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Abstract

The rapid increase of Internet of Things (IoT) systems across several domains has
led to the generation of vast volumes of sensitive data, presenting significant chal-
lenges in terms of storage and data analytics. Cloud-assisted IoT solutions offer
storage, scalability, and computational resources, but introduce new security and
privacy risks that conventional trust-based approaches fail to adequately mitigate.
To address these challenges, this paper presents MOZAIK, a novel end-to-end
privacy-preserving confidential data storage and distributed processing architec-
ture tailored for IoT-to-cloud scenarios. MOZAIK ensures that data remains
encrypted throughout its lifecycle, including during transmission, storage, and
processing. This is achieved by employing a cryptographic privacy-enhancing
technology known as computing on encrypted data (COED). Two distinct COED
techniques are explored, specifically secure multi-party computation (MPC) and
fully homomorphic encryption (FHE). The paper includes a comprehensive analy-
sis of the MOZAIK architecture, including a proof-of-concept implementation and
performance evaluations. The evaluation results demonstrate the feasibility of the



MOZAIK system and indicate the cost of an end-to-end privacy-preserving sys-
tem compared to regular plaintext alternatives. All components of the MOZAIK
platform are released as open-source software alongside this publication, with the
aim of advancing secure and privacy-preserving data processing practices.

Keywords: Internet of Things (IoT), Secure Data Collection, Privacy-Preserving
Machine Learning Inference, Secure Multi-Party Computation (MPC), Fully
Homomorphic Encryption (FHE), Data Intermediaries

1 Introduction

The pervasive deployment of versatile Internet of Things (IoT) systems in daily life,
such as in healthcare [1], smart cities [2, 3], and smart homes [4], continuously gener-
ate vast amounts of high-definition images, videos, and sensor data. Massive IoT data
demands substantial storage and high-performance computation power, often exceed-
ing the capabilities of typical users or IoT devices [5]. To address this, cloud-assisted
IoT leverages the cloud’s computational and storage capabilities, providing additional
conveniences as a data intermediary. However, this added convenience also intro-
duces new security risks, including data loss and unauthorized access, which present
significant challenges in developing secure cloud-assisted IoT systems. Conventional
security mechanisms [6] are insufficient to address these risks, and trust-based [7, 8]
approaches fall short in providing adequate security, exposing users to privacy risks
and companies to liability and reputational risks. Additionally, as data intermediaries,
companies must fulfill their obligations under the Data Governance Act (DGA) while
also adhering to the General Data Protection Regulation (GDPR) when handling per-
sonal data from users inside the European Union. Moreover, ensuring privacy through
data anonymization and obfuscation in IoT environments proves impractical, partic-
ularly for dynamic operations such as insertion and deletion. This challenge becomes
even more pronounced when outsourcing storage or computation to the cloud, where
these privacy measures fail to provide provable security [9]. Consequently, the absence
of secure and reliable data-sharing and analytics platforms, coupled with the lack of
privacy-compliant analytics for personal and proprietary data, hinders the growth of
a data-driven market and economy. In turn, this significantly restricts data sharing
and technological innovation.

To tackle these challenges, the MOZAIK research project [10] proposes an end-
to-end confidential data storage and distributed processing solution for IoT-to-cloud
scenarios. This paper presents an in-depth exploration and evaluation of MOZAIK’s
novel architecture, which ensures that data from IoT devices is encrypted before
leaving the user’s control, remains encrypted while being securely stored in an
ToT-data-focused cloud-based data store, and is processed using privacy-preserving
machine learning inference without revealing the plaintext to any single entity in the
system. To achieve this, MOZAIK leverages privacy-enhancing technologies (PETS),
enabling data owners to securely share sensitive data with data processors without



compromising privacy. While real-world systems often rely on statistical PET tech-
niques such as differential privacy, synthetic data generation, and federated learning,
MOZAIK employs cryptographic PET techniques. More specifically, computing on
encrypted data (COED), that offers robust cryptographic security guarantees to data
owners. MOZAIK integrates two key COED techniques, multi-party computation
(MPC) and fully homomorphic encryption (FHE), ensuring end-to-end secure privacy-
preserving data processing. To the best of our knowledge, MOZAIK is the first fully
end-to-end confidential IoT data storage and privacy-preserving processing platform.

This paper substantially expands upon two of our previously published conference
papers [11, 12], providing an in-depth and detailed analysis of the MOZAIK sys-
tem, presenting significant advancements and novel evaluation results and insights. It
includes notable progress and improvements made to the system’s architecture, and a
proof-of-concept implementation of all its components. We further provide both end-
to-end and micro-benchmark evaluations to assess the performance and overhead of
the proposed end-to-end privacy-preserving confidential data storage and processing
solution. Specifically, our contributions in this paper are as follows:

® Design a novel system architecture to enable scalable and end-to-end secure privacy-
preserving computation and analytics on sensitive IoT data.

® Demonstrate the system’s feasibility by applying a specific real-life use case as an
implementation on top of the system’s architecture.

e Evaluate the performance overhead of the designed system in comparison to non-
privacy-preserving processing techniques by conducting end-to-end benchmarks and
micro-benchmarks of specific system components.

® Provide the complete MOZAIK platform, its implementation, and all its components
as open-source software in the following GitHub organization [13].

The remainder of this paper is structured as follows. We begin by positioning
our work within the existing literature in Section 2. Then, we introduce key con-
cepts and the required background, including mathematical notation, in Section 3.
Section 4 describes the design and implementation of the system’s architecture, detail-
ing the functionality of each component and how they communicate with each other.
In Section 5, we introduce a specific use case that was implemented as a practical proof
of concept to validate MOZAIK’s architecture design. The implementation details spe-
cific to this use case are described in Section 6. In Section 7, we assess the performance
and overhead of the system using both end-to-end benchmarks and micro-benchmarks.
Finally, we conclude the paper in Section 8.

2 Related Work

A broad spectrum of platforms has been proposed for privacy-preserving data sharing
and processing, particularly in contexts of healthcare, edge devices, and decentralized
marketplaces. These works often address only isolated phases of the data lifecycle or
rely on centralized trust models, limiting their applicability in fully privacy-preserving
systems.



The “MHMD: My Health, My Data” project [14] and the work by Shafagh et al. [15]
both present a distributed ledger-based platform focusing on access control features
and data management for medical and IoT data, respectively. However, neither system
offers mechanisms for protecting the privacy of the underlying data during processing.
In contrast, our work explicitly prioritizes data confidentiality, ensuring end-to-end
secure data processing while the user maintains control over their data throughout its
lifecycle.

A more privacy-focused approach is taken by Agora [16], which leverages functional
encryption to achieve input privacy during smart contract execution on blockchain.
However, Agora depends on a trusted third party for key generation, and like many
such systems, it does not address the problem of secure data ingestion or long-term
storage privacy. Niu et al. [17] similarly employ partially homomorphic encryption
to enable privacy-preserving data markets, but their reliance on a central authority
holding the decryption keys weakens output privacy and introduces a single point of
trust. In our work we propose an end-to-end secure data processing platform based on
cryptographic techniques, removing the need for a central entity with access to any
unencrypted plaintext data.

Several projects use secure multi-party computation to enable collaborative,
privacy-preserving processing. The KRAKEN platform [18, 19] adopts MPC to protect
data during processing. Likewise, Veeningen et al. [20] present an MPC-based sys-
tem for secure medical analysis, supplemented by GDPR compliance considerations.
However, they rely on intermediate entities, such as hospitals or general practitioners,
where data is stored or transmitted in the clear prior to computation, thus leaving the
early stages of the data pipeline unprotected. Januszewicz et al. [21] explore secure
aggregation in streaming scenarios using functional encryption-like techniques, but
their work focuses on a narrow computation model and does not incorporate secure
data collection.

A more comprehensive privacy model is discussed by Golob et al. [22], who combine
MPC with differential privacy to protect both input and output privacy during pro-
cessing in a decentralized marketplace. Nevertheless, their platform does not specify
secure data collection mechanisms and remains focused on processing in isolation.

With regard to secure computation over encrypted data, a tremendous number
of works have recently emerged, offering solutions across various deployment set-
tings [23, 24]. Many MPC-based solutions target the outsourcing setting, where inputs
are distributed among computing parties performing machine learning (ML) inference.
While often more efficient, such works typically lack integration with data providers.
Another line of research considers the client-server scenario, in which a client holding
the query and a server owning the ML model engage in secure computation directly,
typically via FHE or hybrid FHE-MPC schemes [23, 24]. However, these approaches
include the client device as part of the computation cluster, thereby imposing undesir-
able overhead on the client side. Our work integrates these approaches by leveraging
the more efficient outsourced secure processing and tackling the data lifecycle end-to-
end, from collection and storage to processing, while minimizing the overhead on the
client-edge devices.



Several works focus specifically on distributed computation involving IoT devices
and cloud servers. CryptDNN [25] presents a cloud-edge-client architecture based
on a hybrid model combining fully homomorphic encryption with searchable sym-
metric encryption. The authors focus particularly on the efficiency and accuracy
of the underlying computation primitives but provide limited analysis of the com-
plete data lifecycle. In contrast, our work emphasizes a scalable, end-to-end secure,
privacy-preserving storage and analytics platform for sensitive IoT data.

Similarly, the work of Yang et al. [26] is set in the cloud-edge setting under a hybrid
FHE-MPC model combined with differential privacy. Their focus is ML training: an
edge server performs shallow training on encrypted data using FHE, after which cloud
servers combine models via weighted averaging to form an aggregated model. This
aggregated model is then used to perform learning over secret shares to obtain the
final target model. While their approach supports privacy-preserving model learning,
it does not address secure data collection, storage, or privacy-preserving analysis via
model inference. Our approach, by design, does not train models, but focuses on end-
to-end secure collection, storage, and analysis of sensitive data using a pre-trained
model supplied by a model provider.

PrivESD [27] proposes a privacy-preserving logistic regression framework in a
cloud-edge collaborative architecture, targeting encrypted streaming data. It leverages
multi-key fully homomorphic encryption to enable computation over data encrypted
under different keys, mitigating collusion risks. By distributing computation between
edge nodes and the cloud, PrivESD reduces computational complexity and com-
munication overhead while maintaining confidentiality. However, it primarily targets
privacy-preserving model training on streaming data. Our work, instead, supports con-
tinuous analysis of encrypted sensitive streams by enabling privacy-preserving model
inference on individual data points or small micro-batches as they arrive.

In contrast to the above works, our approach addresses privacy and security across
the entire data lifecycle, from the moment data is generated and collected, through
encrypted transmission and privacy-preserving processing, to secure and verifiable
storage. Unlike systems that isolate data protection to a single phase or depend on
trusted third parties, our architecture ensures that no stage of the pipeline is exposed
to unprotected handling or centralized control. Furthermore, our design effectively
minimizes the computational and communication overhead on client-edge devices
through the use of lightweight cryptographic schemes. This end-to-end, cryptographi-
cally grounded design provides a scalable and secure framework suitable for real-world
deployments in untrusted environments, filling a critical gap left by existing solutions.

3 Background

This section provides essential background information and key concepts to help the
reader better comprehend the continuation of the paper. To begin, we briefly famil-
iarize the reader with the various notations used throughout this paper. Afterwards,
we provide background information on data processing platforms, secure multi-party
computation, and fully homomorphic encryption.



3.1 Notation

For this paper we use the notation of P; € P for party . Let £,n > 1, we denote the
ring of integers modulo ¢ with Z,. and let GF'(2") be a field extension of Z,. We use
z||y to denote concatenation of bits/strings. We denote the uniformly random sampling

from a finite set A between parties ¢ and j as & A. Such sampling is implemented
using pseudorandom functions (PRFs), as described by Furukawa et al. [28]. We refer
to an MPC protocol that performs a functionality f as Ily.

We briefly recall the syntax and semantics of symmetric and asymmetric authen-
ticated encryption. Informally, a nonce-based symmetric authenticated encryption
scheme consists of two algorithms:

o ctf « Enci(m, N, ad): Encrypts a message m under the secret key k with associated
data ad and nonce N, and produces a ciphertext ct¥,.

® m/ L1 < Deci(ctt,, N, ad): Decrypts the ciphertext ct® with the secret key k and
associated data ad. This operation only returns the original message m if ct®, was

encrypted under the same (k, N, ad). Otherwise, it returns failure (L).

Similarly, an asymmetric authenticated encryption scheme for a private-public key
pair (SK, PK) consists of:

o ctPK < Encpk(m, ad): Encrypts a message m under the public key PK with
associated data ad and produces a ciphertext ct"K.

® m/ L < Decsk(ctPX, ad): Decrypts the ciphertext ct?X with the private key SK and
associated data ad. This operation only returns the original message m if ctPX was
encrypted under the same PK and ad. Otherwise, it returns failure ().

In the remaining part of this paper, we will always denote a symmetric secret key as
k and public/private keys as PK/SK. We use the notation ctX to denote the ciphertext
of message m under the key K, where K is either a public key or a symmetric key.

3.2 Data Processing Platforms

Large-scale data is everywhere, with significant data growth in both commercial and
scientific databases due to advancements in data generation and collection technolo-
gies. Data is gathered with the expectation that it will hold value, either for its
intended purpose or for unforeseen future uses. High-quality data has become even
more valuable with the recent advances in artificial intelligence (AI) and large lan-
guage models (LLMs) [29]. It is clear that simply storing data is insufficient to unlock
its full potential value. To extract valuable insights, data must be actively processed.
This need has driven the development of data processing platforms [30]. These plat-
forms are designed to efficiently manage, process, store, and analyze data from various
sources. They enable us to make data-driven decisions, improve overall operational
efficiency, and reduce costs. A data processing platform typically integrates multiple
components and leverages various technologies to handle the entire data lifecycle.

To ensure the effectiveness of data processing platforms, they need to be reliable,
scalable, and maintainable. The system should maintain its essential performance
levels despite of adversity, such as hardware or software faults, or even human mistakes.



As the load on the system increases, whether due to larger data volumes, higher
traffic, or greater complexity, there should be reasonable methods to scale the system
to maintain the desired performance without significantly increasing costs.

Data processing can be accomplished through batch processing, stream processing,
or a combination of both. Batched processing involves the collection and processing of
data in large predefined groups. This method is particularly effective for handling tasks
that do not require immediate processing results. Batch processing systems operate
by accumulating data over a period of time and start processing it all during off-
peak times, thereby optimizing the use of computing resources. Stream processing, on
the other hand, is used when near real-time results are required. A stream processor
operates on each data point shortly after they are ingested in the system, whereas
a batch job processes a fixed set of input data. Stream processing systems generally
have lower latency to process a single data point compared to batch systems, but
typically offer lower throughput than batch systems. A hybrid approach, known as
micro-batch processing, tries to find a balance between latency and throughput. Micro-
batch processing accumulates a smaller amount of data inputs and groups them in a
batch before processing them. This improves the throughput of the data processing
platform at the cost of a higher latency.

3.2.1 Obelisk

Obelisk is a cloud-based time series database (TSDB) and storage platform designed
and developed by researchers at the IDLab research group of Ghent University-
imec. It is specifically designed for scalable IoT data ingestion and querying. Obelisk
allows secured data ingestion, storage, streaming and retrieval through HTTPS REST
(REpresentational State Transfer) APIs. With regards to data transport, Obelisk
ensures server authentication, data confidentiality, and integrity towards its clients
(IoT devices, computation servers, end users, etc.) against third-party adversaries
through the use of the Transport Layer Security (TLS) protocol, a proven and widely
adopted cryptographic protocol designed to secure communication over a computer
network. Obelisk has been designed and implemented using an asynchronous, event-
based, microservice software architecture, intended to be deployed on a container
orchestration platform such as Kubernetes [31]. The microservice-based architecture
enables Obelisk to scale individual components under load horizontally, improving
reliability and performance [32].

In order to contextualize our proposed software architecture in the remainder of the
paper, we include a detailed overview of Obelisk HFS (High-Frequency Streaming).
Although Obelisk HF'S itself is not a novel contribution of this work, it serves as a
foundational component within our system design.

Obelisk HF'S is a version of Obelisk specifically designed for high throughput. It has
role-based access control (RBAC) built in, where specific permissions or dataset access
needs to be explicitly granted to each entity interacting with the platform. Obelisk
HFS consists of several microservice-based components, illustrated in the schematic
overview of Figure 1. The functionality of each component will be briefly summarized
below.
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Fig. 1: Architectural overview of Obelisk HFS. The system consists of five distinct
microservices: the ingest service, the sink service, the streaming service, the query
service, and Keycloak as the identity service. Ingested data is placed on a Kafka
message queue topic to be consumed by the sink and streaming service. Data is even-
tually stored in a Clickhouse data store. The Traefik API gateway ensures requests
are directed to the correct service.

API Gateway

All requests made to Obelisk HFS arrive at its API gateway, which delegates each
request to the correct service based on the HT'TP URI of the request. For example, API
requests with a URI of /ingest will be directed to Obelisk’s ingest service, whereas
requests with a URI or /query will be directed to the query service. The API gateway
uses Traefik [33] that serves as the ingress controller [34, 35] in a Kubernetes cluster.

Ingest Service and Message Queue

The ingest service is responsible for data ingestion. To handle high-frequency data
ingestion, only minimal processing is performed on each data point. Instead, the raw
data is immediately published to an Apache Kafka [36] message queue topic, and a 204
HTTP response is returned to the data producer to acknowledge that it successfully
received the data point. However, this acknowledgment does not guarantee that the
data point has been stored in Obelisk’s data store, as storage is handled asynchronously
by the sink service and may require a significant amount of additional time. Ingesting
data is thus an eventual-consistent operation. The rationale behind this design is to
minimize the time required to acknowledge receipt of a data point, ensuring that the



data producer is not unnecessarily blocked. Additionally, using a message queue for
incoming data enables support for streaming use cases.

Sink Service and Data Store

The sink service consumes data from the Kafka topic containing ingested data and
ensures that these data points are reliably stored in the ClickHouse [37] data store.
ClickHouse is a high-performance column-oriented database management system
designed for online analytical processing. It excels at handling large volumes of data
with fast query execution, making it well suited for real-time analytics and time-series
data.

Query Service

Once ingested data points are stored in ClickHouse, they are available to query through
the query service, which allows the filtering and retrieval of data from datasets. As
mentioned above, since data points are initially placed on a message queue before
being stored by the sink service, there is a delay between ingestion and when the data
becomes queryable.

Streaming Service

Similar to the sink service, the streaming service functions as an additional consumer
of the Kafka topic to which ingested data points are published. Rather than persisting
the data in ClickHouse, the streaming service selectively forwards each data point that
satisfies predefined criteria to subscribed clients using server-sent events [38]. Note
that the sink service continues to consume all data points for storage, regardless of
whether they are processed by the streaming service, ensuring eventual consistency.
When a client creates a stream, they provide specific criteria, such as receiving only
data points ingested in a certain dataset or those exceeding a threshold value. This
selective forwarding requires real-time processing of each data point by the streaming
service, thereby increasing system load relative to traditional poll-based querying.
Nevertheless, it facilitates low-latency, real-time data delivery, which is essential for
time-sensitive applications.

Identity Service

The identity service in Obelisk is responsible for securely authenticating clients. To
achieve this, Obelisk uses Keycloak [39], an open-source identity and access manage-
ment solution that provides a secure and low-effort authentication system. In addition
to authentication, Keycloak supports RBAC and more fine-grained authorization fea-
tures. However, in Obelisk HFS, Keycloak is used solely for authentication, while
authorization is managed by each service individually through configuration files.
This approach will be replaced in an upcoming version of Obelisk, where fine-grained
authorization will be handled using OpenFGA [40].

3.3 Secure Multi-Party Computation

Secure multi-party computation (MPC) is a cryptographic technique allowing multiple
parties to jointly compute a public function on their corresponding data, without



revealing their private inputs to any other parties. MPC protocols are designed to be
secure in the presence of a certain number of corrupted parties. The set of corrupted
parties denoted by A is assumed to be controlled by an adversary and may collude.
Let P be the set of the computing parties. If the number of corrupted parties an
MPC protocol tolerates is |A] < @, we say the MPC protocol is secure in the honest
majority setting. Otherwise, if the protocol is able to tolerate @ < |A| < |P|, we say
the MPC protocol is secure in the dishonest majority setting. We further differentiate
protocols’ security based on adversarial powers. A semi-honest, or passive, adversary is
not allowed to deviate from the protocol. Such adversary strictly follows the protocol
description but is curious to infer additional information from the data from their
view. A malicious, or active, adversary can arbitrarily deviate from the protocol, thus
manipulate any values or abort the execution at any time.

Many MPC frameworks work in the offline-online paradigm, where the computa-
tion can be split into two phases. The parties first engage in the input-independent
preprocessing phase (sometimes called the offline phase), generating correlated ran-
domness needed for the online phase. The parties can then run the online phase
efficiently executing only input-dependent operations.

When realizing privacy-preserving machine learning (PPML) inference using MPC,
we consider two types of approaches. In a 2-party computation (2PC), the client rep-
resents one MPC party with its private data sample to be queried, and the other MPC
party represents the ML server holding the trained ML model. Using 2PC, the par-
ties can compute the inference without revealing their inputs to each other. This is
often impractical due to the protocol overhead imposed on the client device. There-
fore, many recent approaches to PPML inference involve outsourcing the computation
to multiple independent third parties. In this approach, both the client and the model
owner split their inputs among the predetermined computing parties, who then com-
pute the ML inference using MPC. This ensures secure computation without revealing
any information about the private inputs.

There are various cryptographic primitives that can enable MPC. For details
regarding generic MPC primitives, we refer the reader to Evans et al. [41]. In MOZAIK,
the MPC protocols are based on a secret sharing technique. In secret sharing, each
party with a private input splits its secret into multiple parts and distributes these
among the computing parties.

3.3.1 Secret Sharing

In this work we will mainly employ replicated secret sharing (see Definition 1) either
over the ring Zye, for £ € N, or over the binary extension field GF(2"), for n € N.

Replicated Secret Sharing

We use replicated secret sharing (RSS) as a 2-out-of-3 secret-sharing technique
described by Furukawa et al. [28]. The secret is split among three parties, such that
any two parties can reconstruct the secret. Note that protocols employing RSS are
thus secure in the honest majority setting tolerating up to one corrupted party. We
use two variants of replicated secret sharing in this paper: arithmetic sharing over the
ring Zoe denoted as [-]* and boolean sharing over the field GF(2") denoted as [-]5.

10



Definition 1 (Replicated Secret Sharing). Let x € Zy:. We denote the arithmetic
replicated secret sharing of z as [2]*, where x = z1+x9+23 mod 2¢. Let z € GF(2").
We denote the boolean replicated secret sharing of = as [[x]]B, such that r = 21 Px2Dx3.
We define the share of party P; to be [z]; = (mi7 Z(144) mod 3). We will use the notation
[x] (without subscript) to denote operations on a RSS-shared x performed by every
party <.

Moultiplication

To obtain RSS shares of the product of two RSS-shared values z and y, we make
use of Beaver’s trick [42], which works as follows. The parties preprocess shares of a
multiplication triple [a], [8], [¢], such that ¢ = a - b. In the online phase, the parties
hold [z], [y] and wish to obtain [z], where z = x - y. For this, the parties compute
and reveal to all parties d = — a and e = y — b, and then set

[2] = d[b] + e[a] + [c] + de.

Conversion between [z]* and [z]

In the following, we present two protocols to convert a value x shared in arithmetic
RSS, i.e., the parties hold [2]?, into a boolean RSS, i.e., the parties obtain [z]®. After-
wards, the reverse operation, converting from boolean to arithmetic, is presented. We
denote with A2B the arithmetic to boolean, and with B2A the boolean to arithmetic
share conversion. To efficiently convert between the two different types of secret shar-
ing schemes, we employ a conversion protocol based on the ideas by Mohassel and
Rindal [43]. The conversion protocols use a Ripple Carry Adder (RCA) circuit, defined
in Definition 2 below.

Definition 2 (Ripple Carry Adder). A Ripple Carry Adder is a circuit used for adding
binary numbers. Let 2,y € GF(2¢), then the sum z + y over Zy: can be computed as

2i =T; DY; Dci—1 Vi € [1,(],

where z; denotes the i-th bit of the arithmetic sum and ¢; denotes the carry bit, such
that

¢i = (2 ®cic1) Ay @ cim1)) ® i1 Vi€ [1,4],
given ¢g = 0.

In the conversion from arithmetic secret sharing to boolean, detailed in Algo-
rithm 1, the parties locally define the individual arithmetic shares as boolean, add
these using the RCA circuit and obtain boolean shares of the secret.

The conversion from boolean secret shares to arithmetic shares is detailed in Algo-
rithm 2. The parties first obtain pairwise uniformly random values, where r; is drawn
between parties 1 and 2 and ro is drawn between parties 2 and 3. The parties then
proceed to compute the RCA circuit computing shares of r3 = x + r1 + ro. Note that
the arithmetic replicated secret shares can then simply be derived by revealing r3 to
parties 1 and 3, and defining the shares to be (rs, —ry, —r2).

11



Algorithm 1 Arithmetic to Boolean share conversion Ilazg

Input: Party index i, [2]*

Output: [z]B
1. Py sets [21]% := (21,0), [22]§ := (0,22) and [z3]§ := (0,0).
2: Py sets [1]5 := (0,0), [22]5 := (22,0) and [23]5 := (0, x3).
3. P3 sets [21]5 := (0,21), [22]5 := (0,0) and [x3]8 := (z3,0).
4: The parties compute [2]® := RCA(RCA([z1]®, [z2]®), [x3]®).

Algorithm 2 Boolean to arithmetic share conversion Ilga

Input: Party index 4, [x]B
Output: [z]*

1 Ifi#3m Sz Zye and Py sets [r1]% := (71,0) and P, sets [r1]5 := (0,71).
2. Py sets [r1]8 := (0,0).

Ifi #1: 1y S Zoe and Py sets [r2]5 := (r2,0) and Ps sets [r2]§ := (0,73).

Py sets [r2]% := (0,0).

Compute [r3]® = RCA(RCA([z]®, [r1]B), [2]®)

Reveal 3 to P, and P3

Py sets [z]) := (r3, —71), Py sets [2]5 := (=71, —72) and P sets [z]5 := (=72, 73).

IR AR

Encoding Fixed-Point Arithmetic

Due to the complexity of ML operations and the high multiplicative depth of the
forward pass in a neural network, and to minimize the computation cost, secure ML
protocols are designed over rings, more precisely rings of 32 or 64-bit integers leverag-
ing the natural CPU types. For this reason, the state-of-the-art frameworks that focus
on secure inference work with fixed-point arithmetic. To encode a decimal real num-
ber # € R in a fixed-point integer representation x € Zy, define x = |7 - 2/ |, where f
denotes the fixed-point precision. After a multiplication, the precision is doubled and
truncation is needed to restore the original precision [44].

3.4 Fully Homomorphic Encryption

Fully homomorphic encryption schemes are cryptosystems that allow arbitrary com-
putation to be performed over encrypted data by any party, independently of whether
such a party is able to decrypt ciphertexts. Historically, several schemes provided
homomorphic operations for a single operation, such as RSA [45] with regards to
multiplication or the Pailler cryptosystem [46] with regards to addition. In 2009, the
first fully homomorphic encryption (FHE) scheme was proposed by Gentry based on
ideal lattices [47]. The current state-of-the-art consists of two types of FHE schemes,
accumulator-based and SIMD-type schemes.

Accumulator-based schemes such as TFHE [48] or FHEW [49] operate on cipher-
texts encrypting small plaintext space ranging from 4 to 6 bits, but provide a built-in
mechanism to efficiently evaluate arbitrary lookup tables. From a theoretical point of
view, it is feasible to work with a larger plaintext space but at a significantly higher
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computational cost. In the case of Single-Instruction Multiple-Data (SIMD) FHE
schemes like BGV, BFV, or CKKS [50-53], ciphertexts encrypt entire vectors of values
and enable efficient, coefficient-wise addition and multiplication over the slots of the
vector. Furthermore, the magnitude of entries within any vector is significantly larger
than those used in accumulator-based schemes. In general, the latency per operation in
SIMD schemes is greater than in accumulator-based schemes, but by considering the
cost amortized over the size of the encrypted vector, SIMD schemes may be superior.

In this work, we rely on a SIMD scheme, namely CKKS [53], which is introduced in
the subsequent paragraph. Note that, by default, FHE schemes only serve to protect
the underlying data of a computation but not the computation itself. More specifically,
any user obtaining the (encrypted) result of the computation may be able to derive
potentially confidential information about the nature of the computation. This may
be detrimental to a model provider aiming to hide certain characteristics of a machine
learning model.

3.4.1 The CKKS Scheme

The CKKS scheme was introduced by Cheon et al. [53] and, similarly to other SIMD
schemes, encrypts entire vectors. Here, we give a brief overview of operations the
scheme provides, but do not discuss the intricacies of the scheme as they are beyond
the scope of this article. Let (PK,SK) denote a public and private key of the CKKS
scheme respectively. The cryptosystem provides the following operations.

® CT < Encckks(m, PK): The procedure Enccxks takes as input a vector m € RF
and a public key PK, and produces a ciphertext CT.

e i/ + Decckks(CT,SK): The decryption procedure Decckks, upon the input of a
ciphertext CT and the secret key SK, outputs a vector m’ € RL. We stress that in
the case of the CKKS scheme it may be true that

Decckks (EHCCKKS (’I’?L, PK), SK) =m+E€.
In other words, the decryption procedure may not output the exact value we
encrypted. Often, the error € is compared to the error incurred due to floating
point operations if we operated over the plaintext vector m without encryption. If
managed properly, this error will not affect the correctness of the computation.
e CT, + Add(CTy,CTy): Given CT; = Encckks (4, PK),i € {0,1}, the procedure
Add outputs a new ciphertext CT . such that

DGCCKKs(CT+) =g +m1 + €.

e CTy + Mul(CTy,CTy): Given CT; = Enccokks(mi, PK),i € {0,1}, the procedure
Mul outputs a new ciphertext CTs such that

DGCCKKs(CT@) =my®my + €,

where ® denotes the Hadamard product.
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e CT' < Rot(CT,r),r € Z: Given a ciphertext CT = Encckis (7, PK) and a scalar 7,
the procedure Rot outputs a ciphertext CT’ such that Deccxks(CT',SK) = i/ + €
and M} = M, (mod ) that is, the procedure outputs a new vector containing the
cyclically shifted coefficients of m.

Note that the CKKS scheme relies on additional key material beyond a secret
key SK and public key PK, which we suppressed in the notation above. This require-
ment is not specific to the CKKS scheme but any FHE scheme, though the nature of
the key material may vary. Specifically, the operations Mul and Rot require so-called
relinearization (multiplication) and automorphism (rotation) keys, respectively. Fur-
thermore, the additional key material is intended to be made public and does not pose
a security risk.

3.4.2 Arbitrary Function Evaluation in CKKS

The CKKS scheme is particularly suited to perform polynomial operations. However,
many functions commonly used in machine learning cannot be exactly represented
using polynomials. Hence, we must rely on polynomial approximations that we
construct using polynomial interpolation.

Polynomial interpolation is a fundamental technique in numerical analysis and
approximation theory, aimed at constructing a function that passes through a given
set of data points. The goal is to approximate arbitrary functions using a set of basis
functions that are easier to evaluate. Among the various methods of interpolation,
polynomial interpolation is widely used due to its simplicity and efficiency and a com-
mon choice in FHE-based settings as polynomials can be easily evaluated. However,
the choice of interpolation nodes, that is the set of points at which the function values
are known, can significantly impact the accuracy and stability of the interpolation.

We give a general procedure to interpolate a function f using a polynomial. Given
a set of n + 1 data points (z;, f;),4 = 0,1,...,n such that f; = f(z;), we aim to find a
polynomial P(z) = Y7, a;z" such that:

P(z;)=f; for i=0,1,...,n.

The coefficients ag, a1, ..., a, can be determined by solving the system of equations:
2
1z xg--~x8 ao fo
1z af -+ af ax fi
2
1@, x, -+ x) Qn fn

The system matrix is commonly referred to as a Vandermonde Matrix. We stress that
the procedure above is unsuitable for many settings as the matrix may be poorly
conditioned.

In cases for which we may pick the set of nodes, it is possible to enforce certain
properties of the interpolant. Chebyshev nodes are specific points used in interpolation
to minimize the maximum interpolation error over an interval. They are defined as
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the roots of the Chebyshev polynomials of the first kind, 7T},+1(x), which are defined
on the interval [—1,1]. The Chebyshev nodes z;, are given by:

20+ 1
xi:cos< Tt ) for ¢=0,1,...,n.

mt2
These nodes are particularly useful because they help reduce the Runge phenomenon,
characterized by large oscillations at the edges of the interval when using equally
spaced points. Furthermore, by leveraging Chebyshev nodes it is possible to bound
the absolute interpolation error for any z € [—1,1] as

_ b e Dz
£@) = P@)| € gy max 17040 (2)]

where f("*1) denotes the n + 1-th derivative of f. Finally, we note that extending the
procedure to arbitrary intervals instead of [—1, 1] can be achieved through a change of
variables, and that Chebyshev nodes often perform well even if f is not differentiable.

4 Platform Design and Implementation Details

In the following section, we detail the general design and implementation details of
the MOZAIK platform. We start by outlining the design goals of the system, which
serve as the foundation for our design and development process.

4.1 Design Goals

The MOZAIK project aims to design a novel system architecture that improves
security, preserves privacy, and enables scalable, end-to-end secure computation and
analytics on sensitive IoT data within a cloud-assisted environment. Such a secure,
scalable, and privacy-preserving computation platform must achieve the following key
design goals.

End-to-End Data Confidentiality. Ensure that IoT data is encrypted at the source
before it leaves the user’s domain, and that it remains encrypted throughout transmis-
sion, storage, and processing, without exposing sensitive information to any external
or cloud-based entity.

User Control and Trust. Establish a user-centric trust model that places the user in
full control of their data throughout its lifecycle. Users should be required to give their
explicit consent to data processing on specific subsets of their data and only by data
processors approved by the user.

Correctness. The accuracy of all data processing and analytics operations in the sys-
tem should match the results that would be obtained if the same computations were
performed directly on the plaintext data without any privacy-preserving mechanism
in place.

Scalability. Support large-scale IoT deployments with a system that is capable of
handling large volumes of data generated by numerous distributed devices, while main-
taining performance and low latency suitable for applications that require real-time
or near real-time processing.
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Fig. 2: Schematic overview of the proposed proof-of-concept system architecture of
MOZAIK. The data generated by an IoT device is encrypted and securely stored in
Obelisk. The FHE server or MPC parties perform computation on the encrypted data
on request while ensuring user privacy and store the encrypted result back into Obelisk.
The model provider supplies a machine learning model to the computation servers for
inference on the user’s data. This figure contains resources from Flaticon.com.

Interoperability. Provide a modular and extensible system that can easily integrate
with various IoT devices, cloud providers, and data processing entities, promoting
broad applicability across different use cases.

Resilience Against Threats. Ensure that the system is robust against a wide range of
attack vectors, including unauthorized access, data leakage, malicious cloud service
providers, and adversarial attacks on encrypted computation.

4.2 MOZAIK Platform Design Overview

Based on the aforementioned design goals, we propose a proof-of-concept (PoC) system
architecture to realize secure and scalable privacy-preserving IoT data processing. The
PoC implementation is composed of several core components, depicted in Figure 2.
These components are IoT sensors, a gateway, the MOZAIK-Obelisk data storage
platform, a web dashboard, data processing servers (MPC parties or an FHE server),
and a model provider.

Users are in control of one or more IoT devices that produce or collect personal or
sensitive data using sensors. Although not a requirement, a user can also be in control
of a gateway, which acts as a single data collection point for multiple IoT devices from
that user. The gateway can support other connectivity technologies like Bluetooth to
directly communicate with and collect data generated by sensors, allowing support
for a wider range of IoT devices or sensor types. Collected data from IoT devices is
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encrypted before leaving the user’s control. This can occur on the IoT device itself,
or on the gateway, depending on the user’s preference, the specific data collection
scenario or location, or because of IoT device limitations. The encrypted data is then
sent to the platform for storage.

All aspects of data storage within the MOZAIK system are unified under what
we call MOZAIK-Obelisk. It contains a stateless, high-level application programming
interface (API) that provides an abstraction layer to the underlying components of
MOZAIK-Obelisk, enhancing modularity and interoperability. The encrypted IoT data
itself is stored in Obelisk [32], an independently scalable data platform designed for
IoT applications (as discussed in Section 3.2.1), waiting to be processed.

When a computation is triggered, either manually by a user via the web dashboard
or automatically when streamed processing is enabled, the API calls a standardized
endpoint on the chosen MPC parties or FHE server to request the computation. The
computation servers then obtain a machine learning model from a model provider,
fetch the computation-specific encrypted data from Obelisk, and perform the requested
computation. The encrypted computation results are subsequently stored in Obelisk
and made available to the data owner, who is the only one that has the correct keys
to decrypt the result.

4.3 Threat Model

The threat model details our assumptions about the adversarial behavior of the dif-
ferent entities in the system. It is an important part to appropriately model security
goals in the system and to validate our employed protection techniques.

We consider two types of adversarial behavior. Semi-honest (or passive) adversaries
follow the protocol honestly, nevertheless try to gain information from the data avail-
able in the process. On the other hand, we say an adversary is malicious (or active)
if it deviates arbitrarily from the protocol in order to violate security.

Our threat model is as follows. We assume that a semi-honest/malicious adversary
A fully controls multiple users, the central storage platform (MOZAIK-Obelisk), and
controls the processing entity to the degree described below in Sections 4.3.1 and 4.3.2
(depending on the COED technology used). The goal of A is to violate any of the
following design goals (defined in Section 4.1) involving another user: user control,
user trust, privacy, or correctness. We also allow A to control the model provider semi-
honestly to support its goal. Specifically, we aim to model a setting where the model
provider does not learn any information about the user’s sensitive data. At the same
time, we want to exclude a variety of possible attacks where the model provider could
selectively change the model parameters or architecture to gain insights from user
inputs. Since our work is about the processing part, we consider these attack vectors
out of scope and therefore only allow semi-honest corruption of the model provider.

Note. The goal of our adversary is to attack the user of the platform, not the
model (provider). While we allow the adversary to use other malicious users to gain
an advantage, we do not want to claim full privacy for the model parameters. Attacks
to (partially) learn the model parameters or training data, such as model inversion or
membership inference attacks, are out of scope.
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4.3.1 Threat Model for MPC-based Processing

When MPC is used to perform data processing, we assume that in addition to corrupt-
ing multiple users, the central storage platform, and the model provider, the adversary
also corrupts at most ¢ out of n MPC parties. Concretely, in our PoC architecture, we
use three MPC parties and allow up to one semi-honest or malicious corruption.

4.3.2 Threat Model for FHE-based Processing

If FHE is used for data processing, we assume that the adversary additionally has
semi-honest access to the FHE computation server.

By construction of an FHE scheme, any malicious adversary is capable of manip-
ulating ciphertexts. Therefore, an adversary can target a specific user by strategically
causing computations to fail and may incrementally obtain information about the
encrypted data. Thwarting such attacks is possible by relying on zero-knowledge
proofs, but may cause a significant overhead in practice. For additional details on this
we refer the reader to [54, 55]. Finally, we stress that publishing intermediate or final
results of an FHE computation may create security risks if the primitives are used
improperly; see [56, 57].

4.4 MOZAIK Component Implementation Details

We now turn to describing each system component separately.

4.4.1 Data Processing Modes

ToT sensor devices typically generate data or capture measurements at a certain fre-
quency. This data is then ingested into the platform at the same rate, with an added
timestamp to ensure it can be efficiently searched and indexed. As data is continuously
ingested, two distinct data processing modes emerge: ad hoc analysis and streaming.
Both modes are detailed in the following and conceptually depicted in Figure 3.

Ad Hoc Analysis

In ad hoc analysis mode, the user has full control over when data is processed. No
data point is analyzed without the user’s explicit permission or involvement. The user
selects which data to process by specifying a time range and grants explicit consent
to perform the analysis. Multiple data points can be processed in parallel by grouping
them in a batch. The analysis results of the selected data points are then delivered to
the user within the expected analysis latency.

Streaming

In streaming mode, the user activates streaming for an IoT sensor device once for a
specified amount of time, during which they provide consent for continuous automated
data processing without further explicit approval for the specified period. The user
can also opt to stop streaming at any point before the specified time ends. Once
streaming is activated, the platform groups the ingested data points in micro-batches
and analyzes each batch as soon as possible, providing the user with near real-time data
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Fig. 3: Visualization of the ad hoc analysis (a) and streaming (b) mode provided
by the MOZAIK platform. In ad hoc analysis mode, ingested data is only processed
upon explicit request by the user. In streaming mode, the user explicitly grants the
continuous processing of their data for a certain time period. This figure contains
resources from Flaticon.com.

insights. It is essential to keep the streaming ingestion rate lower than the end-to-end
computation latency, otherwise the system may become overloaded.

4.4.2 Sensor Data Encryption Details

We distinguish two locations where the collected IoT sensor data is encrypted: on the
ToT device itself or on a gateway. The choice of location depends on the capabilities
and resource constraints of the IoT device, the specific data collection scenario, the
availability of a gateway, and the adversarial model.

Encryption on the IoT Sensor Device

If the IoT sensor device is capable of computing symmetric authenticated encryption,
then encryption directly on the device is the simplest option.

Since nonce-based schemes require a fresh nonce for every encryption, we require
the device to hold a small state st across sensing operations, from which we derive a
fresh nonce N'. Let d be the sensor data point, the encryption is computed as

cth .= Enci(d, N, Dyser|| N) , (1)

LFor example, this can be a counter which is incremented every time a new nonce is generated. Once the
counter overflows the nonce domain, we need to rotate the key k.
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where ID g, is the user ID of the owner of the IoT sensor device. Then, N and ct’;l are
sent to MOZAIK-Obelisk.

Encryption on the Gateway

In case the IoT sensor device is not capable of performing the encryption itself, or
if data from multiple sensor devices is aggregated through a gateway, the encryption
process can be delegated to the gateway. We do not specify by which method data is
transmitted from the sensor device(s) to the gateway, but we assume this transmission
occurs securely within the user’s control domain. At the gateway, a nonce NN is sampled,
the corresponding device key k is retrieved or a gateway-specific key is used, and the
data point is encrypted following the same procedure as in Equation 1.

4.4.3 Central Data Storage: MOZAIK-Obelisk

One of MOZAIK’s goals is to securely store sensitive (encrypted) data, even if only
temporarily, in order to perform privacy-preserving computation and provide users
with insights into their data. As mentioned above, we utilize Obelisk HFS (see
Section 3.2.1) to store the encrypted IoT sensor data. Completing the entire end-to-
end data flow, from the IoT sensor device to the computation server(s) and ultimately
to reporting the analysis result to the user, involves numerous components that must
interact reliably and efficiently with each other. To address this, an overarching API
is designed that facilitates seamless communication between all components and enti-
ties within the system. It serves as the single external access point for communicating
with any component within MOZAIK-Obelisk.

The overarching API is designed to be entirely stateless, meaning that it does not
retain any information in memory between requests. Each request is treated com-
pletely independently and self-contained, with no reliance on previous interactions.
This stateless design eliminates the need for the API to track client state, facilitating
horizontal scaling. As a result, performance and reliability can be improved through
load balancing and failover across multiple API instances.

The API provides a high-level abstraction of the underlying components of
MOZAIK-Obelisk, creating a modular and interoperable system that reduces the
dependency on any particular software vendor. For example, if a specific use case
demands a different data store, Obelisk can be replaced by another data store without
affecting the interface with IoT devices, users, and computation servers. In such case,
only the abstraction layer would need to be modified to support the replacement data
store.

To enhance security, the API performs additional authentication and authorization
checks using Keycloak and JSON Web Token (JWT) [58, 59]. It acts as the initial
safeguard against unauthorized data access. For instance, when a user seeks to perform
a computation on a specific data point within a dataset, the API verifies whether the
user has the necessary permissions to access that dataset. The API will delegate the
computation request to the designated computation server(s) to initiate the analysis
process if and only if the authorization was successful.

The key store and metadata store are two separate Redis [60] instances. The key
store temporarily stores encrypted key shares (described below in Section 4.4.4), while

20



the metadata store maintains information about each requested analysis, including a
unique analysis ID, the Obelisk dataset ID for sensor data, the target dataset ID for
storing results, the participating computation servers, and other related metadata.
Obelisk, the key store, and the metadata store interact solely with the overarching
APT and not with each other directly. Additionally, Kubernetes network policies [61]
enforce this isolation, permitting communication only with the API (and Keycloak in
Obelisk’s case), to mitigate lateral movement attacks.

4.4.4 Encryption Key (Share) Management Details

Key Management for FHE

We start by describing key management for FHE, as it is conceptually simpler than
that of MPC. When an FHE-based analysis is initiated, the request is sent to a compute
engine, which then retrieves the associated ciphertext and the necessary auxiliary
key material linked to the user ID from Obelisk. Since the ciphertexts are encrypted
under the FHE scheme, data processing can begin immediately, without requiring any
additional information apart from the ciphertext and auxiliary key material.

Key (Share) Management for MPC

For MPC-based processing, IoT sensor data is encrypted using a symmetric encryption
scheme with the user’s or device’s secret key k. Before data analysis can begin, the
MPC processing parties must receive sufficient information about &k in the form of
additive secret shares of k.

Since only the user knows this secret key, the key shares k; are created locally by
the user using a SecretShare function such that ki @ ko ® k3 = k. These shares should
then be included in the analysis request to the overarching API. However, in the MPC
setting, it is crucial that the central data storage does not gain direct access to these
key shares, as possessing all of them would allow an adversary who compromises the
central data storage to reconstruct the key and breach data privacy.

Instead, we employ the key management protocol of Marquet et al. [12]. Here,
the user selects the MPC parties that will perform the computation beforehand and
encrypts each key share with the corresponding party’s public key, i.e., th!(i =
Encpk, (ki, ad;), where PK; is the public key of party ¢ and ad; denotes associated data
for this encryption. So, instead of sending the key shares directly to the overarching
API, only ct,':iﬁ,ct;f2 and ct,z:'fS are sent to the API during the analysis request, and
these encrypted key shares are temporarily stored in MOZAIK-Obelisk’s key store
(see Figure 2) until the computation request completes or expires. We require that
Enc is an IND-CCA(2) secure public-key encryption scheme, e.g., RSA-OAEP [62] or
ECIES [63].

The associated data needed to encrypt each key share is constructed as follows. Let
IDyser be a unique user ID, IDyaa be a set of data point identifiers, e.g., timestamps,
type be the analysis type (i.e., the requested analysis algorithm or inference model),
and alg be the identifier for the symmetric encryption algorithm that the IoT sensor
device used to encrypt the sensor data (e.g., AES-128-GCM), we define the associated
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context data as

ad; := 0x01|[IDyser||PK1||PK2||PKs]||IDgata ||typel/alg||PK; for ad hoc analysis,
ad; := 0x02|[IDyser || PK1||PK2||PK3|/tbegin|| tend || typel|alg| PK; for streaming,

where tpegin and tend denote the user-defined start and expiration times of the
streaming request.

When an MPC party receives a computation request, it also receives additional
metadata, such as the user ID, the data indices that require analysis, and the group of
MPC parties that will perform the processing. The MPC party derives ad; from the
received metadata and requests ct:i(" from the API, after which it attempts to decrypt
the ciphertext key share with SK; to obtain a key share k; that will be the input for the
data processing step (described in Section 6.3.1). Note that in the case of streaming,
the MPC party will also check if the current time is in the user-specified time window
for which streaming was allowed, i.e., tpegin < t < tend. If not, the MPC party refuses
the operation. This prevents that a malicious central storage entity attempts to process
data with expired key material.

This approach has a central purpose in our design. The associated data binds
the encrypted key shares to a processing context. An honest MPC party cannot be
coerced into performing a different analysis, using different data points, involving dif-
ferent MPC parties, or switching between streaming and ad hoc computation, other
than specified in the processing parameters selected by the user when the analysis
request was created. Therefore, the created ciphertexts ct;& can be viewed as a tech-
nical part of the consent the user gives for data processing. The processing context
increases the obstacles for abuse and works towards user trust. Additionally, authen-
ticating the encrypted key share detects malicious modification of the ciphertext by
an intermediary party, such as the central data storage, thereby preventing decryption
oracle attacks.

4.4.5 Data Processing

The MOZAIK platform supports two methods of processing encrypted data: MPC and
FHE. The following overview outlines the general interaction and data flow between
MOZAIK-Obelisk and the processing servers for both MPC- and FHE-based process-
ing. Specific implementation details, which are highly use-case dependent, are provided
in Section 6.3.

MPC

MPC programs interact with MOZAIK-Obelisk through a REST API. An overview
of the flow of requests, data, and computation for an ad hoc analysis is illustrated in
Figure 4.

Processing.  Algorithm 3 describes MOZAIK’s MPC-based processing at a high level.
To initiate a computation, the MOZAIK-Obelisk’s API sends a request to each MPC
party containing a unique analysis ID (IDanalysis), the user’s unique ID (IDyser), a set
of data point identifiers (IDgata) and analysis type (type), specifying the analysis to
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be performed. Each MPC server then adds this request to a queue for sequential
processing. For each request in the queue, the parties proceed with the computation as
follows. First, the MPC parties fetch the requested encrypted data points from Obelisk
and the corresponding encrypted symmetric key shares from the key store. Note that
the data points are encrypted under a symmetric key k, whereas each corresponding
secret share of k for party ¢ is encrypted with their corresponding public key PK;.
The MPC party locally decrypts the secret share k; of the symmetric key k using SK;
and then jointly runs the MPC protocol for distributed decryption among the other
MPC parties indicated in the request. The obtained shares of each data point are used
in the subsequent MPC protocol to compute the desired inference task. Note that
we assume the machine learning model to be evaluated had been pre-shared by the
model provider prior to this service. As a result, parties store their shares of the model
locally and retrieve them for computing the inference. Finally, the resulting share is
encrypted via a distributed encryption protocol, and the encrypted result is sent back
to MOZAIK-Obelisk where it is stored in Obelisk in the user’s result dataset.

Algorithm 3 MPC-based data processing

Input: Party index i, private-public key pair (SK;, PK;), shares of a machine learning
model ([W]*, [6]*)
1: queue += (IDanalysis; |Duser;s | Ddata; type) m MozaikObelisk

2: for request in queue do
GetEncData(ID;naiysis; |Duser ,1Ddata)

3: N, cts MozaikObelisk
HTTPS
4: th_Ki GetKeyShare(IDaatyss) MozaikObelisk
i HTTPS
5: ki = Decs; (ct,'ziKi, adl')
6 [d]* := Tpistpec (cth, N, IDyser, ki, i) (see Algorithm 5)
7 [yI* = Hinger ([d]2, [W]A, [0]2,4) (see Algorithm 6)
8: Ctglj := Ipistenc ([[y]]A’ kia PKl...3a IDanalysi57 IDusery type, Z) (See AlgOI‘ithm 7)
o: ctl StoreResult ) 1ozaikObelisk
Y HTTPS

10: end for

Batched Processing. Batched processing is similar to the processing of a single
analysis, except that it operates on all data points from multiple analysis requests
simultaneously, improving processing throughput. Note that, for simplicity, Algo-
rithm 3 does not inherently support batched requests with multiple users. In order
to support batched computation for our architecture, MOZAIK-Obelisk aggregates
computation requests from multiple users in a batch and sends them collectively to
the MPC parties. As a result, the MPC parties receive a vectorized version of the
previously described variables (i.e., a vector of IDanaiysis; |Duser, and IDgata), which is
naturally supported by the underlying MPC protocols. The distributed decryption
protocol is run on a vector of encrypted data, with a list of symmetric key shares [£;]
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as input, such that the i-th key share corresponds to the i-th requested analysis. The
output of the distributed decryption is in the form of a vector of matrices, where the
rows of each i-th matrix correspond to the selected data points (IDgata;) from the i-
th analysis. For inference, this structure is flattened into a single large matrix, with
each row corresponding to an individual data point. The parties then perform ML
inference on all the provided data at once. The inference output is then unflattened
into a vector of matrices, where the rows of the i-th matrix represent the prediction
confidence levels for data points from the i-th analysis. The parties then run the dis-
tributed encryption protocol, encrypting each i-th matrix with the corresponding i-th
key. Finally, the parties store the ciphertexts in Obelisk.

FHE

At a high level, the FHE-based processing is designed in a way similar to the MPC-
based processing and also relies on the REST API for communication with MOZATK-
Obelisk.

FHE-based processing is described in Algorithm 4. Each time a user wishes to
perform an analysis, a request is sent to an FHE-Engine by the API which is then
added to a task queue. For every request in the queue, the relevant ciphertext is
fetched from Obelisk. Then, the required key material needs to be loaded onto the local
storage of the FHE-Engine. In practice, the size of the material may be considerable
(40 MiB—200 GiB), but is associated with a specific user rather than a particular
computation. Hence, we cache the key material locally on the FHE-Engine and only
load the material if it is not present yet. Finally, the inference is performed using
Algorithm 8 and the result is sent back to MOZAIK-Obelisk.

Algorithm 4 FHE-based data processing

1: queue += (IDanalysis, IDuser, IDdata) ——— MozaikObelisk
HTTPS

2: for request in queue do

3. CT GetEnCData(IDanaIysis7|Duser7|Ddata)
HTTPS

4: if key_cache[lDyser] = @ then

5: KM (SetkeyMaterial(iDuer) g 0 ik Obelisk

MozaikObelisk

HTTPS

6: key_cache[IDser] := KM
7: else
8: KM := key_cache[IDser]
9: end if
10 CT' := FHEInfer(CT,KM) (see Algorithm 8)
11: CT! 2toreResult, (1 ozaikObelisk

HTTPS

12: end for
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5 Use Case Description and Requirements

The MOZAIK platform enables the collection and processing of various sensor and
IoT data, without making any assumptions about the structure, format, or source
of the data. To evaluate the capabilities of our proposed PoC system architecture
and demonstrate its practical feasibility, we implement a realistic use case on top of
MOZAIK.

5.1 The Heartbeat Analysis Use Case

In our selected use case, users wear heartbeat sensors that continuously measure elec-
trocardiogram (ECG) data. These sensors can be built into a wearable, for example,
a smartwatch or other fitness trackers. In this context, the service offered by the plat-
form is continuous monitoring and diagnosis of common heartbeat anomalies that can
be extracted from a single lead signal of an ECG. Thus the user’s device continuously
sends the data points to the platform, which stores them and returns diagnosis predic-
tions to the user. The predictions are computed using a machine learning model with
pre-trained parameters. The model is provided by a third party, the so-called model
provider.

During a 12-hour measurement period, approximately 21.5 MiB of heartbeat data
is collected, while the model parameters for prediction require about 70 KiB. This
storage demand may already be substantial for resource-constrained IoT devices.
Moreover, such devices often have limited CPU processing capabilities. To address this,
we outsource both heartbeat data storage and prediction computation to the cloud.
Additionally, the model provider may be reluctant to deploy the prediction model on
a user’s device to protect their intellectual property and not to reveal business-related
model parameters.

This ECG data is clearly sensitive and personal, requiring the need for a privacy-
preserving storage and processing solution. Implementing this use case on top of the
MOZAIK platform will keep the user’s heartbeat data inaccessible from both the
platform and model provider, while at the same time keeping the model parameters
private from both the platform and the user. The only information leaked to the
platform is the model architecture.

5.2 Dataset and Model

In this work, we do not aim to improve data analysis techniques to enable diagno-
sis of common heartbeat anomalies but instead use an existing annotated dataset to
showcase the processing part of the platform. We utilize the ECG heartbeat classi-
fication dataset by Kachuee et al. [64], which unifies the ECG lead II signal of the
MIT-BIH Arrhytmia dataset [65] with the PTB Diagnostic ECG database [66]. The
raw, single-lead ECG signal is preprocessed to extract all single heartbeats with sur-
rounding signal of 1.2x the length of the median heartbeat duration of a ten-second
window. The signal is further normalized. Each heartbeat is classified into one of five
classes according to the Association for the Advancement of Medical Instrumenta-
tion (AAMI) EC57 standard [67]. Figure 5 shows (a) the five classes and (b) samples
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Normal - 82.8%

Class ECG annotation

e Normal

e Left/Right bundle branch block Supraventricular - 2.5%
e Atrial escape

e Nodal escape 7

e Atrial premature Ventricular - 6.6%
e Aberrant atrial premature

e Nodal premature

e Supra-ventricular premature

R R Fusion - 0.7%
e Premature ventricular contraction

e Ventricular escape

F e Fusion of ventricular and normal

e Paced
Q e Fusion of paced and normal
e Unclassifiable

Unknown - 7.3%

(a) Mapping of AAMI EC57 classes and (b) Visualization of the dataset samples for
heartbeat annotations (from [64]). each class.

Fig. 5: Summary of annotated classes of the heartbeat classification dataset.

of each class. Each sample consists of 187 data points and represents a duration of
approximately 1.5 seconds.

In our use-case implementation, the model provider employs a conceptually simpler
machine learning model than the model of Kachuee et al. [64]. More specifically, our
model consists of four dense layers with 50 intermediary nodes and a dense output layer
with five nodes, as shown in Figure 6. The accuracy of the plaintext ECG heartbeat
classification is 96%.

5.3 Use Case Requirements

We identify the following requirements, derived from the platform’s design goals (see
Section 4.1), to guide our implementation of the use case.

Privacy. The sensor data collected from a user remains private throughout all inter-
actions with the platform and its entire lifecycle, including during processing. No
sensitive information about the data can be learned by other users, the storage
platform, or the model provider.

User Control. The sensor devices, such as smartwatches or fitness trackers, remain
under the user’s control.

User Trust. The user remains in control even during data processing. The user has to
explicitly authorize processing on a selected set of sensor data points by a specific set
of processors. Processing of data outside the selected set or involving an unauthorized
processor is not possible. Additionally, the user determines the duration of data storage
and can retrieve their data at any time.

Correctness of the Diagnosis. The diagnosis prediction delivered to the user is as
accurate as if the user had direct access to the same model using their plaintext data.
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Input Units: 187 (+177 more)
Activation: relu

Units: 50 (+40 more)
Activation: relu

Units: 50 (+40 more)
Activation: relu

Units: 50 (+40 morc)
Activation: relu

Units: 50 (+40 more)
Activation: relu

Output Units: 5
Activation: softmax

Fig. 6: Visualization of the ECG heartbeat classification model.

From these fundamental requirements, we define the following reasonable perfor-
mance parameters that the use-case implementation should adhere to.

Data Ingestion Frequency. The user’s device sends one sample every 10 seconds.
Analysis Latency. The platform makes an analysis result available to the user within
10 seconds.

As described in Section 5.2, preprocessing the raw ECG signal yields a variable
number of ‘single’ heartbeats depending on the user’s heart rate. For example, at
a resting heart rate of 80 beats per minute (bpm), approximately 13-14 beats are
extracted from a ten-second window, whereas a rate of 150 bpm during exercise yields
around 25 beats. However, since arrhythmias are typically characterized by patterns
present in multiple atypical heartbeats, sending all beats within the ten-second window
offers limited additional value compared to sending a fixed number. We therefore fix
the number of beats in the ten-second window to one, allowing the sensor to arbitrarily
select one representative beat from each window.

6 Use Case Implementation Details

The following section builds upon the general design and implementation details
described in Section 4 and provides use-case-specific implementation details for the
use case described in Section 5.

6.1 Data Collection and Encryption at the Source

Our prototype implementation emulates an IoT sensor device by reading a ran-
dom sample from the ECG dataset described in Section 5.2. This sample is then

28



encrypted using AES-GCM with AES-128 as the underlying block cipher, as outlined
in Section 4.4.2, and then transmitted to MOZAIK-Obelisk via the REST API for
storage in Obelisk.

6.2 Key Share Creation and Result Decryption

Creation and encryption of key shares and decryption of analysis results are performed
in the user’s browser through the web dashboard. To leverage standard implementa-
tions of cryptographic primitives provided by the browser, we chose to use RSA-OAEP
as public-key encryption scheme and SHA-256 as the hash function, based on the
limited options available via the Web Crypto API [68].

6.3 Data Processing

The following extends the general data processing implementation of Section 4.4.5 with
the use-case-specific implementation details for both supported processing methods,
MPC and FHE.

6.3.1 Data Processing in MPC

Our data processing implementation in MPC comprises two main components, namely
distributed decryption and encryption protocols, and a secure inference protocol.
These MPC protocols operate on three servers in the honest majority setting, ensuring
security against a malicious adversary with the possibility of abort. In the following,
we detail each individual MPC component.

Distributed Decryption

This step transforms the public ciphertext ct§ into [d]* using shares of the encryp-
tion key k;. The MPC parties receive N, ctg, IDyser, and obtain k; as described in
Sections 4.4.4 and 4.4.5. The parties compute Ilpisipec in Algorithm 5 where ct’;, N
and IDyse, are public inputs, i.e., known to all parties, and the key share k; is the pri-
vate input of party P;. We view Dec[[k]]e(ct’j,N, IDyser|| V) as a circuit where ctf, N,
and |Dys are constants and [k]® = [k1]® + [k2]® + [k3]® is the encryption key that
is reconstructed from the input k; by party P; but is still secret-shared.

If the concrete symmetric scheme is fixed, then more optimizations are possible to
compute Dec. In our use case, we use AES-GCM with AES-128 as block cipher. We
implement AES-128-GCM encryption and decryption in three-party replicated secret
sharing by extending the MAESTRO framework [69]. The framework implements
oblivious AES-128 enciphering which we extend to the encrypt/decrypt operation of
GCM [70]. This entails adding support for the GCM field GF(2'?8) during the compu-
tation and verification phase. The batched multiplication verification in MAESTRO is
implemented for GF(25%). We show how to reduce the verification of a multiplication
u-v = w with u,v,w € GF(2'?®) to two inner product checks of values in GF(254).
Let P(X) = X2 + BX + v where 3,7 € GF(2%) be an irreducible polynomial. We
make use of the isomorphism ¢ : GF(2!28) — (GF(2%4))? to represent each element
in GF(212%) as an element of the degree-2 extension of GF(25*) modulo P(X). So, let
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o(u) =aX 4+ b, p(v) = cX +d, and ¢p(w) = eX + f, we write the multiplication as
(aX +b)-(cX +d) mod (X?+ X +7) = (ad + be + Bac) X + (bd + ~ac) .

We can therefore verify the inner product checking two constraints: (1) [a] - [d] + [b] -
le] + 8- [a] - [e] = [e] and (2) [b] - [d] +~ - [a] - [c] = [f]- We chose 8 = 1, = 261,

Note that the output shares [d]® of the distributed decryption are elements in
GF(28) (the AES field). Since the input to the MPC inference protocol is expected
to be in arithmetic replicated secret sharing, the parties run the conversion protocol
TIgoa (Algorithm 2) to switch from boolean to arithmetic secret sharing.

Algorithm 5 Distributed decryption Ipistpec

Input: Party index ¢, ciphertext ct’j, nonce N, user ID IDgr, key share k;
Output: [d]*
1: [Ui?]]B = [[klﬂB + [Ui)QHB + [Ui?gﬂB
2: [d]® := Decpype (cth, N, IDyser|| V)
3. [d]? = Tgoa([d]®) (see Algorithm 2)
4: return [d]?

Secure Inference

Our MPC protocol for secure inference is based on arithmetic replicated secret sharing
(see Definition 1) and uses fixed-point precision with the parameters ¢ = 64 and
f = 8. The precision of 8 bits has been shown to be sufficient for maintaining the
model’s accuracy, achieving the same 96% as in the plaintext case (see Section 5.2).
Furthermore, by setting the precision to 8 bits, we reduce the probability of large
errors in a truncation protocol as detailed below.

The protocol for secure inference is described in Algorithm 6. It takes the ML model
and the replicated secret shared input sample as input, and evaluates the forward pass
of an L-layer deep neural network. Note that addition of secret shares can be done
locally. On the contrary, to multiply two secret shares, the parties need to communicate
to compute the cross-terms of the product, as described in Section 3.3.1. We implement
the ML inference on top of the MP-SPDZ framework [71]. The protocol for generating
Beaver triples in the offline phase is based on the preprocessing of Cramer et al. [72].
Activation layers involving non-linear operations are evaluated using binary circuits
following the approach of ABY3 [43].

To accommodate the requirements outlined in Section 5.3, we use the MaSTer [44]
truncation protocol to minimize the total inference time and maximize the throughput.
While MaSTer is currently the most efficient truncation protocol for RSS, it exhibits
probabilistic behavior, which may cause the honest parties to abort the computation
unnecessarily. However, the probability of abort can be made small by setting the
parameters appropriately; for example, choosing ¢ = 64 and f = 8 would make this
probability < 2746 see MaSTer [44]. Note that MaSTer achieves its efficiency by
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operating under a new adversarial model. Recently, Zbudila et al. [73] demonstrated
that the MaSTer protocol is robust in realistic adversarial settings.

Algorithm 6 Secure inference ITjfer

Input: Party index i, input [d]*, model parameters [[W]]?7 ﬂb]]]A V4 € [L] where L is
the number of layers
Output: [y]?
i [ylfpe = [d]*
2: for j € [L] do
s [l = aa, (D5 - IWD5 + [0]%)
4: end for
5: return [y]* := [y]}

Distributed Encryption

In the final step, the parties convert the prediction result [y]* into a ciphertext ctéj, y
encrypted under k. The parties locally create the associated data ad and nonce N as

ad = IDuserHPKlHPK2||PK3||IDana|ysi5thpea
N := |H(ad)]|ny,

where H denotes a collision-resistant hash function and [-]|x| is truncation to the
nonce length, if necessary. The ID,naiysis is generated by the metadata store and type
identifies the type of prediction. By defining ad in this way, we bind the prediction
result to a particular request of the user and to the assigned MPC party pool. This
excludes mix-and-match types of attacks by MOZAIK-Obelisk targeting the user.

Since the distributed encryption is based on the same techniques as distributed
decryption described earlier, we first convert the prediction result [y]* from arithmetic
into boolean sharing [y]® using the ITazg protocol (Algorithm 1) before running the
distributed encryption. Protocol Ilpisienc in Algorithm 7 details this.

Algorithm 7 Distributed encryption Ipjstenc

Input: Party index i, inference output [y]?, key share k;, MPC party public keys
PKy, PKg, PK3, analysis ID |Dynalysis, user ID IDser, prediction type type
Output: ct’yC

cth := Encpype([y]®, N, ad)
return ct?

1: [[k]]B = [[kl]]B + [[kQHB + [[kgﬂB

2 ad = 1D yser ||PK1 [|PKs || PKs [ IDanalysis|[type

3: N := LH(CLd)J“\]l

2 [y]® == Tass([y]*) (see Algorithm 1)
5:

6:
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The MPC parties all obtain ct’; after the distributed encryption protocol, which
can be safely stored in Obelisk. Note that it might be tempting to have only one MPC
party return the result to the database, however, this shortcut comes with a caveat.
Since MOZAIK-Obelisk, by design, does not know k, it cannot verify the validity of the
ciphertext ct’;. Therefore, the single MPC party can arbitrarily modify the ciphertext
causing decryption failures only at the moment the user accesses the results. To address
this denial of service attack vector, there are two options. To detect modification, a
single MPC party sends ct’; while the remaining only send a cryptographic checksum,
e.g., a hash, of ctéj. MOZAIK-Obelisk can compare the received value with the received
checksums and report the modification to the user and/or the remaining MPC parties.
Alternatively, to prevent modification, all three MPC parties send ctéj. In that case,
MOZAIK-Obelisk keeps the version of ct’yc where at least two parties agree. We choose
the second option to ensure a robust processing operation.

6.3.2 Data Processing in FHE

In case of fully homomorphic encryption, we assume that ciphertexts are encrypted
on the IoT device using the CKKS encryption scheme (see Section 3.4.1). All cryp-
tographic operations are performed by using the OpenFHE [74] library and, when
requested, the decryption is performed in-browser using a WebAssembly port of
OpenFHE. Furthermore, to interface with MOZAIK-Obelisk, we set up an HTTP
server on the FHE engine that requests input ciphertexts and keys, or sends the
inference results back.

In Algorithm 8 we describe the steps necessary to perform the FHE-based infer-
ence, leveraging the algorithms described in [75] to compute the matrix-vector product.
The inference algorithm makes use of two other subroutines, ChebyshevApproximation
and EvalPolynomial. Recall that SIMD-based FHE schemes are tuned towards effi-
cient evaluation of polynomial operations over the encrypted vectors. However, the
activation functions typically used in the evaluation of deep learning models are
rarely polynomials. It is theoretically possible to compute the activation functions
exactly, but in practice it will be more efficient to compute a polynomial approxima-
tion and evaluate the latter. The required polynomial is computed in the procedure
ChebyshevApproximation and evaluated in EvalPolynomial. Note that the latter simply
relies on the Add and Mul functions, and is therefore not described in detail. Due to
the use of approximations, the model’s accuracy drops marginally from the plaintext
baseline to 95% (see Section 5.2).
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Algorithm 8 FHE-based inference

Input: CT: the ciphertext encoding the input vector of the inference.
Input: KM: the auxiliary key material of the scheme.
1: Load (W, b, F})iclo..k)nz, the weight matrices, biases and activation functions for
all k layers.
CT’:=CT
fori=0toi=k—1do
CT:,, := FHEMatMul(W;, CT?) (see [75])
CTj, := Add(CT?,,., b))
P;(X) := ChebyshevApproximation(F;)
CT**! .= EvalPolynomial(CT?, P;(X))
end for
return CTF

© ® XS g W

7 Evaluation Results

This section evaluates the end-to-end privacy-preserving data storage and processing
platform introduced in Section 4, focusing on the overhead it introduces compared
to processing plaintext data without privacy protections. These evaluations are per-
formed on the implemented use case described in Sections 5 and 6. All evaluation
results and scripts are available on GitHub [13].

7.1 Experimental Setup
Our experimental evaluation uses the following hardware.

IoT Sensor and Gateway. The IoT sensor device simulator that ingests samples into
the system runs on a virtual machine server, and is supplied with 4 cores of a 2.40 GHz
Intel(R) Xeon(R) E5645 CPU and 8 GB of RAM. The gateway runs on a separate
virtual machine server with the same CPU type, but supplied with 8 cores and 16 GB
of RAM.

MOZAIK-Obelisk. All components encompassed within MOZAIK-Obelisk are
deployed on a Kubernetes v1.29.1 cluster, consisting of one controller node and three
worker nodes, all with 6 cores of a 2.40 GHz Intel(R) Xeon(R) Silver 4314 CPU and
32 GB of RAM.

MPC Parties. We run the MPC protocol in a three-party setting on three virtual
machine servers supplied with 4 cores of a 2.40 GHz Intel(R) Xeon(R) Silver 4314
CPU and 16 GB of RAM.

FHE Server. We run the FHE inference on a virtual machine server supplied with 16
cores of a 2.10 GHz Intel(R) Xeon(R) Silver 4208 CPU and 64 GB of RAM.

The MOZAIK-Obelisk nodes and the MPC parties are interconnected via a 10
Gbit/s network link, achieving realistic data transfer rates of approximately 9.35
Gbit/s as measured with iPerf [76]. The FHE server, on the other hand, is connected to
MOZAIK-Obelisk using a 1 Gbit/s network link, achieving approximately 940 Mbit/s.
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Ezxperimental Setup for Micro-Benchmarks

We provide micro-benchmark results for the data processing components using the
same hardware setup described above. For comparison, we also include compu-
tation times for plaintext processing, that is, without applying privacy-preserving
COED techniques. These plaintext processing experiments were conducted on a lap-
top equipped with a 24-core Intel(R) Core(TM) i7-12850HX CPU, 32 GB of RAM,
and an RTX A2000 GPU with 8 GB of memory.

7.2 Micro-Benchmarks of ML Inference

In this section, we compare the inference runtimes of our deep neural network (DNN)
in MPC and FHE to the corresponding plaintext runtimes when using the TensorFlow
library [77, 78]. We present the results in Table 1. The plaintext experiments are run
in C++ on GPU using the cppflow [79] library utilizing the TensorFlow C API [80].
The depicted times are averaged over ten experiments, measuring the total inference
time, including setup and wrap-up procedures. Note that in the plaintext experiments,
this entails data transfers from the CPU to the GPU and back, while in MPC, this
involves the networking setup between the computing parties. We further compare
the MPC protocol that is secure against a malicious (M) adversary to its semi-honest
(SH) counterpart, highlighting the noticeable overhead introduced by the protocol that
has stronger security guarantees. Finally, for the MPC experiments, we split the total
running time into an offline (preprocessing) phase and an online (input-dependent)
phase (see Section 3.3). Since the offline (preprocessing) phase does not depend on
the input, the MPC parties could, in theory, perform it during idle times. This would
speed up computation when a request arrives, as only the online phase would need to
be executed.

The plaintext running times scale sublinearly with the batch size, with running
times ranging from the order of microseconds to milliseconds. In contrast, the MPC
overhead scales linearly with the number of required multiplications. For smaller batch
sizes up to 16, the overhead introduced by MPC is minimal and has little practical
impact compared to plaintext inference. However, as the batch size increases, the
difference in performance becomes more pronounced. For a testing dataset of 10000
samples, running the inference using a maliciously secure MPC protocol can be up to
five orders of magnitude slower than the plaintext version.

In the case of FHE-based inference, we implement single-sample and batched infer-
ence for our use case. In SIMD-based schemes, the maximal vector size that can be
encrypted usually exceeds the input dimension of the model by several orders of mag-
nitude. Hence, it is possible to perform the inference over batches by storing the
concatenation of multiple vectors within the same ciphertext. Then, for a range of
batch sizes, the runtime remains constant provided the amount of encoded vectors
fits into the ciphertext. However, unlike in MPC, it becomes a requirement that every
vector in a batch is associated with the same user, as the keys must match.
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Table 1: ML inference times for different batch sizes. The
reported times compare the plaintext ML inference time with
that of MPC in the semi-honest (SH) setting, MPC in the mali-
cious (M) setting, and of FHE.

Batch size Time (s)
Preprocessing  Input-dependent Total
Plaintext - - 0.0006
1 MPC (SH) 0.004 0.078 0.082
MPC (M) 0.066 0.085 0.153
FHE - - 40
Plaintext - - 0.0009
16 MPC (SH) 0.015 0.127 0.145
MPC (M) 0.395 0.186 0.583
FHE - - 179.2
Plaintext - - 0.0009
- MPC (SH) 0.031 0.171 0.204
MPC (M) 0.795 0.301 1.099
FHE - - 179.2
Plaintext - - 0.0009
64 MPC (SH) 0.049 0.292 0.343
MPC (M) 1.626 0.551 2.180
FHE - - 179.2
Plaintext - - 0.001
128 MPC (SH) 0.099 0.529 0.627
MPC (M) 3.183 0.965 4.151
FHE - - 179.2
Plaintext - - 0.0015
256 MPC (SH) 0.200 0.990 1.194
MPC (M) 6.477 1.884 8.366
FHE - - 179.2
Plaintext - - 0.002
512 MPC (SH) 0.368 1.849 2.222
MPC (M) 13.086 3.901 16.993
FHE - - 358.7
Plaintext - - 0.005
10000 MPC (SH) 6.866 34.463 41.362
MPC (M) 249.587 71.196 320.858
FHE - - -

7.3 Communication Overhead

In the following, the sizes of the relevant key material and ciphertexts required to
achieve MOZAIK’s end-to-end encryption design goal are detailed. These illustrate
the communication overhead compared to plaintext data transfers.

For MPC, the symmetric key k that is held by the user’s IoT device is a standard
AES-128-GCM key with a size of 16 bytes. Each encrypted sample consists of 1496
bytes and has a final size of 1524 bytes due to the added 12 bytes nonce and 16 bytes
authentication tag. Each MPC party’s RSA public key has a size of 256 bytes. Instead
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of secret sharing k, we secret share the key schedule of AES-128 for k, resulting in key
shares of 176 bytes that need to be encrypted with RSA-OAEP. These three ciphertext
key shares have a size of 256 bytes each, and each of these is intended for one of the
three MPC parties. They are temporarily stored in MOZAIK-Obelisk’s key store. The
ciphertext of the analysis result, produced by performing the distributed encryption
protocol, has a size of 56 bytes.

For FHE, there is a larger set of keys. Beyond the secret and public key, measuring
29 MiB and 71 MiB, respectively, the CKKS scheme requires additional keys to enable
the homomorphic operations, totaling 26 GiB. We stress again that these additional
keys can be publicly shared similarly to the public key. Finally, the input and output
sample ciphertext have an identical size of 57 MiB.

7.4 Performance of Ad Hoc Analysis

To evaluate the performance of the proposed platform, we begin by assessing the
computation latency of the ad hoc analysis processing mode by measuring the duration
from the moment an analysis request is submitted by the user to the point at which
the computation result is made available on the web dashboard. We define this as the
end-to-end processing latency.

For each batch size, we construct an analysis request containing the corresponding
number of data points for that batch size. Once the request is submitted, we wait
until the computation results are stored in Obelisk, at which point they also become
accessible to the user via the web dashboard. To calculate the end-to-end processing
latency for each batch size, we use the timestamps of request submission and result
storage that are recorded for each analysis in the metadata store. We repeat this
process ten times for each batch size to compute the mean end-to-end processing
latencies, which are detailed in Table 2 for both MPC-based and FHE-based processing
methods.

Note that FHE-based computation shows constant latency across batch sizes 1
through 8, and a higher constant latency for batch sizes 16 through 256. This is due
to certain optimizations we include that only apply for smaller batch-sizes. Briefly,
for smaller batch sizes, we can include multiple copies of the same sample in a single
ciphertext. By exploiting this redundancy, we can decrease the required number of
rotations and multiplications.

These results indicate that in ad hoc analysis mode, the MPC-based processing
method in a malicious setting supports batch sizes of up to 240 while maintaining
an end-to-end processing latency just below the ten-second requirement specified in
Section 5.3. This highlights the cost of an end-to-end confidential data storage and
processing solution, since the plaintext counterpart of a computation with batch size
240 would require less than 0.0015 seconds (see Table 1). The FHE-based processing
method, on the other hand, does not meet the specified use-case requirements.

7.5 Performance of Streaming

In streaming mode, on the other hand, data is continuously ingested at a certain
ingest rate (in samples/s) and grouped into batches, with processing starting as soon
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Table 2: Mean end-to-end (E2E) pro-
cessing latency for varying batch sizes
and the two evaluated COED methods
in ad hoc analysis.

E2E Processing Latency (s)
Batch Size  MPC-based FHE-based

1 1.059
2 1.075
4 1.106 41.017
8 1.354
16 1.931
32 2.784
48 3.459
64 4.020
80 4.555
96 4.962
112 5.598
128 6.245
144 6.651 180.217
160 7.149
176 7.953
192 8.479
208 8.881
224 9.280
240 9.921
256 10.507

as a batch is filled. Since ingesting data at a certain ingest rate requires time as well,
we distinguish between two end-to-end processing latencies: the maximum end-to-end
processing latency and the minimum end-to-end processing latency. The maximum
end-to-end processing latency includes both the time required to fill a batch and
the end-to-end processing latency itself, representing the longest possible delay an
ingested data point may experience until it has been processed. The minimum end-to-
end processing latency does not include the time required to fill a batch and reflects
only the end-to-end processing latency. The data point that arrives first in a batch
will experience the maximum end-to-end processing latency, whereas a data point that
arrives last in a batch experiences the minimum end-to-end processing latency. Under
normal load conditions, we expect that the minimum end-to-end processing latency for
a batch of a certain size remains relatively constant. To evaluate the performance, we
gradually increase the ingest rate for each batch size until we observe a significant rise
in minimum end-to-end processing latency. The maximum ingest rate for a given batch
size is the highest ingest rate at which the latency remains consistent with the latency
observed at lower ingest rates. This method is visualized in Figure 7 for a batch size
of 192, which has a minimal end-to-end processing latency below ten seconds under
normal load, as an example. Here, the minimum end-to-end processing latency remains
relatively stable up until an ingest rate of 18.8 samples/s. Ingesting more data beyond
the maximum ingest rate would build up a queue with an ever-increasing length,
eventually resulting in a failing system. Note that we only evaluate the streaming

37



Batch size 192

35000 A

30000 + /

25000 ~ /

20000 ~ /

15000 A /

10000 e g 5t g T e

5000 ~

Minimum end-to-end processing latency (ms)

0 T T T
15 16 17 18 19 20 21

Ingest rate (samples/s)

Fig. 7: Minimum end-to-end processing latency for batch size 192 under a gradually
increasing ingest rate. It is evident that the latency begins to rise significantly beyond
an ingest rate of 18.8 samples/s, identifying this as the maximum sustainable ingest
rate for this batch size. The red dotted horizontal line represents the mean latency of
all processing runs up to and including this threshold.

mode for the MPC-based processing method, since the FHE-based processing method,
with an end-to-end processing latency of already 41.017 seconds for batch sizes one
through eight, does not meet the ten-second analysis result requirement specified in
Section 5.3.

Table 3 presents the evaluation results for MPC-based processing in streaming
mode across varying batch sizes. Each row reports the maximum achieved ingest rate in
samples/s for a certain batch size, the maximum and minimum end-to-end processing
latencies at that ingest rate, and the number of supported data streams within a ten-
second window at that ingest rate. The number of supported streams is derived from
the ingest rate and reflects how many IoT sensor devices can be connected to the
platform, assuming that each device ingests one data point every ten seconds, and that
all connected devices ingest data points uniformly in the ten-second window. To meet
the requirements outlined in Section 5.3, the maximum end-to-end processing latency
must remain below ten seconds. Otherwise, some ingested data points will need to wait
longer than ten seconds to retrieve their analysis result. The platform can therefore
support an ingest rate of up to 13.841 samples/s at a batch size of 64, or 138 IoT
sensor devices uniformly sending one data point each in a ten-second window. Here,
the first data point in each batch will experience an average maximum wait time of
8.757 seconds, while the final data point in the batch will wait at least 4.205 seconds
on average to retrieve their analysis result.
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Table 3: Maximum ingest rate in samples/s achieved for streamed processing at
certain batch sizes. The maximum and minimum end-to-end (E2E) processing
latency at a given batch size respectively represents the longest and shortest
time a data point might need to wait before its analysis result becomes available.
The supported data streams reflect the maximum amount of IoT sensor devices
that can be connected to the platform when performing streamed processing at
a certain batch size.

Streamed processing
Batch size  Samples/s Max. E2E latency (s) Min. E2E latency (s) Data streams

1 0.974 1.120 1.120 9
2 1.948 1.623 1.110 19
4 3.124 2.181 1.221 31
8 4.146 3.086 1.398 41
16 7.075 4.076 1.956 70
32 9.885 6.278 3.142 98
48 12.139 7.431 3.559 121
64 13.841 8.757 4.205 138
80 14.799 10.152 4.814 147
96 16.109 11.099 5.202 161
112 17.341 12.534 6.133 173
128 17.690 14.158 6.979 176
144 17.618 15.742 7.625 176
160 17.947 16.727 7.868 179
176 18.215 18.457 8.849 182
192 18.816 20.062 9.911 188
208 19.051 21.591 10.725 190
224 19.095 23.534 11.856 190

8 Conclusion

As the volume of sensitive IoT data that require storage and analysis continues to grow,
the need for an end-to-end secure and privacy-preserving storage and analytics system
arose. This paper presents MOZAIK, an end-to-end confidential data storage and
distributed processing solution for IoT-to-cloud scenarios. This work covers a detailed
examination of the proposed architecture’s design and implementation details. To
validate MOZAIK’s practical feasibility and better evaluate its capabilities, a realistic
heartbeat anomaly detection use case was implemented. The platform ensures end-
to-end data confidentiality by encrypting the data at the source before it leaves the
user’s control using a symmetric encryption key held by the user. The encrypted
data is stored in Obelisk, a scalable, cloud-based time series database tailored for IoT
data ingestion and querying. In order to provide secure data analytics and insights,
two distinct COED techniques, MPC and FHE, are explored. These techniques allow
privacy-preserving data processing, including ML inference, without revealing sensitive
information about the data to the processors. The resulting encrypted analytics are
stored back in Obelisk.

Our evaluation results demonstrate the feasibility of MOZAIK while also highlight-
ing the substantial overhead associated with delivering end-to-end privacy-preserving
data storage and analytics compared to conventional plaintext systems that offer
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no security or privacy. Despite the higher computational and performance costs, the
strong privacy and security guarantees provided by MOZAIK make it a worthwhile
trade-off in environments where data confidentiality is critical.

Trade-Offs Between MPC and FHE

This work explores and implements both MPC and FHE COED techniques. Based
on our experience, we briefly discuss the advantages and shortcomings of both tech-
nologies. On the one hand, MPC-based techniques offer sizable advantages in terms of
performance. Even in the malicious setting, MPC-based inference outperforms FHE
by a factor of 20 to 260 depending on the batch size. Furthermore, FHE-based tech-
niques require additional key material on a per-user basis, which are of considerable
size. The latter also impacts the computational efficiency: for any batch size, approxi-
mately 20 seconds are spent loading keys into RAM from disk. On the other hand, the
deployment and management of the FHE pipeline is much simpler. Network traffic is
only required at the very beginning and end of any computation, and no coordination
between FHE servers is ever required. Due to the same independence, adding new
FHE servers for horizontal scaling is straightforward, whereas scaling an MPC setup
often involves complex coordination among parties, who must agree on legal frame-
works and trust relationships. Furthermore, while the performance of MPC is bounded
by the network properties, the performance of FHE is largely bound to the hardware
and therefore can be improved by upgrading the latter. Considering the growing body
of dedicated hardware acceleration for FHE [81, 82], it follows that the performance
gap may be reduced or even closed in the future.

In general, our experiments suggest that employing FHE is preferable in scenarios
where the network between MPC parties has low throughput or when the assump-
tions underlying the MPC security model are not believed to hold. However, when
performance, particularly in terms of time or memory efficiency, is critical, MPC-
based approaches will typically be more suitable. Moreover, MPC protocols offering
malicious security are especially well suited for critical applications that require ver-
ifiable computation, an area where FHE currently falls short, unless combined with
additional costly cryptographic mechanisms such as zero-knowledge proofs. Finally, a
hybrid approach is also worth considering, where MPC parties simultaneously serve
as FHE servers, allowing low-priority tasks to be delegated to the FHE components.
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