, which acknowledges the winning bid to
the advertisers to secure the transaction and downloads the
ad creative.

2Such as Prebid: https://docs.prebid.org/overview/intro.html,
Apache 2.0 License



No Adv./  Browser-onl Ad-specific Low Live Eas
Approach In-browser DSP coop. data Y Integpration latency  ads integ. Scalable
Vertical FL
(Wei et al. 2023; Bian et al. 2023) . X X X . . X .
Privacy-aware FL (Zhao et al. 2020) . v X X X X . .
FedCTR (Wu et al. 2022) . v . . . X . .
Content Recommender (Tan et al. 2020) X v X X v X v v
Centralized Ad Models
(Kalra et al. 2023; Wang et al. 2015) X . X v X v v v
Generic Browser FL
(Lian et al. 2022; Hartmann et al. 2019) v v X X . X . v
AdFL v v v v v v v v

(v'= supported; *= partial; x= none)

Table 1: Comparison between AdFL and related work

This ad structure limits the access of publishers to online
ads within the browser, a restriction rigorously enforced by
policies like cross-origin constraints within a secure iframe.
While AdFL efficiently captures the ad creative in real-time,
it does not disclose the ad’s content. Consequently, AdFL
abstains from targeting the content of Ads, thereby main-
taining the ads within the browser environment, conserving
device resources by preventing the extraction of links to ad
content, and adhering to the constraints of the online ad mar-
ket by refraining from activating ad content links.

2.2 Related Work

This subsection discusses FL for online ads, centralized
models for online ads, and FL within browser, highlighting
the differences between these works and our approach.

The study in (Wei et al. 2023) introduces a vertical FL
model utilizing actual data from both an online publisher and
an advertising agency to learn the conversion rate metrics.
This approach necessitates the cooperation of advertisers for
model training and inference because the input data features
are distributed among publishers and other ad-related stake-
holders such as demand-side platforms (DSPs). In contrast,
AdFL employs horizontal FL, where data records are dis-
tributed across users, thereby eliminating the need for exter-
nal data and collaboration with other entities.

A similar work (Bian et al. 2023) proposes a model en-
hancing the conversion rate for mobile users. Apart from the
conversion rate metrics that require data not available in the
browser, this model requires the cooperation of the advertis-
ers to provide the additional data. AdFL, on the other hand,
focuses on data that is available in the browser and avoids
the complexity of collaboration with advertisers.

The work in (Zhao et al. 2020) presents a privacy model
trained on users’ data from those who opt in to share their
data. Then, this model is served using FL to the users opting
out of sharing their data. AdFL does not require any user
to share their data, and we assume that all users opt out of
sharing their data.

The paper (Wu et al. 2022) proposes an FL model to im-
prove click-through rate (CTR) prediction across multiple
platforms, including the browser, by aggregating user be-
haviors. The model generates user embeddings from local

behaviors on each platform, which are then aggregated on a
user server and shared with the ad server for CTR predic-
tion. AdFL is designed to work with many models, whereas
the solution above is specific to CTR prediction. In addition,
AdFL enables FL. models whose local training runs in the
users’ browsers, and the aggregation server works at the pub-
lisher. The AdFL client serves the outcomes of the model to
the user’s browser. In (Tan et al. 2020), the authors proposed
a content-based FL recommendation system for general on-
line content, which cannot be applied directly to online ads
in the browser as AdFL.

Several works proposed centralized models for online ads.
The works in (Kalra et al. 2023, 2019) focuse on enhanc-
ing the ad reward mechanism for publishers, while the ones
in (Wang et al. 2019, 2015) propose centralized models for
viewability prediction of online ads. Furthermore, (Xu et al.
2022) focus on enhancing centralized models for conversion
rate estimation. These models are not privacy-preserving so-
lutions, whereas AdFL solves this issue by using FL. These
models could be redesigned to work in an FL fashion, and
then they could run on top of the AdFL framework.

The existing work on FL within browsers (Lian et al.
2022; Alzamel et al. 2024; Brennaf, Yang, and Lanfranchi
2023; Chen et al. 2023; Ting Yang, Wei Wei, and Cherng Xi
2022; Hartmann et al. 2019) has significant limitations, es-
pecially concerning their data collection and preprocessing
capabilities. Furthermore, none of these works focuses on
real-time data collection and model inference for online ads.
The study in (Hartmann et al. 2019) examines FL to rank
browser histories. The proposed method is computationally
expensive, making it impractical in our settings where the
publisher-site implementations are restricted by the user’s
visit duration. The studies presented in (Lian et al. 2022;
Chen et al. 2023; Ting Yang, Wei Wei, and Cherng Xi 2022)
introduce frameworks that enable the implementation of FL
directly within web browsers. These frameworks are differ-
ent from AdFL because they do not have ad-specific sup-
port and do not collect data in the browser. They are tested
through simulations/emulations with standard image classi-
fication datasets. The study in (Alzamel et al. 2024) employs
a peer-to-peer structure, which is not practical in the exist-
ing online publishing ecosystem. Furthermore, the research
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Figure 1: AdFL Overview

in (Brennaf, Yang, and Lanfranchi 2023) assesses the effi-
cacy of FL across various web browsers, uncovering impor-
tant insights regarding FL’s compatibility with these plat-
forms. In comparison, AdFL is oriented toward a real-world
application of FL within the realm of online advertising.

Table 1 provides a synthesis of the related work by select-
ing common comparative features that are applicable across
the most relevant studies covered in this section.

3 System Design

This section presents the design of AdFL and its threat
model. As shown in Figure 1, we consider a typical online
publishing ecosystem, where the publisher server has agree-
ments with AdTech servers to deliver ads to clients. AdFL
enables client devices to collect contextual and ad-specific
data for each ad, creating one data sample per ad. Since this
data may disclose private information about the user brows-
ing behavior and preferences, we adopt the FL paradigm,
allowing clients to use their dataset to train models locally
and upload the model parameters to the server.

The AdFL server operates either at the publisher or as a
third-party server enabled by the publisher. The client-side
software, called AdFL Client, runs scripts downloaded from
the AdFL server in the browser following AdFL require-
ments. Each AdFL Client operates independently to collect
and store data, using the data to train a local model, which
is then uploaded to the AdFL server. The AdFL server ag-
gregates these local models into a generalized global model,
which is subsequently distributed to all AdFL clients.

In AdFL, we address a real-world scenario where the pub-
lishers seek to increase revenues by aligning the ads effec-
tively with user interests. This typically involves transmit-
ting user data externally, which raises privacy concerns. In-
stead, AdFL enables the publisher to analyze user interac-
tions directly within the browser using an end-to-end FL sys-
tem, allowing control over ad behavior based on FL model
predictions. As long as the prediction works well, the adver-
tisers get to target the users, and the users get more relevant
ads. In the rare case when mispredictions happen, the users
will see less relevant ads.

To manage the complexity of this process, we propose
several novel components in AdFL, as no existing FL sys-

tem fully supports this scenario. Additionally, for certain
components, we customize existing solutions to meet spe-
cific needs, providing a comprehensive end-to-end system
design and implementation. The main novelties of AdFL are
summarized as follows:

* AdFL runs a script to capture ad-specific web elements
in the browser, allowing the client to collect ad-specific
data.

* AdFL allows the clients to manage session history by col-
lecting and processing data specific to each session.

» AdFL allows the publisher to adjust ad behavior by track-
ing multiple metrics in the browser using the client-side
software.

* AdFL enables developers to configure the system to en-
hance model utility by adjusting parameters according to
the training environment.

* AdFL preprocesses diverse datasets in the browser, en-
suring consistent feature representation across all clients.

* AdFL uses optimization techniques to minimize the rec-
ollection of invariant data, thereby reducing computa-
tional and storage overhead.

3.1 Threat Model
In our system, there are two key entities:

e Data Owners (DO): End-users whose browsers execute
scripts for the AdFL Client. Each DO trains and runs
inferences using private session data, then sends model
updates to the AdFL server. Their main privacy concern
is preventing the leakage of sensitive user behavior and
interaction patterns.

* Model Owner (MO): Typically, the publisher or a trusted
third party manages the AdFL server. The MO’s main
priorities are preserving the aggregated model’s integrity
and ensuring accurate inference results. We assume MO
to follow the AdFL protocol, acting honest-but-curious.

Our threat model T'M 441, assumes secure communication
between DOs and MO via HTTPS. Each DO retains its own
session and data locally and cannot access other DOs’ data.
The MO, while correctly executing the FL protocol, is an
honest-but-curious adversary analyzing updates through var-
ious attacks or altering aggregation to infer individual be-
haviors. FL secures the raw data, ensuring it never exits the
DO’s computer. Although MO might infer information from
local model updates, this risk can be mitigated by incor-
porating differential privacy (Yang, Huang, and Ye 2023)
alongside FL, a method that has shown to be effective with
negligible impact on performance.

3.2 AdFL Server

The AdFL Server is hosted at the publisher and interacts
with clients visiting the publisher’s webpages. The server
has two components: the Server Manager and the Aggrega-
tor. The Server Manager is a web service that performs two
key functions: fulfilling client requests for global model pa-
rameters and handling incoming updates from clients with
new local model parameters. The Aggregator combines the



model parameters received from the clients during each
training round. The Server Manager and the clients use a tag
to identify the latest global model version. Depending on the
model tag received in a client request, the Server Manager
provides the latest version of the global model parameters,
if a newer version is available. Otherwise, the client request
waits for the Aggregator to release a new global model up-
date. The clients receive the latest global model and train it
using their local data for a predetermined number of rounds
before they are allowed to send model updates. By default,
AdFL employs FedAvg for aggregation, but it can accom-
modate other aggregation techniques. In addition, existing
solutions (e.g., differential privacy (Yang, Huang, and Ye
2023; Qi, Wang, and Huang 2024)) could be integrated in
the system to protect against gradient-based attacks.

The AdFL server hosts the AdFL client scripts that are
accessible to the users’ browsers for download. The home
page of the publisher’s website (and potentially other pages)
contains a script that initially communicates with the AdFL
server to download the required scripts for in-browser com-
putation at the client side.

3.3 AdFL Client

Since AdFL is designed to work in the browser, most of the
complexity is in the client software. The AdFL client com-
prises five essential components, as depicted in Figure 2:
the Session Manager (SM), the Data Collector (DC), the Ad
Utility (AdU), the Data Preprocessing and Storage (DPS),
and the Model Utility (MU). These components are imple-
mented as scripts and are retrieved from the server. Upon
the initial page request of a user session, the SM script is ex-
ecuted first, subsequently downloading the remaining com-
ponents, which persist in the browser as long as the user
remains on the publisher’s page. The SM initializes the stor-
age and invokes the DC, AdU, and MU. The DC is executed
to collect contextual data on each page the user navigates to
on the publisher’s site. With the loading of an ad on a page,
the AdU is executed to capture the ads data. Both DC and
AdU send their data to DPS for data processing and subse-
quently send the output to SM for storage. The MU oversees
the model and its configuration settings and begins the train-
ing process according to its configuration. It is also activated
by AdU for model inference.

The components of the AJFL client are systematically di-
vided into modules, ensuring that data collection exhibits
distinct recurrence intervals for contextual data compared
to ad data. Contextual data is updated upon page requests,
whereas ad data undergoes multiple refreshes within a sin-
gle page view. Given that the data collected is in its raw form
and necessitates preprocessing tailored for specific subsets
of the entire dataset, the DPS encompasses diverse data pro-
cessing techniques and compiles each dataset record appro-
priately. Executing the model involves several subsequent
tasks and specific configurations; hence, the MU consoli-
dates all model execution-related tasks into a singular unit.
In the following, we detail each of these components.

Session Manager (SM) SM manages AdFL client ses-
sions, each comprising multiple user visits to the same
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Figure 2: In-browser AdFL Client Design

publisher’s pages within a set timeframe. It oversees load-
ing/unloading of AdFL components and browser storage.
On the first page request of a session, SM loads script-based
AdFL components from the server. AdFL stores data sam-
ples, session details, configurations, and model parameters
in browser storage. SM deploys the database schema, han-
dling all read/write operations and ensures all data is saved
before unloading a webpage.

Data Collection (DC) DC captures browser data, includ-
ing page, user, and session details, storing them in raw
and preprocessed forms for efficient processing. It has three
modules: contextual data collector, static data module, and
session data aggregator. The contextual data collector gath-
ers user and page information such as user agent, cookies,
browser type, OS, URL, and page content. This data is sent
to DPS for preprocessing, and stored by the static data mod-
ule, which stores unchanging data for ads to avoid repetitive
collection, as user and page data usually remain static unless
the user changes their browser or system.

Session data characterization is limited to the active ses-
sion, causing incomplete user-page pattern representation.
The session data aggregator addresses this by integrating
features from current and past sessions. The DC must store
raw records of previous sessions in browser storage, includ-
ing page requests and timestamps. When a new session be-
gins, these records are retrieved, user-page patterns are cal-
culated and preprocessed, then the updated data is temporar-
ily stored before being saved for long-term use.

Ad Utility (AdU) AdU collects ad-specific features and
metrics to prepare data samples for model training and in-
ference. Given the time-sensitive nature of online ads, AdU
is designed to efficiently capture this data immediately as the
ads load.

AdU records data from online ads on visited pages, cap-
turing refreshed ad instances. It tracks metrics like ad viewa-
bility and compiles these into data features for each ad sam-
ple. Additionally, AdU triggers the MU to perform inference
on the ad sample and awaits results. The invoker then uses
these results to perform publisher-defined actions, such as
modifying the ad’s refresh interval causing the current ad to
expire sooner than scheduled or extend beyond schedule.

The recorder module utilizes standard browser APIs, par-



ticularly event listeners, to gather data and metadata related
to online ads. Event listeners monitor specified events on
designated target HTML elements, activating a predefined
function when such an event occurs. When an ad loads, the
event listener for that ad placement is triggered, capturing
the necessary data and initiating the metrics module to es-
tablish its event listeners for that ad instance. These metrics
are event listeners to monitor interactions with the ad. For
example, the ad metrics listeners are activated when the ads
meet the conditions for viewability metrics. This event trig-
ger confirms positive labels for the metrics and then commu-
nicates the metrics label and ad identifier to DPS through the
send data module. Both the recorder and metrics modules
transmit their respective data independently for processing.

To distinguish the categories and purposes of ad data
transmitted from AdU for data preprocessing request, the
module responsible for sending data attaches particular flags
to the request. This enables the DPS to interpret the data as
belonging to one of three categories: storage, update, or in-
ference. The storage flag indicates that a new data sample
should be saved to the browser storage after preprocessing.
The update flag signifies that the data contains new metrics
related to a previously transmitted data sample, identified
by a unique ad identifier. The inference flag indicates that
the data is intended for model inference, requiring a pre-
processed copy to be sent back to the trigger model module
while retaining another copy for storage.

The trigger model is responsible for initiating inference
for each loaded ad. For every ad instance, 1) it retrieves
the preprocessed data sample from the DPS component, 2)
sends the data sample to the MU by triggering an inference
request, and 3) receives the prediction from the model, pass-
ing it to the invoker. For example, the predictions from the ad
viewability model are used to adjust the ad refresh rate. The
refresh rate, typically set to 30 seconds, dictates how long an
ad remains displayed before a new instance is loaded. If the
model predicts an ad as non-viewable, the refresh rate is ad-
justed, allowing for more relevant ads to be shown to users.
This dynamic adjustment improves the ad mechanism, be-
yond just the impression, and user engagement, ultimately
leading to increased revenue for the publisher.

Data Preprocessing and Storage (DPS) DPS enables the
preprocessing of raw data collected within the browser, typ-
ically sourced from DC and AdU. Furthermore, DPS sup-
ports the compilation and preservation of dataset records.
DPS is composed of two submodules: feature preprocessing
and retainer. The feature preprocessing is tasked with pro-
cessing the raw data received from DC and AdU, ensuring
that the data is properly prepared for training. The retainer
stores the processed data within the browser by employing
the SM’s local storage module.

DPS uses a predefined list of features, allowing the model
designer to regulate them. This list includes each feature’s
name, preprocessing methodologies, and attributes such as
maximum, minimum, or default values necessary for spe-
cific preprocessing techniques. For instance, the feature pre-
processing module uses MinMaxScaling to transform the
page height, using given attributes by the model designer.

Meanwhile, hashing is applied to categorical string values,
like the browser’s user agent, independent of the feature’s
attributes and dataset values.

DPS uses the retainer module to maintain processed data
in the browser by assembling data samples. Each sample
contains lists of values for ad features, including contextual
and ad data with metric labels. These samples are sent to
SM for storage and a copy is returned to AdU for inference if
flagged. The retainer module obtains processed ad data from
AdU and contextual data from DC to complete the feature
set. Initially, ad metric labels are set to negative, indicating
unmet conditions. When metric updates arrive, the retainer
forwards the information to SM to update browser storage.

Model Utility (MU) MU serves model training and infer-
ence, allowing model designers to load and deploy mod-
els with predefined configurations. Through these configu-
rations, model designers establish data dynamics, model ar-
chitecture, and device conditions to optimize training and
inference processes. Data factors include sample quantity,
distribution, label count, temporal relevance, and sampling
methods. Designers also have control over model dimen-
sions, training intensity, early stopping, model history, and
versioning. Device performance is optimized by considering
battery, memory, and computational power, ensuring high-
quality training and inference.

When the configuration conditions are met, the MU starts
the training process by obtaining data from SM, and split
the data typically to training, validation, and testing subsets
After loading the latest global model from AdFL server and
using the model version kept in cookies, MU performs the
training for the given number of rounds. The MU then saves
the model in the browser and sends the local model parame-
ters and version tag to the server.

4 Data and Model Design

To demonstrate AdFL, we collected user, page, and ad data
from a real publisher website and built a proof-of-concept
model executed on top of AdFL. This section presents the
dataset attributes, preprocessed features used as model input,
and the model architecture.

4.1 Data features

The data attributes are generally independent of the pub-
lisher and are classified into four categories: user, page, ses-
sion, and ads. Table 2 provides a summary of these data at-
tributes and outlines the categories of Personally Identifiable
Information (PII) contained within each category. AdFL is
capable of utilizing these PII data attributes for local model
training, without leaving the browser.

The session data, which encapsulates the users’ page visit
history, is not directly captured but derived from accumu-
lated metrics such as the number of pages visited and the
duration since the last visit. AdFL computes this session
data for each data sample in relation to prior visits, see Sec-
tion 3.3 for more. The user-related data comprises identifiers
such as browser versions, user agents, operating system, and
IP addresses. The content data encompasses elements such
page titles, content, and URL.



Category[# Features|[PII Categories (¥#)

User 22 Identifiers (6), Location (3)
Page 16 Personal Attributes (3)
Session 28 Identifiers (3), Behavioral (4)
Ad 33 Identifiers (5)

Table 2: Model Features and PII Categories

AdFL uses event-driven triggers and the browser API to
track ad loading and refreshing. Ads are generally hosted
externally and retrieved via iframes, with cross-origin poli-
cies limiting content visibility. While AdFL captures ad cre-
atives in real-time, manual feature engineering is needed to
extract insights, identify the ad tech agency, and understand
metrics. A key element in ad creatives is the activation link,
which loads the ad content and alerts the ad tech agency of
a successful bid.

4.2 Model Design

We designed a lightweight proof-of-concept model, engi-
neered to execute inference in real-time during the ad load-
ing phase within the browser environment. The primary aim
of this model is to forecast the duration of ad viewability
following deployment. Typically, an ad lasts thirty seconds;
however, AdFL’s invoker, as noted in 3.3, can adjust this by
changing the interval refresh rates, which could boost pub-
lisher revenue by optimizing ad display time and triggering
load of ads that are of higher interest to the user. Similarly,
other models and use cases can be built using the data cap-
tured by AdFL, which is general for most online ads.

The invoker is organized according to input types, com-
prising numerical, binary, and categorical data, as illustrated
in Fig. 3. The input is partitioned according to data type.
Given the feature processing supported by AdFL, we apply
hash encoding to categorical features and MinMAX scaling
to numerical ones. Consequently, our model receives 3 bi-
nary, 14 numerical, and 9 categorical features as inputs. The
model architecture uses input layers that connect to dense
layers for both numerical and binary features, while cate-
gorical features pass through embedding layers followed by
flatten layers. These processed inputs are then merged using
concatenation layers. After this fusion, five hidden layers are
sequentially connected, ending in the final output layer. La-
bels are extracted from browsers and incorporated into the
data samples for training. The implementation of these la-
bels generally adheres to standard definitions, such as IAB
viewability and attention 3.

The metrics selection for the model is at the publisher’s
discretion. We propose a framework using ad viewability as
a key metric for effectiveness in reaching audiences and en-
hancing brand visibility. For instance, car ads aim for vis-
ibility, not immediate sales. Similarly, ads for car accident
lawyers or government projects prioritize brand visibility
where online conversion is not the aim. Furthermore, met-
rics for user interactions such as hovering, dwell time, and

3https://www.iab.com/wp-content/uploads/2024/08/
IAB_Attention_Measurement_Explainer_August_2024.pdf
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Figure 3: Model Design

webpage scroll depth can also be supported by AdFL.

Additional metrics such as click-through rate, user atten-
tion, and post-click conversion rely on the publisher’s ca-
pacity to monitor ad interactions beyond the initial session,
which may involve accessing data from advertisers or third-
party ad servers. In these scenarios, AdFL can address the
issue in two ways: first, the publishers can transmit this data
to the user’s storage and integrate it into the learning process
in the browser. Alternatively, the publishers may design the
model to partition user-related layers for browser-side exe-
cution, while managing external data processing on layers
within the publisher’s server. In either approach, user data
remains confined to their respective browsers.

Aggregation: Aggregation refers to the process by which
local model updates are combined at the server-side. Each
instance of aggregation constitutes a round and results in
an updated global model. During the aggregation of local
model parameters into the global model, each round involves
participation from some or all users. The local model repre-
sents the user’s model post-update, achieved by training with
their individual data.

In AdFL, each client ¢ uploads its trained model param-
eters ©;, and the AdFL server aggregates the models using
the FegAvg technique. FedAvg takes a weighted average of
all models, using the size of each client’s dataset as a weight
to give more importance to models trained on larger datasets.
In Equation 1, ®; denotes the model parameters from the i-
th client, p; represents the size of the dataset, and N is the
total number of clients. Clients can download the aggregated
model parameters ®* and use the model on their future data.
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In our implementation, we use libraries and APIs that are
compatible with modern browsers. We implement AdFL us-
ing JavaScript for the client software and host the scripts
at the server. Once the AdFL client is loaded to the user’s
browser, it leverages the browser’s API such as the Event
Listener and MutationObserver 4 for monitoring data load-
ing and element attribute or content modifications to facili-
tate data collection. The AdFL client utilizes IndexedDB 3

(D

“https://developer.mozilla.org/en-
US/docs/Web/API/MutationObserver, CC BY-SA

Shttps://www.w3.org/TR/IndexedDB-2/, W3C Document Li-
cense



for storing data in the browser. For model training and infer-
ence, the AdFL client employs TensorFlow.js version 4.21
that is a downloadable script library and does not require
permission to run.

The AdFL client maintains data samples in a key-value
format throughout the collection, processing, and storage
processes. The components of the AJFL client interface with
IndexedDB via the SM component. Algorithm 1 shows the
pseudocode for running the AdFL client in the browser. The
SM initializes the IndexedDB (Alg 1 Line 2), using a desig-
nated name and establishes the following data stores: ‘pro-
cessedData’, which retains data samples; ‘configuration’,
which contains model configurations and AdFL preferences;
and ‘sessionData’, which records temporal session data and
the data of page requests from previous user visits to the
publisher’s site. These stores’ names are used to load or store
corresponding data as shown in line 6, 8, 15, and 20 of Al-
gorithm 1. The configuration, specifically maintained within
’config’ as referenced in line 2, is utilized by all additional
components. It is applied in line 3 for the setup of event lis-
teners for ads, in lines 5 and 12 for the capturing of defined
features, and in lines 7, 9, and 13 for both the computation
and preprocessing of features.

Algorithm 1: AdFL’s Ad Capture and Inference

1: Inmitialize: Load to the browser AdFL Client and Ads
2: config < initSM () {//trigger to init other components}
3: setAdMonitoring(config['adPlacesList’]) {//such as
*adplacementTop’ }
: Capture Contextual data and setup the session data
. user PageData < capture_context Data(
config[ context'])
6: prevSession < load_IndxdD B('sessionData’)
7: currSession < computeSession(user PageData,
prevSession, con fig| session’])
8: store_IndxdD B(currSession,’ sessionData’)
9: contxtFeatures < preprocess_data(user PageData,
currSession, con fig[' Features'])
10: while isTheSamePage() do
11:  Capture and preprocess ad data:
12:  adData + capture_adData(con fig|'adData’))
13:  adFeatures < preprocess_data(adData,
config| Features'))
14:  newAdSample < concat(adFeatures,
contzrtFeatures)
15:  store_IndxdD B(newAdSample,’ processedData’)
16:  Perform inference:
17:  async invoker(tigger Model(newAdSample))
18:  Capture Ad’s Metrics:
19:  if metrics = MetricsReceived() then
20: update_IndxdDb(metrics, newAdSample,
"processedData’)

W

21:  endif
22:  wait_for_next_ad()
23: end while

We conduct data validation and processing in the DPS’s
feature processing module, using predefined features and as-
sociated metadata for preprocessing. Due to limited access
to complete datasets in FL, we use data-independent meth-
ods effective across users’ datasets, such as hash functions,

MinMax Scaling, and default values for missing data. These
functionalities are encompassed within ’preprocess_data’
and are utilized in algorithm 1 on lines 9 and 13.

Publishers enable ads by allocating specific web elements
within predefined locations on a webpage. These elements,
such as <div> tags, are assigned unique identifiers (e.g.,
id="adplacementTop”) and shared with the ad server. The ad
server incorporates these identifiers into its scripts to load
ads into the specified <div> elements on the page. This
ensures the ad server’s script knows precisely where to load
the ads. AdJFL operates within this framework, utilizing the
same list of identifiers to enable ad monitoring and set up ad-
capturing mechanisms as in line 3 of algorithm 1. AdFL does
not work with Ad Blockers. It is designed as an alternative
to Ad Blockers for publishers who would not show content
unless the users turn the ad blockers off. Since this is a lose-
lose proposition for publishers and users, AJFL protects user
privacy and allows publishers to increase revenue.

The AdU monitors ads in each designated ad placement
and throughout every refresh ad instance. Ads are inserted
to the webpage and remain there for a predetermined du-
ration known as the refresh rate, which is typically 15 sec-
onds. Utilizing the native browser API, mutationObserver,
the AdU monitors and records each instance of a new ad
being loaded onto the page, as in line 11-15 of algorithm 1.
It evaluates and records various ad metrics, including viewa-
bility, clicks, and attention metrics, as in line 19-20. The data
collected by the AdU includes the ad creative, the ad server
query ID, the dimensions of the visitor’s page, the dimen-
sions of the ad, the proportion of the ad relative to the page
dimensions, the placement ID, and the metadata concerning
the attributes of the ad’s nested containers.

Ads are rendered in the browser by initially loading the ad
creative script into the data attributes of the container, as an
intermediate stage prior to transferring the content to a se-
cured iframe. AdU captures the ad’s creative content during
this interim stage. However, the size of the content vary and
often provides limited information regarding the advertiser.
This captured content primarily constitutes metadata about
the ad, as it is filled with tracking and monitoring scripts.
Capturing the actual ad is difficult since adTech agencies and
advertisers employ unique methodologies in structuring and
obfuscating the ad creative.

Edge Cases: If ad blockers are present, AdFL logs ses-
sion data, minus the ads. This depends on the publisher’s
choice to serve users with ad blockers, either through a
browser extension or natively. To ensure content access,
publishers might require users to enable ads or subscribe. If
ads are enabled, AdFL operates fully with them; otherwise,
it runs minimal activities for future ad interactions.

For fault-tolerance, AdFL immediately stores data locally
to handle abrupt session terminations, enabling resumption.
AdFL stores model parameters at the server and keeps user
data in the browser, preserving information once trained on,
even if users or browsers do not retain data long-term.

AdFL offers cross-device compatibility, leveraging li-
braries and standard storage mechanisms endorsed by major
browsers for event triggers and local storage. AAFL employs
first-party cookies instead of third-party cookies, which are



restricted by certain browser environments.

6 Evaluation

This section presents the experimental evaluation of AdFL
and its proof-of-concept model. We conducted experiments
to assess AdFL’s feasibility in real-life by measuring its la-
tency during feature preprocessing, training, and inference.
Additionally, we measured the performance of the model to
understand if AdFL can indeed support models for online
ads with good accuracy. Furthermore, we conduct an evalu-
ation of AdFL’s performance with DP to understand the im-
plications of such privacy safeguards. Finally, we evaluate
the overhead associated with AdFL’s communication costs.

Currently, there is no FL framework that works in the
browser for online ads, as discussed in the Related Work.
Therefore, we focused on micro-benchmark performance to
understand AdFL behavior in real-time. Furthermore, we
compared our proof-of-concept model with a Centralized
Learning (CL) model. Centralized solutions, such as CL, are
the best in terms of revenue because they allow the publish-
ers/advertisers to target the ads, but they do not protect the
user’s privacy. AdFL on the other hand provides good pri-
vacy protection, while allowing providers to get a revenue
close to what they would get with centralized solutions. We
have publicly released the AdFL model and a sample dataset
in a repository .

6.1 AdFL Latency in the Browser

Experimental Settings. We evaluate the latency of AdFL’s
operations using desktop and mobile browsers. The desktop
setup uses the Edge browser on Windows 11 with a 64-bit
2.3 GHz CPU and 16 GB RAM (8 GB for the browser).
The mobile uses Firefox on a Samsung S21 running An-
droid with 8 GB RAM (4 GB for the browser). Using the
model configured as shown in Figure 3, we run feature pre-
processing, training, and inference ten times each and report
the average latency per operation on both platforms.

Desktop Mobile
Preprocess  0.0395 £ 0.0105  0.0514 + 0.0119
Training 378.086 + 16.916  468.986 £ 29.658
Inference 2.072 + 0.421 6.326 + 0.744

Table 3: Average Time for Preprocessing Features (ms/sam-
ple), Training (ms/round) and Inference (ms/sample)

Results. Table 3 shows that AAFL’s performance is feasi-
ble in real-life. As expected, we find superior performance
on the desktop, due to its more powerful resources. No-
tably, the preprocessing task exhibits the minimal latency.
This task was conducted on 65 features, with an average
data sample length of 4,957 and a standard deviation of 248.
Such preprocessing latency is considered feasible in a real-
time scenarios, where sequential processing of data samples
occurs concurrently with the loading of an ad’s data, and any
latency below 100ms is deemed acceptable.

Shttps://github.com/almrx/AdFL

Memory Overhead Desktop | Mobile
AdFL JS Memory Allocation | 51.24 47.23

After loading dataset 102.32 | 100.89
After training 223.65 | 191.64
After training and inference 23228 | 198.52

Table 4: JS Memory Usage (MB) at Different Training
Stages by Device

The inference latency is under 3ms for the desktop and un-
der 7ms for the mobile, which encompasses both the feature
preprocessing and the inference execution on the provided
ads data. This demonstrates that AdFL does not disrupt the
processes of loading online ads with significant overhead.
Furthermore, after inference, AdFL can operate in under one
second on an ad that generally remains active for 30 seconds,
suggesting that sufficient time exists to execute publisher-
defined invokers. These include predicting user engagement
and attention metrics with the ad or reducing display of ads
unlikely to be viewed due to being out of the viewport.

The training results show the execution latency per local
training round within the browser. Specifically, the model
undergoes 15 rounds of training employing user data, com-
prising 374 ads data samples. The average duration neces-
sary for training is less than 400 ms on desktop platforms
and under half a second for mobile browsers. This is feasi-
ble for any practical scenario.

Table 4 presents the memory utilization required to run
the AdFL script in the browser for both mobile and desktop
devices and having the same setup as in Table 3. It demon-
strates that AdFL utilizes approximately 50 MB out of the 4
GB and 1 GB of memory allocated for JavaScript on desk-
top and mobile devices, respectively. Furthermore, loading a
dataset comprising 374 ads, which amounts to less than 1.5
MB, incurs an additional 50 MB of memory usage beyond
that of AdFL. Subsequently, the model loading and execu-
tion of 15 training rounds necessitate approximately 100 MB
of memory, with an inference execution requiring roughly an
additional 10 MB. Collectively, these memory overheads ac-
cumulate to less than 200 MB for mobile devices and under
240 MB for desktop platforms, thereby rendering it feasible
to operate on most contemporary devices.

6.2 Model Evaluation

Experimental Settings. In this experiment, the global FL.
model is initialized at the server and then each client engages
in FL training using their data samples. To understand the
model performance degradation due to FL, which provides
improved privacy, we also run a centralized version of the
model (CL).

We collected two non-overlapping datasets of 10 days
and 30 days on a publisher’s website with weekly traffic of
about 280,000 visitors, including 180,000 unique visitors,
and 380,000 page views with 15,000 unique page views.
The site offers static content without user login and does
not store user data; thus, our datasets lacks user identifiers.
Ads are served via the Prebid ad server, focusing on ad data
and context. Having two datasets allows us to evaluate the
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Averaged 50 Users 100 Users 500 Users
Loss 0.4486+0.0016 0.5112+0.0042 0.54344-0.0020
Accuracy  79.214+0.32 75.554+0.71 73.691+0.23
AUC 87.364+0.12 82.96+0.24 80.78+0.13
Rounds 123.3£17.5 212.2+£49.2 252.0+62.1

Table 5: FLL. Model Performance across Different User Set-
tings (Input size = 27, Layers = 6, Parameters = 330K)

Model Settings CL10 CLS50 FL10 FL 50
AUC 87.49 89.19 8444 8736

Table 6: FL vs. CL Performance under Two User Settings

model’s performance with different amounts of data and to
assess whether the results are robust across different time
periods.

Figure 4 illustrates the range of the two dataset sizes
categorized by user groups (users are ranked according to
the size of their data). We segmented the data chronologi-
cally, and then split it into 80:10:10 for training, validation,
and testing. AdFL configuration allows the server to define
and transmit user selection criteria, such as data size, to the
client. As expected, the figure shows that users accumulate
more data over a 30-day period then over a 10-day period.

Results. Unless otherwise specified, the majority of the
results are for the smaller dataset to demonstrate that the
model performs well even with relatively low amounts
of data. Table 5 presents the performance metrics of the
model for varying user counts of 50, 100, and 500. The re-
sults demonstrate that the model achieves good performance
across several metrics. The slight decline in performance
with the increase in the number of users is due to the se-
lection of users for experiments based on their amount of
data (e.g., top 50 users have more data than the next 50 users,
etc.). In our experiment we collected data over a limited time
period, but in real-life we expect each user to have more data
than in these experiments. Therefore, the performance will
be closer to the one achieved in the experiments for 50 users.

Figure 5 illustrates the convergence behavior of the model
when trained with 50, 100, and 500 users. The model em-
ploys an early stopping mechanism, with patience parame-
ters set at 7, 11, and 20 based on the validation loss, respec-
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Figure 5: Convergence Rate for FL with Different # of Users

Noise (¢)  Rounds Loss AUC Comm (MB)
0.1 117 0.5519  78.59 11797.41
0.5 180 0.5426  79.74 18177.13
1.0 263 0.5330 80.33 26582.15

Table 7: FL Performance using Differential Privacy (comm
is for communication)

tively. Notably, the dataset comprising 50 users represents a
smaller user base with a well-balanced distribution of data.
Conversely, the group with 500 users exhibits slower conver-
gence. This category includes a substantial number of users
with a minimal amount of data, beginning from 50 samples
per user. Consequently, the overall data quality among par-
ticipants improves the model’s convergence efficiency.

Table 6 presents a comparison between the FL and the
centralized (CL) version of the model to understand the FL.
degradation of performance vs. CL (i.e., the cost of privacy).
The model parameters are the same as in Table 5. The 10
users in the FL experiment are the users with the most data.
CL10 and CL50 merge the users for FL.10 and FL50 into one
dataset. AUC is recorded at the end of the training, which
includes 100 rounds, with early stopping parameters set be-
tween 7 and 11 rounds of patience. The results demonstrate
that the FL. model on top of AdFL achieves good perfor-
mance compared to the CL model, within a few percentage
points.

While FL protects the local data of the users by design,
the local model parameters can be used by the server to in-
fer user-related data. A standard method to protect the local
model parameters is to use Differential Privacy (DP). Ta-
ble 7 illustrates the performance of the model involving 50
users under three DP levels, with the noise € ranging from
0.1 to 1. This table provides a comparison using the ap-
plied noise, the number of global rounds, the global loss,
the global performance (AUC), and the total cost of the data
communication round expressed in megabytes (MB). An in-
crease in the noise enhances the privacy of the model pa-
rameters and diminishes the capacity to infer individual user
information. The model configuration is consistent with that
outlined in Table 5. Overall, the performance of the model
is still good, with a modest decrease in performance com-
pared to the version without DP (i.e., the cost of stronger
privacy). The experimental findings reveal that higher noise
levels require additional rounds, consequently increasing the
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communication costs. The privacy cost when comparing the
lower noise € = 0.1 and the higher noise € = 1 shows a 2.3-
fold increase in the number of rounds required. Furthermore,
the study demonstrates that an increased number of rounds
contributes to enhanced model performance, as indicated by
AUC and loss decline.

To identify the key features for model efficacy, Figure 6
employs the SHAP method to rank these features. The top
ten features are categorized into ad, customized, session,
user, and page categories (not shown). Customized features
encapsulate specific metrics captured once during data col-
lection, as opposed to labels, which necessitate a temporal
condition. Features related to ads are the primary contrib-
utors to ad metrics, followed by customized, session, and
user features. Conversely, page-related features are among
the least consequential. Thus, AdFL’s effort in collecting ad
specific data is proved to be critical.

We performed a number of ablation studies to explore
versions of the viewability-tasked model based on sizes and
data inputs. Model versions included neural network layers,
embedding layers, attention layers, and data segmentation.
A BERT-based (Antoun, Baly, and Hajj 2020) model was
used for embeddings with textual inputs. Among configura-
tions, the neural network layer excelled, with the fully con-
nected model achieving an AUC of 87.55% on the 10-days
dataset, which include 50 users with dataset as refer to Fig-
ure 4a. Additionally, this lightwight model, referred to as
miniModel and described in Section 4.2, shows better per-
formance than the same model with LSTM, Attention, and
embedding layers. This model was thus used in the previ-
ous experiments because it is ideal for online advertising,
as it requires less data and can run on resource-limited de-
vices. The miniModel is designed to utilize a minimal set
of features for input, and it employs the Adam optimizer
without the imposition of a fixed learning rate. Experimen-
tal evaluations using learning rates of le-2, le-5, and le-6
revealed that the optimizer showed more effective conver-
gence in the absence of a fixed learning rate within our ex-
perimental setup.

Figure 7 shows the comparison of model performance
(AUC and accuracy) across the two datasets. We observe
that the 30-days dataset leads to better performance, because
each individual user has more data (as shown in Figure 4).
Furthermore, since the datasets were collected at different
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times with no overlap, the results demonstrate that the model
achieves robust performance over time.

6.3 Discussion

This work aims to enhance user privacy in the realm of on-
line advertising, and it is aligned with existing policies and
regulations, thereby respecting user rights and potentially
yielding a positive impact on society.

Regarding the limitations, the experimental data is con-
fined to a particular publisher and its audience. Nonetheless,
as long as enough data is available per user, we do not ex-
pect significant deviations in the results for other publishers,
as the main model features are derived from ads rather than
contextual information.

In terms of communication cost, AdJFL requires com-
munication only during model download and updates, with
model size impacting communication costs. These costs are
part of the FL privacy trade-off and should be manageable
with current browser resources. A model with 330,000 pa-
rameters (~1.5 MB) incurs about 3 MB per round trip. As
shown in Table 5, an FL model with 50 users, each con-
tributing over 123 rounds, totals around 370 MB over mul-
tiple sessions. Typically, a user in a session participates in a
dozen rounds due to time limits, resulting in an average data
transfer of around 30MB, which is generally acceptable.

7 Conclusion

This paper presented an end-to-end FL system for in-
browser online ads, covering data collection, preprocess-
ing, model training and inference. Our experimental results
demonstrate that AdFL works well in real-time, which is
important for the latency perceived by users. In addition,
the proof-of-concept ad viewability model on top of AdFL
achieves good performance, which makes is usable in appli-
cations that aim to better match ads with user interest and
thus increase the publisher’s revenue. Therefore, AdFL rep-
resents a promising practical solution toward balancing user
privacy with publisher’s revenue for targeted ads.
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