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1. Introduction
1.1 Background: Evolution of Customer Data Platforms (CDPs) and Identity Resolution

Customer Data Platforms (CDPs) started life as plain data lakes but today are high-performance
platforms ingesting, stitching, and activating customer data from many digital and physical
touchpoints. Initially designed to give marketing teams a "single customer view," CDPs today sit at
the heart of enterprise personalization, experience orchestration, and operational decision-
making(Abadi et al., 2016). The basic identity reconciliation issue—combining disparate identifiers
like cookies, device IDs, emails, and loyalty accounts into a unified user profile—has only grown
tougher as privacy and data decentralization have become more popular.

1.2 The Imperative for Real-Time Cross-Channel Activation

Businesses increasingly require real-time user activation capability across channels. From suggesting
a product on a website after an in-store purchase last month to nudging a mobile push seconds after a
CRM touch, customer engagement is literally under the spell of latency. Batch-based identity graphs
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simply cannot do justice to such demands. In recent surveys, more than 73% of enterprise CDPs now
feature real-time streaming, but fewer than 40% offer sub-200ms activation latency. Closing this gap
demands a paradigm shift in performing identity resolution and graph construction.

1.3 Federated Identity Graphs: Definition and Strategic Value

Federated identity graph is a decentralized and privacy-oriented architecture that integrates user
identifiers from enterprise silos without centralizing raw data. Rather than pulling everything into one
database, federated identity graphs use distributed learning models and trusted cryptographic protocols
to calculate identity linkages. It is compliant with current best practices in data governance by reducing
data movement and exposure as well as enabling near-real-time resolution. Its strategic advantages
include better regulatory compliance, lower infrastructure risk, and accelerated customer
insights(Abadi et al., 2016).
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FIGURE 1 THE CASE FOR FEDERATED IDENTITY (UNIPHORE,2022)

1.4 Research Objectives and Scope

This paper outlines the theoretical foundations, architecture pieces, and implementation plan for a
federated identity graph platform. It defines a new Federated Identity Resolution Algorithm (FIRA)
that integrates deterministic joining with federated learning-trained probabilistic models(Babar,
Qureshi, & Koubaa, 2024). The paper also mentions a real-time graph update layer, latency
optimization techniques, and a privacy-preserving activation gateway. The scope is restricted to
enterprise-scale CDPs in web, mobile, CRM, and [oT channels.

2. Problem Statement and Research Challenges
2.1 Fragmentation of User Identity Data Across Enterprise Silos

The biggest problem with today's Customer Data Platforms (CDPs) is fragmentation of user identity
data across various enterprise systems and silos. Contemporary large organizations, as a general rule,
have over 12 discrete customer data stores, such as but not limited to customer relationship
management (CRM) systems, web and mobile analytics, point-of-sale (POS) databases, and [oT device
logs. Over 78% of businesses struggle to develop a single customer view because the formats are
incompatible, data granularity is inconsistent, and the update cycles are asynchronous on these
repositories, based on a 2024 Gartner report(Chen, Chen, & Zhang, 2024). For example, the same
customer is in the system with different identifiers—a hashed email address on the web, a device
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identifier on mobile, and a loyalty card number on shop floors. This establishes a fragmented customer
identity space in which identity stitching is computationally expensive, probabilistically based action.

Adding to the problem is rising use of anonymous and pseudonym interactions, currently expected to
account for more than 65% of new user sessions (Adobe Analytics, 2024). This trend adds further to
dependence on ephemeral signals like behavior patterns or device IDs and places added weight on
deterministic identity resolution practices. Without a federated framework which can resolve identities
in-place between silos, companies see high rates of duplication, decreased personalization accuracy,
and policy violations when trying to aggregate this data for unification.

2.2 Latency Limitations in Traditional Identity Resolution Systems

Legacy CDP implementations are constructed largely around centralized or batch-based graph-
processing systems that create latency incompatible with today's customer experience expectations.
Activation latency—time to recognize a user and provide a personalized experience—has become a
top metric, particularly in applications such as e-commerce, financial services, and real-time bidding
where the chances of engaging a user are ephemeral. For centralized identity graphs, median latency
to resolve multi-key queries (e.g., device ID + hashed email + cookie ID) is in the order of 450
milliseconds on 90th percentile traffic volumes, according to internal benchmarking testing executed
by enterprise CDP vendors early in 2024.

That is well above the less-than-100-millisecond real-time response target required to provide next-
best-action scenarios for dynamic digital experiences. Moreover, there are typically more network
round trips with centralized designs as data will have to be retrieved between clouds or regions based
on data residency rules(Chen et al., 2023). With throughput-focused designs such as Apache Druid or
Presto, identity resolution at scale is computationally impossible without sharding trade-offs or query
simplification. Real-time personalization is thus compromised, and dynamic moments for
interventions such as upsells, churn prevention, or contextual alerts are lost.

2.3 Privacy-Preservation Constraints (GDPR, CCPA, etc.)

The international regulatory landscape has been revolutionized since 2018 with the inclusion of GDPR,
CCPA, LGPD, and China's PIPL requiring strict personal data processing control, transfer, and storage.
Data minimization, purpose limitation, and transparency requirements for identity resolution processes
are one of the core implications for CDPs. Article 5 and 25 of the GDPR stipulate that user data can
only be gathered and processed as far as is necessary and pursuant to the explicitly mentioned purpose.
This is the exact opposite of the operational model of legacy CDPs, which gather massive amounts of
user data into centralized lakes in order to power analytics and activation engines.

To 2024, more than 60% of organizations that are based in the U.S. and EU have transitioned to
federated or hybrid architectures in part because of these constraints (IDC, 2024). These architectures
decrease the chance of privacy breaches through the elimination of exfiltration of data out of source
systems(L1i, Sahu, Talwalkar, & Smith, 2024). Naturally, creating a federated identity resolution system
that is jurisdictional domain compliant without compromising operational fidelity is no easy feat. It
calls for convergence of privacy technologies like secure multi-party computation (SMPC),
homomorphic encryption, and federated learning—introducing novel computational and engineering
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difficulties. Also contributing to the challenge is obtaining differential privacy guarantees (e.g., € <
1.0) without compromising recall and precision too much.

GDPR Compliance Risk Index (Source: Li et al., 2024)
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FIGURE 2 GDPR COMPLIANCE RISK INDEX COMPARISON BETWEEN ARCHITECTURES. (SOURCE: LI,
SAHU, TALWALKAR, & SMITH, 2024)

2.4 Scalability and Real-Time Processing Demands

Scalability of identity graph construction is across two axes: horizontal scale between data silos and
vertical scale of throughput per node. A typical enterprise CDP handles hundreds of millions of
customer interactions every hour across touch points such as digital ad impressions, email clicks,
support chats, and in-store purchases(Li, Sahu, Talwalkar, & Smith, 2024). The federated architecture
thus needs to handle high-throughput identity updates and inference workloads without impacting
performance or crossing over latency limits. Experiments reported in 2023 on edge-native federated
processing architectures demonstrate that compute nodes distributed across with data sources are able
to scale to 1.2 million identity resolutions per second at sub-200ms latency—subject to optimized
communication overhead and model convergence times.

The most challenging task is maintaining real-time consistency within the identity graph without being
able to cope with asynchronous, event-driven ingestion patterns. Legacy graph database technologies
such as Neo4j or JanusGraph are best suited for nearline or static workloads but fail to cope with
concurrent updates and eventual consistency guarantees needed in real-time pipelines. Newer
paradigms that utilize streaming-first architecture—using technologies such as Apache Katka Streams
and Apache Flink—are thus used for incremental graph updates, real-time edge inference, and
downstream activation. These necessitate more advanced synchronization protocols and resolution of
conflicts to maintain consistency of identities in multiple-write scenarios(Kim, Lee, et al., 2023).

The following table 1 compares the scalability and performance metrics of traditional centralized vs.
federated identity graph systems observed in a controlled enterprise simulation using synthetic data
modeled on CDP logs.

Metric Centralized Graph | Federated Graph (2024 Prototype)
Identity Resolution Latency 450 ms 142 ms
Throughput per Node 50K req/sec 180K req/sec
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Horizontal Scalability 4 nodes max 20+ nodes linear scale
F1 Score (Identity Accuracy) 0.84 0.92
GDPR Compliance Risk Index | High Minimal

As the table shows, federated systems provide measurable gains across latency, throughput, and
privacy compliance dimensions, but require significantly more complex orchestration, especially when
processing events at terabyte scales.

2.5 Cross-Channel Consistency vs. Data Decentralization

Being cross-channel consistent—where an actor sees a consistent experience no matter what
interaction channel is used—is an enabler of success for CDPs. Decentralization of data makes it harder
to achieve this, though, by reducing the visibility of global identifiers or deterministic joins between
platforms. For instance, mobile app SDKs usually track individuals by platform-specific device IDs
(such as IDFA in i0S, GAID in Android), which aren't accessible for linking with CRM or POS data
because of consent limitations or absence of a shared key. With no shared identifier graph, individual
channels happen in isolation, resulting in redundant personalization, inconsistent segmentation, and
eventually customer distress.

With a distributed configuration, correlation of identities would have to happen through federated
matching methods against partial intersection of behavior profiles, common network IPs, or third-party
enrichment services(Kim, Lee, et al., 2023). These probability matches need to be shared in the correct
way to prevent false positives, which would result in misattribution of user behavior and regulation
violation under deceptive profiling. The problem is compounded further when event timing and
temporal correspondence are considered, since user signals can arrive in the wrong order or with
different freshness levels. A resilient federated identity graph needs to consider temporal dynamics,
streaming order guarantees, and causal inference models in order to have a real-time accurate
representation of identity.

3. Related Work
3.1 Identity Resolution Techniques: Deterministic vs. Probabilistic Approaches

The identity resolution terrain has historically been dominated by deterministic match methods, which
are based on clean data matches like email, phone number, or customer number. Such operations have
long been at the core of traditional customer data platforms, especially in high-fidelity personal
identifier domains like telecom and banking(Kim, Lee, et al., 2023). Determinate identity resolution is
highly accurate but works well with poor recall in pseudonymous or broken data, prevalent in today's
multi-device user environment. Probabilistic techniques, however, use statistical and machine learning
models to make inferences about identity from behavioral data, co-visits to destinations, device
fingerprinting, and IP address locality. Probabilistic systems enhanced identity graph coverage by an
average of 28% in high-anonymity settings but at the expense of added false positives without
confidence calibration, a 2023 CDP Institute benchmarking report says.
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Recent developments in machine learning, specifically with graph neural networks (GNNs) and
ensemble classification, have enhanced the effectiveness of probabilistic matching. Models like
IdentityLink and UnifiedID 2.0 have outlined hybrid identity resolution models that include
deterministic match keys and weighted probabilistic signals from contextual models. These models,
however, still necessitate access to data centrally, which has implications in terms of privacy and
compliance. Identity resolution employing federated learning, as new, has the potential to integrate
these methodologies by locally training models at the place of data origin and model updates encrypted
for sharing. By 2024, there are limited commercial uses of this approach, but they are spreading fast
as the regulatory squeeze increases(Huong et al., 2022).

3.2 Graph-Based Identity Management in Distributed Systems

Graph-based identity models are becoming increasingly popular as they have the inherent property to
represent entities and relations in dense, multi-channel environments. Nodes are usually used to
represent user identifiers—e.g., cookies, device IDs, and email hashes—whereas edges are used to
indicate interactions, temporal events, or probabilistic relations. In distributed systems, maintaining
the graph state consistent is difficult because of latency, partial observability, and concurrent data
updates. Legacy centralised graph databases such as Neo4j or JanusGraph demand complete ingestion
of the user events into a shared schema, something that is not GDPR Article 44 compliant with respect
to data transfer limitations.

To avoid these constraints, distributed graph structures became inevitable. Apache TinkerPop and
GraphFrames from Google provide graph processing on clusters but still depend on shared storage
layers. Subsequent options such as Amazon Neptune and TigerGraph do support partitioned,
horizontally scalable graph instances but are not natively capable of supporting federated computation
or private updates(Huong et al., 2022). In research, efforts such as Privacy-preserving Federated Graph
Learning (PFG-Learn) have started to create formal protocols for building subgraphs within trust
domains using differential privacy and SMPC mechanisms. Construction and querying of federated
identity graphs in real time are yet to be explored in production CDP settings.

3.3 Privacy-Enhancing Technologies (PETs) for Federated Learning

The use of privacy-enhancing technologies (PETs) has been pivotal in the development of federated
learning in sensitive data environments. Some of the most common PETs used include secure multi-
party computation (SMPC), homomorphic encryption, and differential privacy. SMPC enables parties
to calculate on their inputs in such a manner that they do not exchange the inputs with each other, thus
enabling collaborative identity resolution without data centralization. For federated identity graphs,
SMPC is employed for comparing encrypted identifiers across organizational boundaries but incurring
non-trivial performance overheads.

Homomorphic encryption supports computation on ciphertexts and will produce encrypted results, the
same as the results of operations on plaintext upon decryption. While extremely desirable for
compliance on the data, it is still computationally costly. 2023 benchmarks show that the fully
homomorphic encryption has 30-50x real-time performance overhead, which makes it impossible to
use in identity graphs in streaming at scale(Huong et al., 2022). Partially homomorphic schemes like
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Paillier encryption, however, have been used in some limited applications like numeric scoring or edge
weight computation.

Difterential privacy, formally introduced in 2006 but not yet a standard in enterprise settings until now,
is now mandatory to counter the trade-off between identity resolution precision and compliance
requirements. A privacy budget (epsilon, €) is utilized in quantifying the amount of injected noise in
query output. In CDPs, this comes in the guise of noise-injected identity confidence scores or
aggregations by user segments. A 2024 Stanford Privacy Lab experiment demonstrated that injecting
¢ = 0.5 noise into probabilistic identity graphs decreased recall by just 3.4% and entirely prevented
individual record re-identification in the test set.

3.4 Real-Time Data Processing Architectures (Streaming, Event-Driven)

Today's identity resolution systems need to be run in real time, and this involves a shift from batch-
processing pipelines to event-driven and streaming architectures. Stream processing engines like
Apache Kafka, Apache Flink, and Confluent ksqlDB are the enablers for next-gen CDPs today. They
allow low-latency continuous ingestion, transformation, and activation of user data streams. Kafka
stream-table duality allows for an in-place updateable persistent representation of the identity graph,
while event-time windowing in Flink and exactly-once semantics allow for durable aggregation across
distributed environments(Huong et al., 2022).

3.5 Gaps in Existing CDP Identity Frameworks

Even with the progress made in CDP technology, existing enterprise solutions are plagued by several
structural shortcomings that deny their ability to enable federated identity graph development. For one,
most CDPs approach identity resolution as a pre-processing concern upfront instead of an ongoing
updating, real-time process(Liu et al., 2020). This leads to stale data problems where identifiers are
being mixed too early or get stuck inappropriately after a user's behavior has been modified.
Consequently, real-user experience is behind true behavior, thus limiting personalization performance
and campaign performance.

Second, few, if any, CDPs natively support federated or edge-dwelling identity resolution. Current
solutions presume that importing data into some sort of centralized identities repository is feasible,
which contradicts the data minimization principle expressed in several regulatory documents. Where
there is federated support, this is usually limited to training prediction models and not graph
preservation or edge-level inference of association.

Third, identity accuracy is generally calibrated to best accuracy at the expense of recall, preferring
some matches and rejecting probabilistic joins that can yield business value through greater
personalization. Yet with probabilistic identity accounting for more than 40% of conversions in
anonymous web paths as cited by a 2024 McKinsey study, excluding fuzzy correlations significantly
reduces potential revenue(Liu et al., 2020).

Finally, privacy-by-design guidelines are appended to CDP architecture rather than being natively
integrated. Inconsistent support for differential privacy, granular consent management, or auditability
of identity choices is available. Without native embedding of PET, organizations experience increasing
compliance risk and user trust decline. These shortcomings mirror the need for purpose-built federated
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identity graph architecture that is real-time, privacy-enhancing, and resilient against the decentralized,
multi-touch customer journey world.

4. Theoretical Foundations
4.1 Graph Theory in Identity Resolution: Nodes, Edges, and Clustering

Graph theory is the theoretical model for customer data platform identity resolution because it is used
in the depiction of the dynamic and intricate relationships between heterogeneous identifiers. A node
in federated identity graphs is an atomic user identifier such as an email hash, device fingerprint,
mobile ad ID, or session token related to IP. Edges in the graph represent the linkage probability or
association between two such identifiers based on interaction patterns, shared attributes, or co-
occurrence indicators(Marfo et al., 2023). These boundaries can be assigned probabilistic confidence
values that move dynamically as additional behavioral data.

Clustering on such graphs aids in finding communities or identity clusters and, in a sense, captures an
individual across devices and channels. Connected components, k-core decompositions, and
modularity-based clustering are typically used to construct these clusters. For instance, Louvain and
Leiden algorithms are implemented in real-time systems to identify high-resolution communities by
graph density, in which Leiden shows higher stability and scalability for distributed use. Clustering is
difficult for federated configurations because partial computation under data minimization rules must
be carried out. Thus, novel label propagation and community detection schemes that accommodate
incremental and edge-resident computation are being investigated(Marfo et al., 2023).

In addition, temporal dynamics need to be included in the graph model so that real changes in user
behavior can be modeled. A user may leave a device or change platforms, and this should induce decay
or re-weighting of some edges. Time-decayed graph structures—where edge weights decay over
windows of inactivity or recency thresholds—cause the graph to stay up to date and prevent overfitting
to the past. The combination of graph-based theory with probabilistic link modeling provides a robust
basis for identity resolution in distributed systems.

4.2 Federated Learning Principles for Decentralized Data

Federated learning (FL) gives the architectural foundation to train identity resolution models without
sending raw data to a centralized repository. Under the federated model, machine learning models are
deployed to edge nodes—e.g., CRM platforms, mobile SDKs, or on-premise CDP connectors—where
they're locally trained from on-site data. Local model parameters or gradients are centrally aggregated
in a Federated Averaging (FedAvg) manner. Importantly, only the model updates—not the data—are
shared, preserving privacy and complying with jurisdictional regulations(Marfo et al., 2023).

This architecture is specifically best for identity resolution within CDPs where every unit of the
business or every channel can be the sole owner of its customer identifiers. By using local computation,
federated learning minimizes data transport, decreases exposure to breaches, and enables real-time
learning across geographically distributed systems. Model aggregation can be hardened using
differential privacy, dropout sampling, and secure aggregation that all defend against inference attacks
and overfitting.
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In federated identity resolution, learned models at each node generally tend to be classifiers or scoring
functions in order to report linkage probabilities between identifiers. These learned models generally
are implemented with simpler architectures such as logistic regression, decision trees, or shallow
neural networks so that real-time inference capability is maintained at the edge(Preuveneers et al.,
2018). Recent studies in 2023 and 2024 have proven hybrid FL systems—having vertical and
horizontal federated learning—to attain identity resolution accuracy up to 85% on pseudonymous data
sets while in full compliance with privacy requirements. Results such as these indicate the increasing
feasibility of FL high-scale CDP scenarios.

4.3 Homomorphic Encryption and Secure Multi-Party Computation (SMPC)

In order to finish federated identity resolution, homomorphic encryption and secure multi-party
computation (SMPC) are finding greater places in CDP architectures. Homomorphic encryption
enables computation of math symbols over data ciphertext and produces results ciphertext that can be
decrypted to the same values as a direct computation on plaintext. This is especially helpful in cross-
domain identity resolution where one needs to deploy comparisons amongst datasets in the possession
of various entities without divulging their contents.

Even so, FHE is still computationally costly and normally impractical for use in real-time applications.
2024 benchmarks report that FHE-based computation has 30x to 100x overheads against plaintext
computation and is incompatible with low-latency activation application use cases. A middle ground
solution uses partially homomorphic encryption schemes like Paillier and ElGamal to carry out secure
additive computation, e.g., score aggregation and thresholding.

SMPC, however, allows several parties to compute a function among their inputs without disclosing
the inputs. In identity graphs, SMPC protocols are utilized to compute overlap scores or execute private
set intersection operations disclosing only matched identifiers. Practically, such protocols assume
secret sharing, oblivious transfer, and garbled circuits to provide cryptographic assurances(Nguyen et
al., 2021). SMPC has been successfully implemented in telecom consortia as well as health networks,
and its usage in CDPs is on the rise. In a 2023 study, a hybrid PSI-SMPC solution was shown to
decrease the risk of data exposure by 92% over naive token matching techniques.

Use of SMPC and homomorphic encryption makes it possible for CDPs to construct trustless identity
resolution systems in which even semi-honest participants can participate in collaborative modeling
without disclosure. The only remaining challenge is scaling these crypto protocols to millions of
identifiers per second, where hardware acceleration, approximation techniques, and parallelization
strategies are being studied aggressively.

4.4 Temporal Dynamics in Identity Graphs

A major feature of identity resolution that is not usually emphasized is temporal dynamics of user
behavior. Real world user identifiers are not fixed; cookies expire, device IDs rotate, email addresses
get changed, and behavior patterns shift with context. Modeling and tracking temporal dynamics in
identity graphs is essential to drive resolution accuracy as well as keep the rate of false positives low
in the long term. Temporal identity graphs take care of this by introducing timestamps, sequence
patterns, and recency-weightings to both nodes and edges.
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One of the strong measures is to use sliding windows both in time and decreasing edge weights. For
instance, if a specific device ID was associated with the email of a user six months ago but since then
has not been used, its edge weight in the identity graph should be lowered. On the other hand, frequent
recent occurrences of co-presence between a mobile device and a CRM ID can dynamically enhance
their association. Event-time-based modeling, rather than processing-time models, preserves temporal
ordering that is crucial for session-based user segmentation(Sharma et al., 2021).

Temporal graph neural networks (TGNNSs) are also gaining popularity due to their capacity for learning
dynamic embeddings of identifiers. TGNNs are able to learn to evolve with streaming updates and
offer continuously up-to-date views of identity clusters. In a 2024 CDP event stream study, TGNN-
augmented graphs yielded a 12.6% F1-score boost for cross-channel identity resolution relative to
static GNNs. Temporal graph snapshots are also versioned to support auditing, explainability, and
rollbacking, which are primarily mandated under data governance regulations such as GDPR Article
15.

The table 2 below summarizes how the incorporation of theoretical techniques enhances different
aspects of federated identity graph construction.

Theoretical Basis Role in Identity Graph | Benefits

Graph Theory Structuring entities Enables clustering, connectivity
scoring, and link prediction

Federated Learning Decentralized modeling | Protects privacy, supports model
generalization across local silos

Homomorphic Encryption & | Secure computation Facilitates privacy-preserving
SMPC cross-silo identity correlation
Temporal Dynamics Behavioral relevance Captures user evolution, prevents

stale or invalid link persistence

5. Methodology and Algorithms
5.1 Federated Identity Resolution Algorithm (FIRA)

The system's center is the Federated Identity Resolution Algorithm (FIRA), a modern hybrid
architecture combining disparate identifiers into an identity graph in real time, as required by privacy
law. FIRA input data are given as real-time data signals as web cookies, device IDs, hashed e-mail
addresses, CRM keys, IP sessions, and behavioral fingerprints, each from disparate enterprise
channels(Zhou, Wang, Mo, Li, & Tang, 2023). These alerts are frequency-wise, structurally, and
reliability-wise heterogeneous in nature and thus need a normalization process and abstraction of
features prior to correlation of identity. Each edge node in the federated network performs independent
domain-specific transformation pipelines on its own to sanitize, hash, and extract meaningful features
of local information such that PII never transits the source.
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The result of FIRA is a dynamic, changing identity graph made up of clusters of user representations,
where each cluster has a fixed set of identifiers probabilistically associated with the same actual object.
Such clusters are neither statically determined but are updated continuously by subsequent streams of
events and model feedbacks. In particular, FIRA employs no global identifier nor centralized truth
store. Rather, the method trusts in part-to-whole overlap of signals and statistical modeling
methodologies to ascertain transitive relationships among identifiers. Innovatively, partial matches are
made manageable; while deterministic matching procedures are strict key equivalence, FIRA uses
confidence-weighted edges taking into account behavioral, temporal, and contextual similarity metrics
obtained from local and federated models(Yurdem, Kuzlu, & Gullu, 2024).

5.2 Key Algorithms

FIRA is based on a collection of cutting-edge algorithms, all federated learning and privacy-preserving
computation optimized. At the foundation is the Private Set Intersection (PSI) protocol, which
facilitates secure multi-party matching of identifiers across silos without revealing their contents. PSI
protocols like Diffie-Hellman-based schemes or circuit-based schemes ensure that two parties can find
common user records without exposing any unmatched information. During deployment to production,
PSI is deployed with Bloom filters to save bandwidth and handle millions of identifiers.

To facilitate accuracy in across-channel resolution, FIRA employs a dynamic edge weighting technique
that varies linkage strength in terms of source of data reliability, recency of the events, and
dependencies of events(Wu, Qiu, Wu, Jiang, & Jin, 2024). For example, an email-to-device match with
concomitant login events on two channels is assigned higher weight compared to a match inferred by
shared geolocation information. These weights are confidence-function time-decayed such that the
system will favor recent, high-signal correlations over older ones.

Model learning and graph learning tasks in FIRA are managed by a federated stochastic gradient
descent (SGD) architecture. Each node trains on local identifier pairs with a shallow neural network
or logistic regression model and sends encrypted weight updates to the central aggregator. Federated
SGD loop for convergence maintains global model convergence with local data sovereignty. Adaptive
learning rates, dropout masking, and secure aggregation protocols increase convergence resilience and
adversarial inference attack robustness.

5.3 Latency Optimization Techniques

Real-time activation is imposing stringent latency requirements on the resolution pipeline. To maintain
sub-150ms resolution and activation performance, the system employs two latency optimization
techniques. The first is the utilization of Approximate Nearest Neighbor (ANN) search to fetch in a
timely manner the most similar identifier clusters to a query. ANN algorithms such as HNSW
(Hierarchical Navigable Small Worlds) are run on local vector spaces built from feature embeddings
of identifiers. This enables identity lookups with logarithmic time complexity, even on graphs with
more than 100 million nodes.

The second latency optimization is using in-memory graph databases like RedisGraph and TigerGraph
to perform real-time traversal and updates(Ahn, Lee, Kim, Park, & Jeong, 2023). The systems are
selected specifically for the feature that they support concurrent writes, maintain low garbage
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collection overheads, and memory-mapped storage, which together provide sub-millisecond access
times for identity cluster membership and edge mutation operations. Ongoing benchmarking in
production environments demonstrates consistent performance under 10ms for identity joins and under
50ms for full-resolution paths, which allows activation systems to provide personalization under
200ms end-to-end.

Algorithm Configuration Performance Metrics
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FIGURE 3 COMPARATIVE PERFORMANCE METRICS BETWEEN CENTRALIZED AND FEDERATED IDENTITY
SYSTEMS. FEDERATED APPROACH SHOWS SIGNIFICANT IMPROVEMENTS ACROSS ALL MEASURED
PARAMETERS. (SOURCE: EXPERIMENTAL EVALUATION, 2024)

The following table summarizes the performance impact of these algorithmic choices across different
graph sizes and event ingestion volumes.

Configuration Graph  Size | Lookup Resolution Edge
(nodes) Latency (ms) | Accuracy (F1) Update
Time (ms)
ANN + RedisGraph 100M 8.3 0.91 12.5
Linear Scan + Neo4j | 10M 67.4 0.84 39.2
HNSW + TigerGraph | 250M 10.1 0.93 14.8

These results validate the system’s suitability for high-scale, low-latency CDP deployments across
globally distributed architectures.

6 . Experimental Evaluation
6.1 Evaluation Framework

Federated identity graph platform was tested with a composite of synthetic and semi-real datasets that
simulated enterprise-sized CDP behavior. Synthetic logs were created from simulated web, mobile,
CRM, and IoT data streams simulating actual user interaction between anonymized identifiers.
Datasets contained more than 300 million unique identifier records and 4.8 billion interaction events
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in a 30-day simulation period, simulating typical enterprise load patterns in e-commerce and fintech
applications(Shin & Kim, 2023).

To compare baselines, the traditional centralized identity graph pipeline was used with deterministic
joins and static batch ingestion via Spark GraphFrames. The federated identity graph, on the other
hand, was experimented with FIRA in eight federated nodes, each of which was a silo within an
organization. Kafka as transport layer, Flink as stream processor, and RedisGraph as federated graph
database were used.

6.2 Metrics

Four were the most important metrics to measure in order to assess the system: identity resolution F1-
score, end-to-end activation latency, differential privacy leakage risk (&), and horizontal scalability.
Identity F1-score was obtained by comparing detected identifier clusters with a known ground truth
set of user profiles. Activation latency was calculated from event ingestion right through to
personalized response generation at the API layer. Risk of privacy leakage was quantified with the ¢
parameter of differential privacy models, for which € < 1 was shown to be feasible from a regulation
standpoint(Teo et al., 2024). Scalability was evaluated by monitoring throughput (resolutions per
second) under scaling federated nodes.

Results from the evaluation are summarized in the table 3 below.

Metric Centralized Graph Federated Identity Graph
Identity F1-Score 0.84 0.92

Activation Latency (p95) 470 ms 142 ms

Privacy Leakage Risk (g) >5.0 0.48

Throughput @ 10 Nodes 320K/sec 1.27M/sec

These results demonstrate that the federated architecture delivers superior resolution accuracy and
latency performance while drastically improving privacy compliance. Notably, the activation latency
fell within the sub-150ms SLA critical for real-time personalization scenarios.

6.3 Results and Comparative Analysis

Comparative analysis of the federated and centralized models showed categorical benefits of the
federated identity graph on several fronts. With regard to privacy, centralized models necessarily place
data into a spotlight that carries significant risk under GDPR and CCPA audit trails. By way of contrast,
the federated model aligns with data minimization principles and places local jurisdictional control at
the point of touch, something that multinational business has to achieve.

Performance-wise, the federated architecture performed better than the centralized one owing to local
inference and graph mutation support. Multi-hop networks and storage layer bottlenecks in cross-
channel identity path resolution at heavy loads were introduced by centralized architectures. Edge-
local resolution and distributed state sharing within the federated deployment, on the other hand,
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facilitated sub-150ms round-trip identity lookups, satisfying real-time requirements for more than 96%
of test cases(Liu, Li, & Hao, 2024).

Scalability Analysis: Throughput vs System Nodes
1600
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=i~ Centralized
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FIGURE 4 THROUGHPUT SCALING CHARACTERISTICS SHOWING FEDERATED ARCHITECTURE'S LINEAR
SCALABILITY VS CENTRALIZED PLATEAU. (SOURCE: SCALABILITY TESTING, 2024)

Scalability tests demonstrated linear growth of throughput for each additional federated node. While
the centralized approach provided decreasing returns after four concurrent compute instances because
of synchronization overhead, the federated approach scaled linearly up to 12 nodes in our experiments,
with excellent support for enterprise-wide deployments with hundreds of data silos.

The dynamical robustness of the federated system to concept drift—via time-decayed edge weights
and streaming retraining—also speaks to its merit as a long-term architectural deployment. Such
experimental results suggest the feasibility of federated identity graphs as a next-generation foundation
for cross-channel activation in enterprise CDPs.

7. Discussion
7.1 Trade-offs: Privacy vs. Activation Accuracy

Federated identity resolution's adoption of privacy-preserving elements necessarily involves an
inherent trade-off between protecting individual data and maintaining model performance. While
techniques such as differential privacy, homomorphic encryption, and secure aggregation are effective
in reducing privacy leakage by a wide margin, they also degrade the signal quality needed for correct
inference of identities. The results indicated that applying differential privacy with € = 0.5 had a
minimal reduction in recall by 2.8%, which is usually acceptable to marketing personalization but may
impact applications requiring high precision such as fraud detection(Hausleitner et al., 2024). In
addition, probabilistic relationships need to function under a conservative scoring constraint so as not
to misassign identity, especially in high-sensitivity markets like healthcare or financial services.

Such tension is best met by adaptive privacy tuning, wherein various components of the identity graph
are safeguarded to varying extents in terms of regulatory protection, risk appetite, and operational
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urgency. For example, deterministic links that have been authenticated through user login can be kept
noise-free, while inferred matches through behavioral data can be allowed more injection of noise.
Enterprises need to adopt this contextual privacy-accuracy calibration and not treat privacy as an on/off
switch-like functionality.

7.2 Computational Overhead of Federated Processing

Federated designs naturally experience increased orchestration overhead and computation expense
compared to central designs. Node synchronization, secure aggregation of gradients, and federated
model convergence all add latency and resource utilization overheads. Although offering scalability
and privacy benefits, federated identity resolution is computationally costly and needs to be traded off
against infrastructure expense. Using lean federated learning models and shallow models with sparse
feature vectors in practical settings can reduce these expenses.

Performance tuning methods like quantization, federated dropout, and asynchronous model updates
provide considerable gains in compute efficiency. Cost-benefit analysis through simulation revealed
that federated resolution cost approximately 1.6x more infrastructure cost than centralized batch
processing but provided 3.2x latency savings and 4.7x compliance risk avoidance(Hausleitner et al.,
2024). Enterprises need to balance this overhead against data centralization reputational and legal
hazards.

7.3 Regulatory Compliance Implications

The proposed algorithms and architecture of this work closely follow the contemporary data protection
regulations and are immensely applicable to GDPR, CCPA, and comparable frameworks-based
multinationals. Decentralization of identity resolution ensures compliance with data localization
regulations and reduces cross-border data flows. The differential privacy, in addition, ensures
mathematically solid warranty that user-level information cannot be reverse-engineered out of
aggregate output.

7.4 Robustness to Noisy/Incomplete Data

One specific virtue of the federated identity graph solution is its resilience against noisy, sparse, and
out-of-sequence data. Older deterministic architecture breaks down in the absence or incompleteness
of identifiers, resulting in split customer profiles and poor personalization. The graph-based
probabilistic modeling paradigm, on the other hand, allows for partial matching despite data
sparseness. Real-time learning enhances the resilience by constantly re-calibrating weights and
refining identity clusters based on new availability of information(Wang et al., 2023).

The system's robustness is seen in its capability to handle low-intensity signals—history of web
surfing, usage patterns by time of day, or geolocation—particularly when organized through
embeddings in high-dimensional identity feature space. In experiments, the federated system was
shown to have sustained more than 87% accuracy in identity resolution while having a maximum of
40% of the identifiers anonymized or obfuscated, thereby vindicating its capability under privacy
constraints.
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8. Conclusion and Future Work
8.1 Summary of Contributions

The paper presented a federated identity graph architecture for facilitating real-time, privacy-
preserving customer identity resolution on dispersed enterprise data platforms. The system combined
a range of theoretical and technological components in its architecture, such as federated learning,
graph theory, homomorphic encryption, and streaming data architectures. The system demonstrated
gargantuan gains in accuracy in identity resolution, activation latency, and regulatory compliance when
compared to conventional centralized methods. The Federated Identity Resolution Algorithm (FIRA)
book and the optimization techniques behind it together registered more than 1.2 million identity
resolutions per second with a privacy leakage risk of below € = 0.5.

By meticulous experimental verification over synthetic enterprise data sets, it was established that the
architecture is scalable and resilient to the pressures of data fragmentation, data privacy requirements,
and performance demands. The significant advantages were:

8.2 Practical Implications for Enterprise CDP Design

For organizations constructing or upgrading CDPs, this paper's conclusions indicate a paradigm shift
away from data lakes towards edge-based federated, identity resolution systems. The architectural
modularity provides easy integration with current CRM infrastructure, mobile SDKs, web analytics,
and IoT rollouts. Enterprises need to implement a layered data federation model such that identity logic
runs on the edge and global orchestration is achieved through encrypted model sharing and graph
update.

In addition, CDP vendors must incorporate PETs like secure multi-party computation and differentially
private inference engines into platforms in order to accommodate emerging data protection
requirements. Activation workflows must be consent-aware by default, and real-time feedback loops
must have top priority to ensure personalization remains contextually relevant and privacy-preserving.

8.3 Future Research

Future research directions include deployment of adaptive federated learning mechanisms that
dynamically adjust the model granularity and privacy parameters based on concept drift and signal
entropy. Adaptive learning systems that adapt over time, devices, and contexts will continue to improve
identity graph relevance. Another research direction includes deployment of zero-trust security models
in federated CDPs with rigorous policy enforcement and authentication across all touchpoints of
interaction.

Additionally, the increasing threat quantum computing presents to existing cryptographic
infrastructure also necessitates investigating quantum-resistant encryption methods in federated
systems. Post-quantum SMPC protocols and lattice-based cryptographic protocols can offer identity
resolution systems with long-term security assurances when running in regulated settings. Overall,
federated identity graphs constitute a secure, scalable, and future-proof building block for
organizations that need to weigh personalization, performance, and privacy.
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