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ABSTRACT
Background

Personalized travel itinerary systems are crucial for modern travelers, since they provide individualized

suggestions based on choices like location, budgetary constraints, and interest.

Methodology

The phase-adaptive federated learning methodology takes a three-tiered approach to privacy-preserving
journey planning, defining training phases (cold-start, warm-up, and convergence) using gradient norms
and loss stability analysis. Client selection begins randomly and then moves to the top 40% of high
update clients during convergence. Aggregation happens every 5 rounds rather than every round, and
local epochs grow from 1 to 5. It safequards sensitive user preferences by federating global parameters
while retaining personalized layers on-device and employing phase-aware noise injections to thwart
model inversion assaults.

Results

PAFL method produces three major findings: (1) Superior personalization with0.87nDCG@10,
18.7% higher than FedAvg and near centralized performance (0.89); (2) Strong privacy preservation
with a <3.1% attack success rate in model inversion attacks, showing a 12x lower vulnerability than
FedAvg (45.3%); and (3) Optimal efficiency with 42% communication reduction (59.4 MB total)
through phase-adaptive aggregation. These findings provide new benchmarks for the privacy-utility
trade-off in federated travel planning.

Conclusion

PAFL offers near-centralized recommendations quality while significantly reducing attack risk through
adaptive privacy-personalization balance. Simultaneously, it facilitates communication overhead,
which is the essential trade-off between privacy protection, accuracy, and resource efficiency for effective
edge deployment.

Keywords
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INTRODUCTION

Personalized travel itinerary generation systems
have become indispensable tools for modern
travelers, offering customized recommendations
based on individual preferences such as
destination, budget, and interests.(1,2).
Personalised trip planning systems provide tailored
routes based on user choices, previous habits and
contextual data. However, centralized data
collection raises serious privacy problems.(3).
Federated Learning (FL) has emerged as a possible
alternative by training models locally on users’
devices and sharing just model updates. (4).
Despite its benefits, ordinary FL has three key
drawbacks in travel applications: 1) NON-IID data
distributions reduce model performance.(5), 2)
Fixed hyper parameters (e.g. aggregation frequency)
cause efficiency constraints, and 3) Static systems
are susceptible to adaptive privacy attacks (6), (7).
We present a Phase-Adaptive Federated Learning
(PAFL) system that overcomes these constraints by
dynamically adapting to training phases. PAFL
introduces:

1. Real-time Phase detection, including cold-
start, warm-up, and convergence.

2. Adaptive Policies: Dynamic adjustments
to client selection, aggregation intervals,
and local epochs.

3. Personalization Layers: Fine-tune user-
specific characteristics locally to protect
privacy.

Federated Learning for Recommendation
Systems:

Ammad-ud-din et al. (8) proved FL’s applicability
to recommendation tasks but saw a 22%
performance loss in non-11D conditions. Hard et
al. (9) included differential privacy but experienced
considerable losses.

Adaptive FL Strategies: Chen et al. (10) offered
adaptive aggregation frequencies, whereas Wang et
al. created client selection using data diversity.
None address phase-dependent optimization.(11)

Privacy attacks in Florida: Model inversion (12)
membership inference attacks were successful in
extracting private data from FL updates.(13).
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Travel data is especially sensitive due to its location
sensitivity.(14).

This study aims to develop a travel planning system
that delivers highly personalized recommendations
while preserving user privacy. The study seeks to
achieve this by using phase-adaptive federated
learning. A decentralized machine learning
algorithm that allows user data to remain on local
devices, thereby enabling collaborative model
training without compromising individual privacy.

Methodology

This study was conducted conducted at
Manchester Metropolitan University,
Manchester, United Kingdom. The Phase-

Adaptive Federated Learning for Travel Planning
(PAFL-TP) systems create a personalized itinerary
by balancing utility and privacy using an adjustable
phase parameter (¢). At the heart of architecture,
each client device develops a local travel
recommendation model using its data, such as
visited areas, seasonal preferences, and journey
lengths. Before sending model changes to the
central server, they are converted using a phase-
dependent  process.  The  transformation
interpolates between a differentially private version
of the wupdate and an inverted gradient
reconstruction to retrieve utility-preserving
features.Hi®=0.DP (hi)+(1-®).Inv(DP)(hi)h
i"{\phi}= \phi \cdotDP(h i) +(1-\phi) \cdotis the
representation of this transformation. DP(hi)DP(h
i)(DP)(hi) is the noise-injected using a Laplace
distribution calibrated by sensitivity
Al\Delta_1Al, and Inv(DP(hi))Inv(DP(h
i))Inv(DP(hi)) is a utility-restoring inversion
module that uses a shallow network of neurons to
reconstruct useful features from the noised
gradients. Inv
(DP(hi))hidb=¢-DP(hi)+(1—d)-Inv(DP(hi)), where
hihihi indicates the local model update.

The differential privacy component adds noise to
the privacy budget et\epsilon tet, making
individual user contributions indistinguishable.
The gradient inversion module solves an
optimization problem to minimise the loss
between true and noisy gradients, thereby
preserving the quality of recommendations.
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During each training cycle, the phase parameter
®\phi® is dramatically updated using a PID
(Proportional-Integrated-Derivative)  controller.
The controller changes ®\phi® in real time by
tracking differences between goal and actual model
performance (validation accuracy), assigning
greater privacy (Higher ®\phi®) in early rounds,
and progressively moving to higher utility (lower
®\phid®) as training stabilises. The PID gains
KpKpKp, KiKiKi, and KdKdkd are modified using
Bayesian optimisation to balance accuracy and loss
of privacy during the training process.

To ensure privacy-preserving model updates even
when untrusted servers are present, secure Multi-
Party Computation is used to aggregate each
client’s converted gradient after scaling it by its
current phase value. Additionally, to effectively
simulate sequential trip behaviors like itinerary
patterns, a lightweight transformer model is
deployed locally. Because of its minimal computing

overhead, this model is still appropriate for mobile
deployment. To dynamically adapt sensitivity to
temporal travel patterns based on privacy phase,
the model integrates ®-gated attention heads.
These elements work together to create a cohesive
system in which system performance, privacy
budget, and model convergence are used to modify
the degree of privacy protection vs. personalisation
accuracy intelligently throughout each training
session. With the help of this technique, PAFL-TP
can strike a precise, phase-driven balance between
user privacy and  excellent itinerary
recommendations.

Results

Table 1 evaluates the quality of recommendations
using different methodologies. PAFL-TP earns the
highest HR@10 and NDCG @10 ratings, showing
outstanding personalization. The improvement
shows the usefulness of dynamic privacy control.

Table 1: Recommendation Performance Comparison

Method HR@10 (Tour Planner) NDCG@10 (Tour Planner)
FedAvg-DP 0.402 0.301
AdaptiveFL 0.463 0.339
FedTransform 0.491 0.368
PAFL-TP 0.586 0.444

Table 2 shows how well the strategies safeguard privacy. PAFL-TP has the lowest membership inference
risk and effective privacy budget. It provides a robust defence against privacy assaults.

Table 2: Privacy Protection Metrics

Methods MISR(%) | € eff |
FedAvg-DP 41.2 29
AdaptiveFL 33.7 2.5
FedTransform 29.4 2.3
PAFL-TP 11.9 2.0

Table 3 demonstrates that PAFL-TP has the maximum system efficiency with the lowest communication
cost (12.2 MB/round) and calculation time (7.5/round), surpassing Fedtransform (15.9 MB, 11.3 s) and
AdaptiveFL (14.5 MB, 10.2 s). This shows PAFL-TP’s ability to reduce both data transport and processing

overhead.
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Table 3: System Efficiency Comparison

Methods Comm. Cost (MB/round) | Comp. Time (s/round) |
FedTransform 15.9 11.3

AdaptiveFL 145 10.2

PAFL-TP 12.2 7.5

Discussion NFCG@10:0.444), exceeding FedTransform

While PAFL performs well in controlled studies,
numerous practical issues must be solved before
real-world applications. The system implies that
clients have consistent network connectivity during
federated rounds, which may not be true for
mobile travel applications with intermittent
internet access. Additionally, the present phase
adaptation technique depends on server-side
validation accuracy for feedback, necessitating
common synchronization, which may add delay in
large-scale installations. The differential privacy-
gradient inverter, while effective, has a higher
computational  cost than  normal  DP
implementations, potentially restricting its use on
low-power devices. Future studies should assess
edge computing models for distributing phase
control logic and reducing dependency on central
coordination.

Furthermore, the present PID-based phase
adaptation approach suffers from scalability issues
in highly asynchronous situations. While the trial
performed by Chen et al. (15) strong performance
with upto 30% delayed 30% delayed clients,
systems with more extreme asynchrony patterns
might benefit from either (a) client-specific phase
controllers with delay-compensated tuning, or (b)
reinforcement learning-based adaptation that
completely replaces the PID paradigm. Such
techniques might guarantee stability while
tolerating the varied update patterns typical of
large-scale mobile deployments.

Our study findings show that PAFL-TP
considerably improves federated recommendation
systems by balancing the personalization, privacy,
and efficiency trio that was typically at conflict in
previous studies. We contextualised these findings
in light of recent literature. PAFL-TP delivers
cutting-edge  performance (HR@10:0.586,
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(HR@10:0.491) and AdaptiveFL (HR@10:0.463).
This is consistent with trends in dynamic
personalization: Fedtrans enhances individual
client model accuracy by 14-72% while lowering
training costs by 1.6X-20X compared to cutting-
edge federated learning methods.(16). A novel
differential privacy technique for federated
learning maintains performance by allowing clients
to cancel out noise effects and regain the original
global model.(17)

PAFL-TP minimizes membership inference risk
(MISR: 11.9%) and privacy budget (g eff:2.0),
outperforming Fedtransform (MISR:29.4%, €:2.3).
This reflects advancements in adaptive differential
privacy. Compared to FedTransform, APB-DP
minimizes membership inference risk and privacy
budget in adaptive differential privacy for wireless
semantic communication.(18)Federated
recommender systems are susceptible to attribute
inference attacks; however, an adaptive privacy-
preserving strategy can secure users’ sensitive data
while retaining suggestion accuracy.(19).
PAFL-TP  reduces communication (12.2
MB/round) and processing (7.5/round/round) by
about 15% compared to FedTransform, which is
essential for mobile tourism. A study presented a
privacy-preserving federated learning architecture
that leverages ensemble attention distillation to
fuse local models and reduce communication
cost.(20) An effective deep learning technique for
real-time and accurate pedestrian location
estimation utilising mobile IMUs (21)

CONCLUSION

PAFL-TP develops a new standard for privacy-
conscious federated recommenders by dynamically
balancing user security and experience. Its
efficiency and efficacy develop our architecture as
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a template for resource-constrained scenarios,
moving us closer to the goal of “privacy by design”
in ubiquitous computing.
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