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Federated Learning (FL) enables privacy-preserving model training across heterogeneous distributed systems, such as smart-
grid forecasting or traffic-flow prediction from geographically dispersed sensors and devices. A key challenge in such settings is
capturing client-specific patterns while addressing data heterogeneity and uncertainty at scale. Existing approaches, including
Bayesian Neural Networks (BNNs) and clustering-based methods, struggle with scalability and consistent personalization.
We propose LogiCP, a novel FL framework that integrates formal logic reasoning with uncertainty quantification (UQ) to
support scalable and personalized learning with theoretical guarantees. LogiCP uses Signal Temporal Logic (STL) to extract
temporal patterns and form semantically coherent client clusters, controlling intra-cluster heterogeneity. Within each cluster,
LogiCP applies decentralized Conformal Prediction (CP) to produce distribution-free prediction intervals with mathematical
guarantees that encompass the real value. LogiCP dynamically assigns clients to clusters at runtime without retraining,
improving practicality. Evaluations on three real-world datasets—traffic, temperature, and electricity—show that LogiCP
consistently outperforms BNN-, clustering-, and CP-based baselines, achieving up to a 95% improvement in client-level MSE
while maintaining strong scalability.
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1 Introduction

Federated learning (FL) (McMahan et al. 2017) is a distributed learning paradigm with widespread applications in
real-world, large-scale systems such as smart healthcare and connected vehicular systems (B. Li et al. 2020; Y. Lu
et al. 2020; Ma, Preum, et al. 2019; Preum et al. 2021). When applied to safety-critical sequential prediction tasks
within such systems, it is essential for FL. models to produce reliable and robust outcomes (Pati et al. 2024). For
example, in traffic flow prediction, precise forecasts are crucial for effective planning and execution (Kashyap
et al. 2022; Medina-Salgado et al. 2022), as inaccuracies can lead to increased driver wait times, traffic congestion,
and an overall higher risk of accidents, slowing the operations of intelligent transportation systems (Kaffash
et al. 2021; Kong et al. 2025). Applying the standard FL framework to such systems, numerous endpoints (i.e., FL
clients) collaboratively contribute to a shared model under the coordination of a central server. FL. models aim
to leverage client-specific data to enhance shared performance without direct access to private data. However,
standard approaches often fail to capture latent personalized features, as a single global model is uniformly shared
across all clients. To address this limitation, Personalized FL (PFL) has emerged as a promising approach that
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Fig. 1. Overview of LogiCP.

tailors model updates to client-specific data distributions, enhancing local accuracy while still benefiting from
global knowledge aggregation (Banabilah et al. 2022).

State-of-the-art approaches to achieve personalization in FL include Bayesian Neural Networks (BNNs) and
client clustering. BNN-based methods learn a prior distribution for each client to enable latent feature inference,
thereby supporting personalization (Pati et al. 2024). Clustering-based methods, in contrast, group clients with
similar data distributions to train cluster-specific models, aiming to balance personalization with generalizabil-
ity (Caldarola et al. 2021; Ghosh et al. 2020). However, both approaches still face practical challenges when
confronted with extreme, large-scale heterogeneity in real-world deployments (Ji et al. 2023; Yan et al. 2023; X.
Zhang, Wen, et al. 2024). BNN integration requires appropriate prior distributions for effective training. However,
this requirement becomes computationally infeasible with a growing number of clients, due to the substantial
overhead involved in learning and maintaining client-specific priors, especially in resource-constrained environ-
ments. Meanwhile, as the number of clients increases, data heterogeneity grows significantly (L. Li et al. 2020;
Pati et al. 2024). This rising diversity leads to higher intra-cluster variance and greater uncertainty in the shared
cluster models. Consequently, it becomes increasingly challenging for clustering-based methods to capture the
underlying data characteristics of all participating clients effectively. These limitations underscore the crucial
need for a scalable and reliable framework that addresses data heterogeneity and uncertainty while maintaining
computational efficiency and personalized learning across diverse clients.

To address these limitations, we develop a novel framework, LogiCP, that integrates rigorous uncertainty
quantification (UQ) with formal logic inference into the FL framework. Specifically, LogiCP integrates Conformal
Prediction (CP) (Shafer and Vovk 2008) with Signal Temporal Logic (STL)-based inference (An et al. 2024; Ji et al.
2023; Ma, Gao, et al. 2020) to address data heterogeneity and model uncertainty. Instead of enforcing system-wide
performance goals, LogiCP infers temporal specifications directly from each client in a personalized manner.
These specifications are then used to assess semantic alignment among clients, enabling the formation of coherent
and efficient clusters. At runtime, LogiCP leverages these specifications to dynamically assign clients to the most
semantically aligned clusters, thereby improving adaptability in dynamic environments. In addition, by grouping
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clients with similar temporal patterns, LogiCP significantly reduces intra-cluster heterogeneity, which enhances
the reliability of localized UQ.

Within each cluster, LogiCP employs CP to generate distribution-free prediction intervals with theoretical
guarantees, ensuring the true outcome lies within the predicted interval at a user-defined confidence level. The
similarity of temporal patterns among clients within a cluster allows CP intervals to more accurately capture
prediction uncertainty. These intervals are further integrated as logical constraints into the model training process,
enabling scalable, uncertainty-aware updates that preserve both personalization and efficiency. LogiCP ensures
that conformity scores and prediction intervals are computed locally without sharing raw data to preserve data
privacy. This design supports rigorous uncertainty estimation while maintaining strict privacy guarantees.

We validate the effectiveness of LogiCP on three real-world datasets, including traffic flow prediction, global
city temperature forecasting, and electricity consumption, under different client scales and participation settings.
LogiCP achieves up to a 95% improvement in client-level MSE compared to baseline methods, including BNN-
based, clustering-based, and CP-based approaches. Additionally, LogiCP incorporates a runtime prediction
validation mechanism that leverages STL-guided uncertainty estimates to improve model accuracy at runtime.
Our evaluation demonstrates that LogiCP more effectively captures prediction uncertainty than existing UQ
methods that lack formal logic reasoning, highlighting the importance of logic-guided inference in managing
heterogeneity in FL. Moreover, LogiCP maintains consistent performance across different client scales and
outperforms baseline methods. To the best of our knowledge, this is the first work to integrate formal logic-guided
uncertainty quantification within the FL framework, specifically designed to address scalability and heterogeneity
while ensuring personalization.

In summary, the key contributions of this paper include,

o LogiCP is the first framework to incorporate a formal logic-guided uncertainty quantification method
in a federated learning setting. CP-derived regions are incorporated as logical constraints, guiding both
local and cluster-level model updates with mathematically rigorous guarantees without solving intensive
specifications or centralized data access.

e LogiCP incorporates a runtime validation mechanism that integrates formal logic-guided uncertainty,
further improving prediction reliability and robustness in dynamic deployment settings.

o LogiCP is evaluated on three real-world datasets with diverse temporal characteristics, demonstrating
substantial performance enhancement over baseline methods across key evaluation metrics. Specifically,
LogiCP outperforms baseline methods up to 95% improvement on client-wise MSE, validating strong
performance under heterogeneous data distributions. Meanwhile, LogiCP presents consistent performance
under different scales of clients and partial participation settings, showcasing its scalability and robustness.

2 Problem Formulation

We consider a FL problem composed of a central server with global model parameters 67, a set of N clients
C={Cy,Cy,...,Cn},and K clusters S = {S;, S, ..., Sk }. Each client C; € C and cluster S; € S is associated with
trainable model parameters 67 and 6/, respectively.

Each client C; possesses a distinct local dataset D;, which consists of M independent and identically dis-
tributed (i.i.d.) data points. Each client’s local training dataset D; is partitioned into a private subset Df) " used
exclusively for local training, and a public subset Df “> shared with the assigned cluster for cluster-level training.
To prevent domain skew in the aggregated cluster dataset Py, random temporal sampling is employed when
constructing Df ub, ensuring that different time periods (e.g., weekdays vs. weekends, peak vs. off-peak hours) are
proportionally represented. For each cluster Sk, its dataset Py is constructed by aggregating the public datasets of
the clients assigned to it, i.e., Py = Uc,es, Dfmb.
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We assume that each client follows STL-based patterns ¢; defined or inferred from their dataset D;. Let g(0, Y, @)
denote the robustness function measuring how well a model 8’s prediction on data point Y satisfies the STL
specification ¢. For a client C; and a sequence of predictions ¥ = {¥1,..., Y7} generated by cluster model 6%,
semantic alignment with the client’s specification ¢; is measured as:

T
Rsre (03 1.90) = = 3" 9(6}, T ), o
7=1

where lower values of Rgry indicate stronger semantic alignment.

We further define a CP-based uncertainty quantification coverage function. Let & € (0, 1) denote the user-
specified error rate, such that the target coverage level is 1 — « (e.g., @ = 0.1 corresponds to 90% coverage). The CP
region p = C(0, D) represents the prediction interval computed via conformal prediction. The empirical coverage
function Scp measures the proportion of ground truth values that fall within this region. A high semantic
alignment clustering reduces in-cluster heterogeneity, enhancing the accuracy of uncertainty estimates.

1
Sep(6.D) = 1 ), Y € C(0.D)) )
YeD
To measure the model prediction accuracy, let f(0,Y) denote the Euclidean loss between a model’s prediction
and the ground truth for data point Y. The expected loss over dataset D is:

1
L(6.D) = 157 D f(60.) =Byepl£(6,V)] 3)
YeD
Hence, we have three objectives in total:
(O1) we aim to minimize semantic misalignment across clusters while satisfying the CP logical constraint:

K
min Z Z Rsrr(65, Ve, ¢i) subjectto  Scp(6,D) > 1-a (4)
{Se} k=1 C; €Sy
(O2) The objective for each local client C; aims to find the model parameter 6 that approximates the optimal
parameter 0;. The optimal parameter minimizes the loss on the local client’s dataset D;. The client-wise objective
is:
m(}n[(@f;Df”) for C; € C, subjectto 6 = 6; (5)

(O3) The objective for each cluster Sk aims to find model parameter 6; that approximates the optimal parameter
0, which minimizes the cluster model’s prediction loss on the aggregated cluster dataset Py. The cluster-wise
objective is:

mein L(6;;P;) forSg €S, subjectto 6 =0 (6)

3 Framework Overview

In this section, we present an overview of LogiCP, which consists of three components: STL-based clustering,
client and cluster training, and runtime validation. LogiCP infers STL properties from client data and uses
STL robustness to form clusters. In training, LogiCP applies formal logic-guided CP for UQ and updates both
client-wise and cluster-wise models with a loss function that incorporates quantified uncertainty regions and
inferred logic as constraints. The runtime validation stage then uses the inferred STL specifications and CP
regions to validate model predictions. An overview of the proposed method is presented in Fig. 1.
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Fig. 2. The training workflow in each communication round to incorporate CP and temporal logic for model updating.

Algorithm 1 summarizes the overall workflow of LogiCP. The training-time optimization begins with a
pretraining phase that follows the standard FL framework to initialize client models before STL inference and
CP calibration (Algorithm 1, Lines 4-15). Pretraining provides a stable initialization for the subsequent logic-
guided and uncertainty-aware training process. The technical details of the pretrain process are summarized in
Section 4.1.

Upon completion of the pretraining process, the first round of STL-guided clustering and CP calibration is
performed. The workflow of the training process is provided in Fig. 2. In each communication round, LogiCP infers
STL specifications to capture client-level temporal properties and forms semantically coherent clusters (Algo-
rithm 1, Lines 13). We define a cluster as semantically coherent if its member clients share similar STL specifications,
i.e., their temporal patterns (such as peak times, value ranges, and trend behaviors) are aligned. Within each
cluster, distributed CP is applied to generate the personalized CP region py (Algorithm 1, Lines 14). The technical
details of STL-guided clustering and CP calibration are provided in Section 4.2 and Section 4.3, respectively.

Following temporal logic inference and CP in each communication round, each client trains locally with a
loss function L(67;Y;, px, ¢;) that jointly accounts for prediction accuracy, STL consistency, and CP-derived
uncertainty constraints (Algorithm 1, Lines 18-23). The technical details of the loss function are provided in
Section 4.4.

At the last stage of each communication round, client updates are aggregated to update both the global model
and the corresponding cluster models, while each cluster further refines its model using the same loss function
L (Algorithm 1, Lines 24-30). This design preserves personalization while allowing clients within the same
semantic cluster to benefit from shared training signals.

The communication round in the training process is repeated for n, times; the technical details of the training
process are presented in Section 4.5.

After training, LogiCP further applies a runtime validation and correction mechanism during prediction. The
correction is guided by both the CP region p; and the inferred STL specification ¢; to validate model outputs
and correct violations of inferred temporal properties when needed. when these two regions conflict, LogiCP
prioritizes the CP-derived boundary correction target because it provides a distribution-free coverage guarantee.
The technical details of runtime validation and correction are provided in Section 4.6.

Journal of Artificial Intelligence Research, Vol. 86, Article 21. Publication date: July 2026.



21:6

He, An & Ma

Algorithm 1 LogiCP Framework

1: Input: Set of total N clients {C;}, each with dataset {D;} containing total M data points

2: Parameter: 67, Niocals Npres Ntrs Neluster
3: Initialize 6 on central server
4: for epoch =1 to np,. do

5
6:
7:
8
9
10:

11:
12:

for each client C; € C in parallel do
Broadcast 67 to all clients {C;}
for local_round = 1to njycq do
Client C; pretrain on Df " to update 0f
end for
end for
Central server aggregates {67} to update 67
if epoch = ny,. then
(S, 1Y, — STL((6)Y, D)
{prtie, < CPUOSHL, {Sih,
end if

end for

17: for round =1 to n;, do

18: for each client C; € C in parallel do

19: for local_round =1 to njycq do

20: Client C; train on Df’ with L(05;Y;, pk, ¢;) to update 6f

21: Aggregate 0; to update global model 67 via weighted averaging
22: Aggregate 07 from clients in Sy to update each cluster model 67
23: end for

24: end for

25: for each cluster Sy € S in parallel do

26: for each C; € S in parallel do

27: Server constructs P = Uc;es, Df"b

28: for cluster_round = 1 to ngpygrer do

29: Cluster 9; train on P, with L(Gf{; Y, pk, ¢i) to update ch

30: end for

31: For each client C; € Sk, update shared parameters in 6] with 6}
32: end for

3 (S, (0, — STL({O5)Y, )

34: {prhie, = CPUOSIL, Sk,

35: end for

36: end for

37: return Final central model 67, every cluster model {0{};Z, and every client model {6} f=1

N
i

// Section 4.1

// Section 4.2
// Section 4.3

// Section 4.5

// Section 4.4

// Section 4.4

4 Method

In this section, we describe each component of LogiCP in detail. The overarching goal of LogiCP is to mitigate
data heterogeneity by clustering clients with similar temporal specifications and to guide UQ during model
updates. To achieve this, LogiCP infers each client’s temporal logic properties using parameterized STL and
computes uncertainty regions through CP. These regions serve as logical constraints, providing rigorous guidance
for FL updates and enhancing both prediction accuracy and reliability.
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4.1 Pretraining Process

The pretraining phase is introduced to eliminate the confounding influence of poor model initialization, ensuring
that uncertainty estimates from CP reflect true predictive uncertainty. This phase follows standard FL setups
and provides initial training to each client model. By establishing a baseline level of accuracy, the pretraining
phase improves the efficiency of the first CP application and helps lower overall training costs. Importantly, this
phase is optional in LogiCP; its primary benefit is to speed up convergence by disentangling the effects of poor
initialization from genuine predictive uncertainty, thus improving early-stage stability in heterogeneous settings.

Specifically, consider a set of N clients C = {Cy,Cs,...,Cn}, where each client C; possesses its own local
pretraining dataset Df ", The goal of the pretraining phase is to train a global model ? that minimizes the
empirical prediction error across all clients’ local data, without requiring any raw data exchange. This process
aims to provide each client with a modestly initialized model that reduces the impact of poor performance on
early-stage uncertainty estimation. The objective is formally defined as:

N
1 re
min {Lp,e(e) =% Zl Luse(65; DY )} )

Here, Lasg (055 Df ") denotes the MSE loss computed locally on client C;’s pretraining dataset.

4.2 Clustering Through STL Robustness

Inherent data heterogeneity among clients poses a critical challenge, as each client may exhibit distinct temporal
patterns and data distributions. To address data heterogeneity, LogiCP utilizes STL to express and infer the
temporal specification of client data formally. These STL specifications are then used to guide the formation of
semantically coherent clusters that reduce in-cluster heterogeneity and improve the accuracy of UQ.

We begin by introducing the syntax of STL, referring to (Maler and Nickovic 2004), a logic-based framework
that provides a rigorous and expressive way to specify temporal behaviors in sequential data. STL is particularly
well-suited for reasoning about time-series data due to its ability to incorporate temporal constraints directly
into logical specifications. (A further discussion for using STL over other formalisms like first-order logic (FOL)
is provided in Section 6.3.)

Definition 1 (STL Syntax for Temporal Property Inference in LogiCP).

The syntax of an STL formula used in our setting is defined as follows:

P=pl = dVPldAP| a1 | Olap)@ | $1 Ulap) P2 (8)
Where:

e 41 is an atomic predicate of the form f(x(t)) ~ ¢, where f is a real-valued function (e.g., identity, difference),
~e {<,>},andc e R.

- is logical negation, V and A are logical disjunction and conjunction.

Olab)$ (“eventually”) holds if ¢ becomes true at some point in [a, b].

O[ap]¢ (“always”) holds if ¢ remains true throughout [a, b].

&1 Upap) 92 (“until”) holds if ¢ is true until ¢, becomes true in [a, b].

This syntax allows LogiCP to express a wide range of specifications that describe temporal patterns in client
data, such as traffic flow consistency, threshold violations, and bounded fluctuations. These formal logics are
then used to guide the clustering of clients based on semantic alignment.

Signal Representation. Let x = (x1, X, ..., xr) denote a discrete-time signal of length T, where x;, € R
represents the signal value at time step 7. In our experiments, x, corresponds to the sequential measurement,
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such as traffic volume, temperature, or electricity consumption. Normalization is performed locally on each
client’s data using min-max scaling to [0, 1] to preserve privacy.

Robustness Function. Given an STL formula ¢, the (violation) robustness function g(, x, ¢) computes a
non-negative violation distance measuring how far the signal x deviates from satisfying ¢, adapted from the
TeLEx framework (Jha et al. 2017). A robustness value of g = 0 indicates that the specification is satisfied, without
quantifying the degree of satisfaction. An STL formula ¢ is constructed recursively from atomic predicates
combined with Boolean and temporal operators (as defined in Definition 1). An atomic predicate u takes the
form p := x ~ ¢, where ¢ € R is a threshold parameter embedded in the formula, and ~€ {<, >} is a comparison

operator.

Definition 2 (Robustness Function of STL g).
g(0,%x;,%; > ¢) = max(0, ¢ — x;)
g(0,%x.,%; < ¢) = max(0, x; — ¢)
9(0, %7, =¢) =9(6,%., ¢)
9(0,x7, 41 V ¢3) =min{g(0, X7, $1), 9(6, X7, 2) }
9(0, %, 1 A ¢2) = max{g(0, x., ¢1),9(0, xr, $2) } 9)
9(0. %z, Oap)P) = min g(0,x7,9)

v’ €|t+a, t+b]

max  g(6,xy,¢)

v’ €[t+a, t+b]

inf max(g(@, X, ¢2), sup  g(0,%., ¢1))

v’ €lt+a, t+b]NT el o]

9(9» X‘l's D[a,b]QZS)

9(9, X7, ¢1(u[a,b] ¢2)

We note that this definition differs from classical STL quantitative semantics (Maler and Nickovic 2004) and
the original TeLEx robustness (Jha et al. 2017), which use a signed, margin-based measure where positive values
encode the degree of satisfaction and negative values encode the degree of violation. In contrast, the function g
defined above is a non-negative violation penalty: it returns zero for all satisfying trajectories regardless of the
satisfaction margin, and returns a positive value proportional to the violation distance otherwise. In LogiCP, we
adopt this formulation because the robustness function serves to measure semantic misalignment when assigning
clients to clusters. The violation distance directly quantifies how far a cluster model’s predictions deviate from a
client’s inferred specification, where the relevant quantity is the magnitude of deviation from satisfaction rather
than the degree to which predictions exceed the satisfaction threshold.

We use the averaged STL robustness Rsrr (6}, Y, ¢;) as the clustering metric, which quantifies how well a
cluster model’s predictions align with each client’s inferred STL specification. These specifications ¢; are mined
from templated STL formulas (Donzé and Maler 2010) applied to each client’s dataset D;, using Telex (Jha et al.
2017). Telex approximates the quantitative semantics of STL through differentiable functions, thereby converting
the specification inference problem into an optimization problem. Additional details of this process can refer to
Jha et al. (Jha et al. 2017).

STL quantitative semantics capture the degree to which a cluster model’s predictions satisfy a local client’s
temporal specification. To compute this robustness, the predicted sequence Y is evaluated against the STL formula
¢i, where the degree of violations or satisfactions is quantified as real-valued scores.

We define the STL robustness value R sn(@f(, Y, ¢;) as the average robustness value across a prediction sequence

¥ = {¥,..., Y7} outputted by cluster model 07 when evaluated on the specification ¢;. Formally:
1 &
S v _ S v .
Rsrr (0, Y, ¢i) = T ;:1 9(0;, Yz, 1) (10)
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where g(-,-, ) is the robustness of prediction Y; with respect to ¢; at time 7. A lower value indicates stronger
semantic alignment between the cluster model and the client specification. After inferring ¢;, each client C; is
assigned to the cluster Sy whose model 6; yields the lowest score, thus forming semantically coherent clusters
that support accurate and personalized UQ.

Property Templates and Examples. We employ parameterized STL templates that capture common temporal
patterns in sequential data:

¢ Bounded range: Lo 7)(x > ¢1) A O[] (x < c2) — the signal remains within bounds [cy, c;] throughout
the prediction horizon.

e Peak detection: ¢, (x > c¢) — the signal exceeds threshold ¢ at some point within interval [a, b].

e Trend constraint: ([, ) (x;+1 — x; < §) — within interval [a, b], the rate of change is bounded by 6.

Consider a traffic sensor client C; with hourly volume data. We infer the specification ¢; = Opos51(x > 0.3) A
6,101 (x < 0.2), indicating that traffic volume exceeds 0.3 (normalized) during morning hours and drops below
0.2 during mid-day. The parameters {0.3,0.2,5, 10} are mined from the client’s historical data through TeLEx.

It is important to note that the temporal logic inferred from client data is not assumed to represent client behavior
precisely. In LogiCP, these STL specifications are utilized as indicators to approximate semantic alignment among
clients, thereby guiding the clustering process and mitigating in-cluster heterogeneity. The potential inaccuracy of
these logical constraints highlights the importance of incorporating CP, which provides mathematical guarantees
to quantify inherent model uncertainty.

4.3 Training-time Optimization: Calibration

The calibration process in LogiCP constitutes a central component of our framework. We detail each step of this
process below. CP is an appropriate method for constructing distribution-free prediction sets satisfying that

P(Yeé(X)) >l-a (11)

where C(X) represents the prediction interval for a new test point X, and Y is the actual outcome. This guarantees
that the true value of Y falls within the computed interval with a probability of at least 1 — a, thus providing
robust predictions against the inherent uncertainty in traffic flow sequences.

As mentioned, the distributed nature of FL keeps data localized but introduces complexities when integrating CP.
Hence, we employ a quantile-of-quantile technique (Humbert et al. 2023) to address privacy issues in distributed
prediction systems. Specifically, each local client first computes a local quantile of the nonconformity score on
its private dataset. Then, each local client shares the computed local quantile to its assigned cluster. Thus, each
cluster further computes a quantile of aggregated local quantiles shared by assigned clients to calculate the
cluster’s CP region py. Communication between clients and clusters only involves a value of local quantiles and
the updated client parameters required by FL. Such a communication process minimizes the exposure of the
client dataset while providing rigorous UQ.

In the context of regression tasks relevant to traffic flow prediction, we utilize the fitted absolute residuals
as the nonconformity score function r(X;, Y;), i.e, Ry £ r(X;, Y;) = |Y; — f(Xi)l, where R; is the nonconformity
score for i-th data point, and f is a predictor trained on historical data.

Definition 3 (Quantile of Quantile Estimator) Given total M data points D! = (Xl(i),Xz(i), v X ]&')) of an
individual client i with all total N clients in a distributed system setting, R#) denotes nonconformity score
set calculated on all M data points of i-th client. For any (¢, k) € [[1, M]] X [[1, N]], the Quantile of Quantile
Estimator is defined as

Qex) = Q) (Q(z) (R, ..., Q) (R(N))) (12)
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where Q) (RM) refers to the £-th smallest nonconformity score of data in private calibration dataset of i-th
client.

Then, given a confidence level « € (0, 1) for a future time state 7, where 7 € {1, 2, ..., T}, and a trained predictor
f, let {(X]m, Yj('))}fng and (X,Y) be iid. random variables, where ¥ = f(X), the prediction region will be
constructed as the following:

CoxnX) ={Y eR: Y =7 < Ot} (13)
such that
P(Y€Cru(X) 21-a (14)

In words, LogiCP can find the ¢-th smallest nonconformity score of each local client and the x-th smallest
value of these scores, i.e., (£,x) such that satisfying Equation (14), where P(Y € é[,,( (X)) is guaranteed to be
above 1 — a. The proof and technical details of the solution can be found in Theorem 3.2 in (Humbert et al. 2023).

However, the latest literature has shown that when CP is applied to sequential prediction tasks, the size of
the CP region increases along with the length of future time states T (Tibshirani et al. 2019; Zaffran et al. 2022).
Consequently, the informativeness derived from CP decreases as the length of the prediction sequence increases.
This is because an excessively large CP-derived uncertainty region can negatively impact its guiding effect during
model updating for long prediction sequences. To ensure the feasibility of the proposed method for varying
prediction sequence lengths, we propose a novel methodology to incorporate the normalized CP region into
LogiCP to address this issue.

Similar to the approach detailed in (Zhao et al. 2024), for each local client C;, we incorporate a normalization
term computed from a dedicated normalization dataset D", which is disjoint from the calibration dataset Df“l.

Both subsets are drawn from the client’s private data Df " with Dror 0 D¢ = (). Normalization implementation
is designed to consistently establish a CP region with 1 — a coverage for different prediction lengths, thereby
ensuring the feasibility of our proposed algorithm and improving the overall generalizability of LogiCP in various

distributed system environments.

J

Specifically, for each local client i, where C; € C, suppose there is a set of J sequential data samples {YT(j ) Ficts

where j € {1,2,...,J}. Let o, be defined over D" as:

07 := max YT(j)—?T(j)|‘, re€{1,2,...,T} (15)

J

Moreover, the normalized nonconformity score Ri(j ) for each sequential data sample j is calculated as:

‘Y,(j) _ ﬁmH

Rl.(j) =  max (16)
re{12,..T} or
For each client i, the local quantile at time 7 is computed as:
¢® :JT-Q({;)(RI.U)), re{l2.. . T). (17)
Each client C; transmits a length-T vector of local quantiles {fl(i), [Z(i) e, t’T(i)} to its assigned cluster. Each

cluster Sy then aggregates these vectors from all assigned clients to compute the cluster-level CP region py =

{01, 0., Or}.

The CP region Q; satisfying the coverage condition at each time 7 is then computed as:
Oc 2 Quo (67,47, e™). (18)

In words, the CP region CA},K (X) for each 7 is constructed as follows: (1) for each client i, compute normalized

nonconformity scores Rl.(j ) over its J sequential samples and select the ¢-th smallest value; (2) scale this value
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Client C;

LogiCP Client
Training

Inferred Property ¢; ]—’ Lgry, (¢i: ?1) ]

Cluster CP Region py, ]—> Lep(pr, 1)

Loss
Function

Ground Truth Y; ]—> Lyse (Yi, ?1)

(6f) = aLlysg(Y;, ¥;) + ALsr (¢4, %) + (1 — @ — Dlcp(pp, )

Fig. 3. Client LogiCP model training. (The loss calculation process considers CP regions and inferred properties to optimize
both client and cluster model performance.)

by o, to obtain the local quantile [T( D and (3) aggregate the local quantiles across clients by selecting the x-th
smallest value to form the cluster-level CP region at time 7.

4.4 Training-time Optimization: Loss Function

This section outlines the loss function integrated into the model training process. Specifically, it penalizes three
critical components: prediction error, error with respect to the quantitative uncertainty range derived from CP, and
error with respect to the temporal property inferred from STL. Together, these terms ensure that predictions are
not only accurate but also respect uncertainty regions guided by formal inference and conform to client-specific
temporal specifications.

The loss function L for each client C; is defined as follows:
L(05) := w1 Luse(Y;, Yi) + woLstr($1, i) + (1 = w1 — w2)Lep(pk, Vi) (19)

where:

o Lyse(Y;, Y;) denotes the Mean Squared Error,

o Lot (¢, Y;) denotes STL alignment loss, which measures the deviation of the predicted sequence Y; from
the client’s STL specification ¢;,

e Lep(pr, Vi) represents the CP loss, which quantifies the deviation between the predicted value ¥; and the
assigned cluster’s CP region py.

We formally define each loss component below:
MSE Loss:

T
N 1 N
Lyse (Y ) = = Z;(Y ~ ¥, (20)
STL Alignment Loss: Using the TeLEx-style robustness function g(-) defined in Section 4.2:

T
Lsri (¢ Vi) = % Zg(% Yi 1) (21)
=1
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This term penalizes predictions that deviate from the client’s inferred STL specification.
CP Loss: Given the cluster’s CP region px = {Qy,...,01}:

L 1w . .
Lep(pioBi) = = ) max (0,83 = Yirl = O (22)
7=1
This term penalizes predictions whose errors exceed the CP-derived bounds.
By combining formal logic-guided and uncertainty-aware constraints, this loss function enables LogiCP to
produce reliable, personalized predictions. It preserves semantic alignment with client-specific temporal behavior
while offering theoretical guarantees on predictive coverage.

4.5 Training-time Optimization: Training Process

The training process of LogiCP integrates all key components introduced in earlier sections to provide formal
logic-guided UQ in FL update. At the end of the pretraining phase, each client infers temporal specification ¢;
and is initially assigned to a cluster based on semantic alignment (Section 4.2). Within each cluster Sy, distributed
CP is applied to provide an uncertainty region py, which captures the ground truth property at a user-defined
confidence level (Section 4.3). During training, the CP region py computed in Section 4.3 is incorporated directly
into the loss function Lep(px, V) asa prediction bound constraint. The CP region remains in its original form
Pk = {Ql, Qz, e, QT} throughout training and inference, without conversion to STL representation.

During each communication round, every client C; performs nj,c4; local update steps using its private dataset
D!, minimizing the loss function in Equation (19). This objective aligns model predictions with both CP-derived
constraints and STL-inferred specifications. The updated parameters 0¢ are sent to both the central server and
the assigned cluster. The server updates the global model 67, and each cluster Sy updates its model 67 through
weighted averaging.

After client-wise training, each cluster aggregates public data from its assigned clients Py and performs njysser
cluster-level training iterations using the same loss function. The initial cluster model 6, is initialized from
the weighted average of its assigned clients’ parameters during the first clustering. This hybrid training design
preserves client personalization while enabling generalization across semantically similar clients. Furthermore,
during runtime, LogiCP dynamically assigns clients to semantically aligned clusters using STL inference, elimi-
nating the need for global retraining. This capability enhances both the generalizability and adaptability of FL
systems in dynamic, real-world environments.

STL-based clustering and logic-guided CP are repeated in the following communication rounds to adapt
to updated client and cluster models. This ensures that clusters remain semantically aligned with updated
specifications, and uncertainty regions maintain coverage guarantees. Each communication round, comprising
local updates, global and cluster-level aggregation, re-clustering, and CP calibration, is repeated for n,, iterations.

Throughout the entire training process, privacy is rigorously preserved. All client-side learning is conducted
exclusively on each client’s private dataset Df ", and no raw data is shared. The pretraining (Df "), normalization
(D}°"), and calibration (Dl.ml ) data subsets are all derived locally from Df " Both STL inference and distributed
CP operate without raw data exchange, where communication between clients and clusters is limited to model
parameter updates and scalar quantile values required by the CP calibration process. This design ensures that
LogiCP remains fully compliant with standard FL privacy principles while supporting rigorous, logic-guided UQ
in a distributed setting.

4.6 Runtime Validation and Correction

After training, we incorporate a runtime validation and correction mechanism into the model’s prediction process.
This mechanism jointly coordinates quantified uncertainty and inferred property to ensure that the model’s
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Fig. 4. Runtime validation structure calibrates prediction from the model based on the prediction regions derived from
specification mining and CP.
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Fig. 5. The visualization of the corrected output § from runtime validation structure and the client model prediction g,
represented as blue dot and black dot respectively in the graph. The red region represents the uncertainty region generated
from CP, and the green region represents the property region inferred from signal temporal logic.

output is not only within regions that have a marginal guarantee to encompass the real target but also respects
the underlying temporal property.
The qualitative semantics of the runtime validation structure are formalized as a function

Y(Y;0,T) — H, (23)

where H includes the boolean values {TrueT, FalseL}. Specifically, given a sequential predicted result § € Y
and a property ¢ € @, if §j |= ¢ at time t € T, then

V(s ¢,t) — T; (24)

otherwise,
Y(g; P, t) — L. (25)

Other prediction corrections structure, such as one described in An et al. (An et al. 2024), directly correct the
prediction within the inferred property region when a violation occurs. These adjustments lack a theoretical
guarantee to ensure that the corrected result will have a higher accuracy, particularly when the inferred property
is insufficiently precise.

Hence, the goal of our runtime validation structure is to ensure that when prediction 7 violates the inferred
property region ¢, it applies a minimal correction to the prediction to generate a corrected result § that satisfies
both the inferred property region ¢ and the CP region p simultaneously, i.e., ¥(7; p,t) — T A ¥(F;¢,t) — T,
where we require the corrected prediction 7 to satisfy both the CP constraint (i.e., |§; — ;| < O;, with Q; being
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the CP bound derived from region p) and the STL specification ¢ simultaneously. As an example in Figure 5,
the predicted value 7 violates the inferred property region ¢ at t,, runtime validation structure calibrated the
predicted value to the bound of ¢.

It is important to note that there exists a situation where the two properties contradict each other, i.e.,
Y(g;p,t) = T © ¥Y(§; ¢, t) — L. At t5 in Figure 5, the predicted value g violates the inferred property region,
whereas these two regions conflict. In such cases, the runtime validation structure prioritizes the region derived
from CP, ie., ¥(g; p,t) — T A Y(§;¢,t) — L. This is because the CP region has a theoretical guarantee to
contain the real value, offering a more reasonable direction for calibration. Thus, when two regions have conflict,
the runtime validation structure will, at most, calibrate the prediction to the bounds of the CP region.

As a specific example, assuming CP region p at t, reveals that the deviation between predicted § and the real
value y is 2. It suggests that for an output § = 5 from the model, the CP region has a CP region [3, 7]. The inferred
STL semantics property G, (y > 8) A G,,1(y < 12) suggests a property region ¢ = [8,12]. In this case, when
the two regions contradict each other, the runtime validation structure calibrates the prediction to the boundary
of the CP region, resulting in §j = 7.

5 Evaluation

Our evaluation focuses on the following primary objectives: (G1) the effectiveness of LogiCP in improving FL
prediction accuracy under client heterogeneity, in comparison to baseline FL approaches; (G2) the reliability
of the runtime validation structure in enhancing prediction accuracy in practical scenarios; and (G3) the
scalability of LogiCP, by evaluating its ability to maintain both predictive accuracy and reliable uncertainty
quantification across varying numbers of clients in large-scale distributed environments; (G4) the capability of
LogiCP to capture model-inherent uncertainty under varying scales.

5.1 Datasets

We evaluate the performance of LogiCP using three real-world datasets that exhibit diverse forms of temporal
heterogeneity: a publicly available traffic flow dataset from the Federal Highway Administration (FHWA 2016), a
worldwide temperature dataset from the University of Dayton (University of Dayton 2002), and an electricity
consumption dataset (Trindade 2015).

The FHWA dataset was selected for its origin from real-world and broad coverage of traffic patterns across
different geographic regions and time periods, making it suitable for assessing model performance under temporal
and spatial heterogeneity. The data is collected from 384 sensors in 15 states. Sensor types include Video Image
Processors, Radar Sensors, and infrared sensors, deployed across highways, interstates, and town roads. The
worldwide temperature dataset (denoted as CT) provides average daily temperature records from 157 U.S. cities
and 167 international cities, spanning from 1995 to 2002. Unlike the FHWA dataset, which exhibits strong and
consistent temporal trends characteristic of structured traffic patterns, the CT dataset contains greater variability
and fluctuations in data distribution due to climate diversity and regional anomalies.

The Electric dataset contains electricity consumption records from 370 clients, with measurements recorded
at 15-minute intervals. Unlike the FHWA and CT datasets, which reflect traffic dynamics and climate-driven
patterns respectively, the Electric dataset captures heterogeneous consumption behaviors across residential
and commercial users. These behaviors vary significantly with user types, seasonal factors, and daily routines,
introducing a distinct form of temporal heterogeneity.

Together, these three datasets enable a comprehensive evaluation of LogiCP’s generalizability across diverse
temporal prediction domains, ranging from highly structured sequences to irregular and user-dependent patterns,
aligning with our goal of addressing data heterogeneity in practical federated learning settings.
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Table 1. Comparison of MSE and inferred specification satisfaction rate on FHWA Dataset.

Method RNN GRU LSTM Transformer

MSE Y MSE Y MSE Y MSE Y
FedAvg ‘ 0.129 + 0.028 78.58% 0.159 + 0.027 82.39% 0.116 = 0.026 85.26% 0.023 = 0.006 75.83%
IFCA 0.113 £ 0.025 78.76% 0.138 + 0.026 82.65% 0.115 + 0.026 85.05% 0.051 = 0.007 75.14%
IFCA-S 0.105 £ 0.026 81.11% 0.140 + 0.025 82.66% 0.122 £ 0.030  85.89% 0.056 + 0.007 74.47%

CP-IFCA 0.121 £0.025  80.57% | 0.153 £0.026  84.08% | 0.178 + 0.026  84.15% 0.039 + 0.004 76.69%
CP-IFCA-S | 0.127 +£0.028  80.10% | 0.146 +£0.025 84.25% | 0.164 £ 0.032  85.07% 0.045 + 0.007 75.73%

Fed-Bayes 0.051 £0.014 86.17% | 0.093 +£0.024 83.67% | 0.102 + 0.026  82.68% 0.596 + 0.005 74.30%

FedSTL 0.061 +£0.013  85.95% | 0.120 £0.025 86.59% | 0.184 = 0.025 86.49% 0.022 + 0.005 78.80%
FedSTL-S 0.065 +0.015 85.80% | 0.112 £0.024 86.79% | 0.170 + 0.024  86.66% 0.019 £ 0.005 78.24%
FedSTL-T 0.051 £0.010 90.59% | 0.092 + 0.018 92.40% | 0.144 + 0.020 90.28% 0.015 + 0.005 86.20%

LogiCP 0.048 +£ 0.009  85.09% | 0.109 £0.021  87.16% | 0.091 + 0.020  86.94% | 0.0027 £ 0.0014  83.63%
LogiCP-S 0.052 £ 0.011  85.08% | 0.110 £ 0.022  86.44% | 0.094 +0.022  86.28% | 0.0038 + 0.0022  78.94%
LogiCP-T 0.030 = 0.008 89.75% | 0.062 + 0.017 89.25% | 0.060 + 0.017 89.39% | 0.0021 + 0.0014 88.89%

5.2 Experiment Setup

We design two experimental settings that directly correspond to our primary evaluation objectives !.

Specifically, to evaluate G1 and G2, we first consider a general multi-client environment consisting of 100
clients applied to both the FHWA dataset and the CT dataset. This configuration is used to evaluate LogiCP’s
effectiveness in improving FL prediction accuracy, as well as the reliability of the proposed runtime
validation structure under a heterogeneous data setting. We implement and compare multiple neural
architectures, including RNN, GRU, LSTM, and Transformer models, under this multi-client framework to assess
generalizability across model architectures and datasets.

Second, targeting G3 and G4, we evaluate scalability and uncertainty quantification performance using
the FHWA dataset with the Transformer model under varying client scales. Specifically, we test LogiCP under
environments with 1, 50, 100, and 300 clients. This setting is designed to assess LogiCP’s ability to maintain
both prediction accuracy and reliable CP-based uncertainty quantification across different deployment
scales. The CP satisfaction rate (v), introduced in the problem formulation, is used to measure how well the
predicted CP regions capture model uncertainty.

In all experiments, each client’s local training dataset is divided equally, with 50% allocated to Df " and 50% to

D? “> Models are trained to forecast the future 24 timestamps based on a 120 historical timestamps. All clients
participate in each communication round across all settings unless a specific participation rate is specified.
Training is performed using Stochastic Gradient Descent (SGD) with a momentum of 0.9, a fixed learning rate of
1x 1073, and a batch size of 64. For all experiments involving CP, we set the error rate & = 0.1. Experiments are
conducted on 128 GB RAM, AMD Ryzen Threadripper Pro 7975WX, and NVIDIA RTX 6000 Ada.

5.3 Baseline Models

We compare the performance of LogiCP with the following FL baselines: (1) FedAvg (McMahan et al. 2017)
serves as a standard baseline representing traditional FL without formal reasoning and uncertainty quantification.

The full implementation of LogiCP is available at https://github.com/AICPS-Lab/LogiCP
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The central server iteratively aggregates parameters from all local clients through weighted averaging at each
communication round, without accounting for specification alignment or uncertainty. This baseline allows us
to isolate the impact of both STL-based clustering and CP-derived uncertainty quantification. (2) IFCA (Ghosh
et al. 2020) is included to assess the performance of FL with client clustering but without formal logic inference.
Clients are assigned to the cluster whose model minimizes prediction loss on the client’s local data, and the
cluster models are updated based on assigned clients. Comparing LogiCP with IFCA highlights the enhancement
derived from formal logic-guided uncertainty quantification over purely loss-based partitioning. (3) CP-IFCA is a
modified version of IFCA where distributed CP is applied within each cluster. This baseline setting evaluates
the performance of applying CP-based uncertainty quantification without STL-guided clustering. It enables a
direct comparison with LogiCP to assess the enhancement of formal logic guidance in uncertainty quantification.
(4) FedSTL (An et al. 2024) infers formal properties into FL updates, but does not incorporate uncertainty
quantification. Comparing LogiCP with FedSTL highlights the importance of combining formal logic inference
with rigorous uncertainty quantification to enhance the reliability of predictions. (5) Fed-Bayes (BNN-based
personalization). We additionally implement a Bayesian neural network (BNN)-based personalized FL method
(denoted as Fed-Bayes) following (X. Zhang, Y. Li, et al. 2022). In this setting, each client maintains both a global
and a personalized model, with weights represented as variational distributions w ~ N (1, softplus(p)?). We adopt
the hyperparameter settings reported in the authors’ open-sourced implementation, including a KL divergence
weight ¢ = 10.0, weight scale 0.1, and p offset —3.0.

5.4 Evaluation Metrics

We primarily employ three metrics to assess LogiCP performance under each experimental setting: (1) Mean
Squared Error (MSE): MSE measures the overall prediction accuracy by quantifying the average discrepancy
between predicted and actual values, providing a straightforward measure of prediction accuracy. (2) Satisfaction
Rate of Inferred Specification (y): This metric computes the percentage of model predictions that comply
with the STL-inferred specification ¢; for each client. It reflects how well the inferred specification captures the
client’s temporal pattern, helping to assess the consistency of formal inference under heterogeneous conditions.
(3) CP Guarantee Satisfaction Rate (v): (v) is defined as the percentage of ground truth values that fall within
the CP-derived uncertainty region. It assesses the model’s ability to capture uncertainty accurately, measuring
the reliability of uncertainty quantification. A higher v indicates stronger alignment between the uncertainty
region and the actual outcomes, reflecting better representation of the inherent uncertainty of the model.

5.5 Enhanced Prediction Accuracy

The experimental results on the FHWA, CT, and Electric datasets of all FL approaches for each neural network
model are presented in Table 1, Table 2, and Table 3, respectively. Here, “-S” represents the evaluation of cluster
models, while “-T” refers to predictions calibrated by the runtime validation structure described in Section 4.6.
For the FHWA dataset, LogiCP outperforms all baseline methods in client-level MSE by 50%, 23%, 35%, and 91%
on the RNN, GRU, LSTM, and Transformer models, respectively. The most significant improvement is observed
with the Transformer model, where LogiCP reduces client-wise MSE by approximately 88%, 93%, 95%, and 88%
compared to FedSTL, CP-IFCA, IFCA, and FedAvg, respectively, with 100 participating clients. Similarly, on the
CT dataset, LogiCP achieves consistent improvements on client-level MSE across all model types by 33%, 24%,
43%, and 46% on the RNN, GRU, LSTM, and Transformer models, respectively. On the Electric dataset, LogiCP
consistently outperforms all baseline methods on client-level MSE across all model types by 32%, 40%, 58%, and
17% on the RNN, GRU, LSTM, and Transformer models, respectively. Specifically, LogiCP outperforms FedAvg
by 51%, IFCA by 44%, CP-IFCA by 40%, and Fed-STL by 37% on average across all four model architectures.
Compared to Fed-Bayes, LogiCP achieves an average improvement of 11% on RNN, GRU, and LSTM models.
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Table 2. Comparison of MSE and inferred specification satisfaction rate on CT Dataset.

Methods RNN GRU LSTM Transformer
MSE Y MSE Y MSE Y MSE Y
FedAvg ‘ 0.150 = 0.019 74.96% 0.210 = 0.022 76.69% 0.449 + 0.041 58.05% 0.359 + 0.039 66.25%
IFCA 0.118 = 0.011 76.49% 0.145 + 0.014 78.73% 0.264 + 0.026 63.05% 0.157 £ 0.017 66.44%
IFCA-S 0.104 + 0.015 72.90% 0.133 £ 0.018 75.35% 0.118 + 0.022 77.50% 0.133 + 0.016 73.98%

CP-IFCA 0.194 + 0.016  88.33% | 0.127 £ 0.011  93.24% | 0.149 +£0.027 90.61% | 0.418 +£0.024  76.90%
CP-IFCA-S | 0.212 +0.031 89.00% | 0.129 £0.016 93.87% | 0.146 £ 0.031  91.25% | 0.429 +0.032  76.04%

Fed-Bayes 0.115+0.013  84.92% | 0.132+0.012 83.32% | 0.147 £0.013  80.79% | 0.394 £ 0.026  70.45%

Fed-STL 0.111 £ 0.010  69.67% | 0.127 £0.013  72.30% | 0.127 £0.013  71.97% | 0.110 £ 0.012  70.40%
Fed-STL-S 0.098 + 0.008 71.84% | 0.115+0.011 74.73% | 0.129 £0.013  73.95% | 0.114 £ 0.012  72.99%
Fed-STL-T | 0.127 £0.013  81.21% | 0.141 +£0.014 78.16% | 0.140 +£0.014 81.90% | 0.114 £ 0.012  73.00%

LogiCP 0.091 £ 0.007 88.65% | 0.111 +£0.010  92.66% | 0.110 +£0.010  91.16% | 0.104 £0.011  92.11%
LogiCP-S 0.100 + 0.008 92.41% | 0.125+0.012 94.88% | 0.127 £0.013 94.25% | 0.135+£0.013  92.07%
LogiCP-T 0.090 + 0.008 92.38% | 0.111 + 0.010 96.07% | 0.108 + 0.010 93.32% | 0.104 + 0.011 95.29%

LogiCP-T consistently outperforms Fed-Bayes, achieving an average MSE reduction of 24% across all datasets.
The 40% improvement over CP-IFCA demonstrates the significance of STL-guided clustering for CP-based
uncertainty quantification in heterogeneous environments. While both methods employ conformal prediction,
LogiCP leverages STL specifications to measure distribution alignment among clients and reduce intra-cluster
heterogeneity, resulting in more accurate and informative prediction intervals.

Additionally, LogiCP-S achieves an average 54% reduction in MSE compared to CP-IFCA-S and a 37% reduction
in MSE compared to Fed-STL-S on FHWA dataset. These improvements validate LogiCP’s ability to mitigate
heterogeneity and enhance client prediction accuracy significantly while preserving personalization. LogiCP-S
achieves an average 37% reduction in MSE compared to CP-IFCA-S and a 39% reduction compared to Fed-STL-S
on the Electric dataset. This result further validates LogiCP’s ability to mitigate heterogeneity while maintaining
personalized prediction accuracy across diverse scenarios.

Furthermore, we observe that the MSE of predictions calibrated by the runtime validation structure (LogiCP-
T) further improves upon LogiCP, achieving the highest accuracy across all evaluated settings. In terms of
specification satisfaction rate (y), LogiCP consistently outperforms all baselines, except for FedSTL-T on the FHWA
dataset, which achieves a comparable or slightly higher y. This is because FedSTL-T calibrates predictions solely
with respect to the inferred STL properties ¢, which results in higher y. However, LogiCP-T still achieves lower
MSE than FedSTL-T, demonstrating that the inferred specifications alone may not reliably capture personalized
features. Hence, the result indicates that by integrating STL-guided UQ in runtime, LogiCP more effectively
adapts to individual client characteristics and ensures reliable model performance across diverse settings.

The evaluation results show that LogiCP achieves optimal performance on the FHWA, CT, and Electric datasets,
which exhibit distinct temporal characteristics. These outcomes highlight LogiCP’s consistency across
diverse data patterns, validating its generalizability under heterogeneous scenarios. These findings
support our core objective to develop a framework that can maintain high personalization and prediction reliability
across various practical contexts.
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Table 3. Comparison of MSE and inferred specification satisfaction rate on Electric Dataset.

Methods RNN GRU LSTM Transformer
MSE Y MSE Y MSE Y MSE Y
FedAvg ‘ 0.142 £ 0.011  92.69% | 0.202 +£0.009 96.84% | 0.321 = 0.018 98.55% | 0.089 + 0.006 88.13%
IFCA 0.110 £ 0.007 97.84% | 0.162 £ 0.008 94.72% | 0.322 £ 0.018 98.59% | 0.082 + 0.007 83.44%
IFCA-S 0.116 £ 0.009  96.05% | 0.170 £ 0.010  93.95% | 0.326 = 0.019  98.49% | 0.085 + 0.006 98.49%

CP-IFCA 0.102 £ 0.008  98.11% | 0.133 £0.009  95.21% | 0.316 +£0.021  99.04% | 0.082 + 0.007 87.34%
CP-IFCA-S | 0.107 £ 0.010  96.92% | 0.136 £ 0.010  95.17% | 0.307 £0.020 98.79% | 0.082 = 0.006 89.81%

Fed-Bayes 0.074 £ 0.006  96.43% | 0.089 £ 0.007 97.68% | 0.115+0.012 96.67% | 0.892 + 0.027 93.60%

Fed-STL 0.097 £ 0.007 94.14% | 0.139 +£0.008 98.06% | 0.278 £0.015 97.00% | 0.076 = 0.006  84.65%
Fed-STL-S 0.104 £ 0.008  92.29% | 0.163 £0.009 9591% | 0.296 +£0.019 96.16% | 0.083 = 0.006 84.74%
Fed-STL-T | 0.095+ 0.007 97.74% | 0.130 £ 0.008 97.16% | 0.246 = 0.013  96.42% | 0.076 + 0.006  84.86%

LogiCP 0.068 £ 0.006  96.22% | 0.081 £ 0.006 96.42% | 0.096 + 0.006 98.10% | 0.068 + 0.006  91.81%
LogiCP-S 0.071 £ 0.006  98.80% | 0.083 £ 0.006 96.45% | 0.106 = 0.008 96.07% | 0.073 = 0.006 91.34%
LogiCP-T 0.068 + 0.006 96.63% | 0.081 £ 0.006 97.11% | 0.096 + 0.006 98.54% | 0.067 = 0.006 93.04%

Table 4. Comparison of MSE and CP satisfaction rate under the Transformer Model Across Different Client Scales. Note that
CP satisfaction rates are not applicable for approaches that do not integrate with CP.

300 Clients 100 Clients 50 Clients 1 Client
Method
MSE v MSE v MSE v MSE v
FedAvg | 0.018 % 0.001 N/A | 0.023 % 0.006 N/A | 0.046 +0.003 N/A | 0.034 N/A
IFCA 0.022 + 0.001 N/A 0.051 + 0.007 N/A 0.056 + 0.012 N/A | 0.057 N/A
IFCA-S 0.019 + 0.001 N/A 0.056 + 0.007 N/A 0.060 % 0.014 N/A N/A N/A
CP-IFCA 0.038 £ 0.002  96.53% | 0.039+0.004  96.83% | 0.041+0.009  96.79% | 0.039  98.92%

CP-IFCA-S 0.040 + 0.003 96.50% 0.045 + 0.007 96.51% 0.049 + 0.014 96.46% 0.032 100.00%

Fed-STL 0.019 + 0.001 N/A 0.022 £ 0.005 N/A 0.026 + 0.009 N/A 0.025 N/A
Fed-STL-S 0.019 £ 0.001 N/A 0.019 + 0.005 N/A 0.023 = 0.010 N/A N/A N/A
Fed-STL-T 0.019 £ 0.001 N/A 0.015 £ 0.005 N/A 0.018 + 0.009 N/A 0.020 N/A

LogiCP 0.0034 + 0.0009  97.20% | 0.0027 +0.0014  98.14% | 0.0026 + 0.0018  98.54% | 0.0084  100.00%
LogiCP-S 0.0034 + 0.0008 98.36% | 0.0038 + 0.0022  98.65% | 0.0041 +0.0033  98.72% | 0.0079  100.00%
LogiCP-T 0.0024 + 0.0008 98.18% | 0.0021 + 0.0014 98.77% | 0.0021 + 0.0017 98.95% | 0.0050 100.00%

5.6 Consistency and Scalability of LogiCP

We evaluate LogiCP’s performance under varying client scales, with results summarized in Table 4. Across
all configurations, LogiCP consistently outperforms baseline models in both prediction accuracy (MSE) and
uncertainty quantification (CP satisfaction rate). Notably, in the most challenging 300-client setting, LogiCP
improves MSE by 82%, 91%, 85%, and 81%, respectively, compared to baselines. Moreover, LogiCP maintains stable
performance as the number of clients increases, with MSE differences remaining within the thousandths range
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Fig. 6. Visualization of one cluster prediction across all attributes with CP region for RNN model on FHWA dataset.

across different scales. These results indicate that LogiCP continues to capture personalized features for
all clients, demonstrating its scalability and consistency in preserving personalization under increasing
client heterogeneity. Furthermore, LogiCP-T consistently delivers the highest prediction accuracy across all
scales, further highlighting the practicality of LogiCP in real-world, large-scale federated environments.

Additionally, LogiCP achieves consistently higher CP satisfaction rates than CP-IFCA across all scale settings.
A higher satisfaction rate reflects that the CP region encompasses a larger proportion of true values, indicating a
more reliable uncertainty estimation. This outcome validates LogiCP’s core objective of guiding uncertainty
quantification through formal inference, reducing intra-cluster heterogeneity to achieve more reliable
uncertainty quantification.

5.7 Partial Participation Analysis

To evaluate LogiCP’s effectiveness under realistic FL conditions, we conduct experiments under varying par-
ticipation rates {0.3,0.5,0.7, 0.9} on the Electric dataset with 100 clients using the RNN model. The results are
presented in Table 5.

LogiCP consistently outperforms all baselines across all participation settings, achieving an average MSE
reduction of 31% compared to baseline methods. Notably, even at the lowest participation rate of 0.3, LogiCP
maintains its performance advantage, achieving a 29% average MSE improvement over all baselines. This
demonstrates that LogiCP’s STL-guided clustering and CP-based uncertainty quantification remain
effective under FL partial participation conditions.

Additionally, LogiCP outperforms CP-IFCA by an average of 31% in MSE across all participation settings, high-
lighting the significance of STL-guided clustering in CP-based uncertainty quantification. LogiCP outperforms
Fed-STL by an average of 28% in MSE across all participation settings, revealing the significance of integrating
rigorous uncertainty quantification in model updating.

5.8 Ablation Study

5.8.1 Ablation Study: Runtime Correction Strategies. We compare two runtime correction strategies when the CP
region and STL property region conflict: (1) LogiCP-CP, which prioritizes the CP boundary, and (2) LogiCP-STL,
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Table 5. Comparison of MSE and STL satisfaction rate of RNN on Electric Dataset with different participation ratio.

Methods 0.3 0.5 0.7 0.9
MSE y MSE y MSE y MSE y
FedAvg | 0.174£0013 91.07% | 0.167+0013 91.61% | 0.156=0.012 92.27% | 0.142 £0.011  92.67%
IFCA 0199 +0.012  88.74% | 0.138 £0.009 91.82% | 0.130 £0.009 92.86% | 0.132 +0.008 92.27%
IFCA-S 0.119+£0.010  91.96% | 0.115£0.009 92.50% | 0.116 £0.009 91.45% | 0.114 +0.009  92.12%

CP-IFCA 0.103 +£ 0.040  95.25% | 0.103 £ 0.039  95.33% | 0.103 +£0.040 95.15% | 0.102 £ 0.039  94.18%
CP-IFCA-S | 0.114 £ 0.059 94.46% | 0.113 £ 0.054 94.42% | 0.112 £ 0.049 94.72% | 0.112 £ 0.061  92.88%

Fed-Bayes 0.076 +£ 0.006  95.01% | 0.074 = 0.006  96.34% | 0.074 £ 0.006  96.25% | 0.074 £ 0.006  96.42%

Fed-STL 0.100 = 0.007  93.69% | 0.099 = 0.007 93.77% | 0.098 £ 0.007  93.94% | 0.098 £ 0.007 94.05%
Fed-STL-S 0.106 + 0.008  91.95% | 0.105+0.007 91.93% | 0.104 +£0.008 92.11% | 0.104 £ 0.008  92.15%
Fed-STL-T | 0.098 +£ 0.007 97.42% | 0.097 £ 0.007 97.48% | 0.096 + 0.007 97.63% | 0.096 + 0.007 97.66%

LogiCP 0.075 £ 0.006 96.61% | 0.071 £ 0.006  96.34% | 0.071 £ 0.006  95.42% | 0.068 £ 0.006  95.95%
LogiCP-S 0.077 £ 0.006  97.78% | 0.075+0.006 97.08% | 0.073 £0.006 97.10% | 0.071 £ 0.006  96.70%
LogiCP-T 0.075 + 0.006 96.98% | 0.071 + 0.006 96.73% | 0.071 £ 0.006 95.87% | 0.068 + 0.006 96.30%

Table 6. Ablation study of runtime correction strategies on FHWA dataset with 100 clients. LogiCP-STL prioritizes the STL
property boundary; LogiCP-CP prioritizes the CP boundary.

Methods RNN GRU LSTM Transformer

MSE v MSE v MSE v MSE v
LogiCP 0.052 + 0.007 84.39% 0.101 + 0.022 80.28% 0.081 £ 0.019 83.15% 0.0035 + 0.0008 83.20%
LogiCP-STL 0.034 + 0.006 89.39% 0.070 + 0.017 85.56% 0.058 £ 0.015 88.64% 0.0026 + 0.0007 88.63%
LogiCP-CP 0.034 + 0.006 89.37% 0.070 = 0.017 85.56% 0.058 + 0.015 88.62% 0.0026 + 0.0007 88.47%

which prioritizes the STL property boundary. Table 6 presents the results across all four model architectures on
the FHWA dataset with 100 clients.

The two strategies achieve comparable performance, with MSE differences occurring at the fifth decimal place
and nearly identical specification satisfaction rates (y). A likely explanation is that conflicts between the CP
region and STL property region—where the two do not overlap—are infrequent in practice. Given this empirical
equivalence, LogiCP adopts the CP-priority strategy as it provides correction grounded in a mathematically
guaranteed coverage bound.

5.8.2 Ablation Study: Calibration Analysis. To provide deeper insights into the CP calibration of LogiCP, we
compare LogiCP (STL-based clustering) with CP-IFCA (loss-based clustering with CP) under varying target
coverage rates «. This comparison evaluates how different clustering strategies affect calibration quality, coverage
reliability, and interval tightness across different confidence levels. The detailed results are presented in Table 7.

a-sweep Analysis. We evaluate LogiCP under varying CP error rates a € {0.10, 0.15,0.20, 0.25, 0.30}, corre-
sponding to target coverage levels of 90%, 85%, 80%, 75%, and 70%, respectively. LogiCP consistently achieves
empirical coverage exceeding the target 1 — « across all settings. For example, at a high target coverage
of 90% (a = 0.10), LogiCP attains 98.01% empirical coverage, while at a lower target of 70% (« = 0.30), it main-
tains 95.32%—comfortably above the threshold. These results demonstrate the reliability of our distributed CP
implementation and confirm that LogiCP provides valid prediction intervals with rigorous coverage guarantees.
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Per-client and Per-cluster Coverage. We analyze the coverage distribution across individual client models
and cluster models by examining the standard deviation of coverage rates. The standard deviation reflects the
uniformity of uncertainty quantification: lower standard deviation indicates more consistent coverage guarantees
across participants.

Results show that LogiCP-S (cluster models) achieves more uniform coverage, with standard deviations ranging
from 0.30% to 0.65%. This indicates that LogiCP’s cluster-level aggregation effectively reduces coverage variability.
Compared to CP-IFCA-S (standard deviation 0.30%-0.72%), LogiCP-S achieves comparable uniformity while
maintaining significantly higher coverage rates and lower MSE. The reduced variance in LogiCP-S suggests
that STL-guided clustering effectively groups clients with similar temporal patterns, leading to more
homogeneous intra-cluster behavior and more reliable uncertainty quantification.

Interval Width Analysis. The evaluation results reveal that LogiCP produces significantly narrower prediction
intervals while maintaining coverage guarantees. At the 90% target coverage level, LogiCP achieves an average
interval width of 0.129, compared to 0.396 for CP-IFCA—a 67% reduction in interval width. This substantial
improvement persists across all coverage levels, with LogiCP achieving an average width reduction of 69%
compared to CP-IFCA. Narrower intervals indicate more informative uncertainty quantification, where the model
can provide tighter bounds while still guaranteeing valid coverage. This improvement stems from LogiCP’s
STL-guided clustering, which reduces intra-cluster heterogeneity and allows CP to produce more
precise, client-specific prediction regions rather than overly conservative intervals that must accommodate
diverse client behaviors.

Table 7. Calibration analysis across different target coverage levels of 50 clients on FHWA dataset with Transformer model.

| Target Coverage Level (1 — «)

Method Metric | 90% 85% 80% 75% 70%
MSE | 0.0416 +0.0324  0.0416 +0.0324  0.0421 £0.0357  0.0421%0.0357  0.0415 + 0.0324
CP-IFCA  Coverage T | 97.43 +1.67% 96.78 + 1.70% 97.10 % 1.62% 96.51 + 1.62% 93.99 + 1.95%
Width | 0.396 =+ 0.049 0.383 = 0.049 0.392 =+ 0.049 0.380 =+ 0.050 0.341 + 0.046
MSE | 0.0439+0.0235  0.0439 +0.0234  0.0447 £0.0191  0.0438 +0.0197  0.0438 +0.0236
CP-IFCA-S  Coverage T | 97.22 % 0.72% 96.50 + 0.59% 96.96 % 0.30% 96.24 + 0.50% 93.43 + 0.40%
Width | 0.396 % 0.049 0.383 +0.049 0.392 % 0.049 0.380 % 0.050 0.341 % 0.046
MSE | 0.0029 + 0.0020  0.0029 +0.0020  0.0029 = 0.0020  0.0029 % 0.0020  0.0028  0.0020
LogiCP Coverage T | 98.01+3.98% 97.45 + 4.66% 97.59 + 4.52% 97.27 + 4.86% 95.32 + 6.73%
Width | 0.129 +0.005 0.119 + 0.007 0.121 +0.008 0.117 + 0.009 0.099 +0.008
MSE | 0.0037 +0.0007  0.0037 +0.0007  0.0037 +0.0007  0.0037 +0.0007  0.0036 % 0.0006
LogiCP-S  Coverage T | 98.35+0.30%  97.78 +0.43% 97.98 % 0.39% 97.63 % 0.43% 95.06 % 0.65%
Width | 0.129 % 0.005 0.119 % 0.007 0.121 +0.008 0.117 % 0.009 0.099 +0.008

5.8.3 Ablation Study: Clustering Strategy. We replace STL-guided clustering with two alternative strategies while
retaining all other components: (1) Loss-based Clustering, where clients are assigned to the cluster whose model
minimizes prediction loss on the client’s local data; and (2) Random Clustering, where clients are randomly
assigned to clusters without considering data characteristics. Results are presented in Table 8.

LogiCP achieves substantially lower MSE than both baseline clustering strategies across all target coverage
levels, reducing MSE by 83% compared to both Random and Loss-based Clustering. Additionally, LogiCP achieves
an average 73% reduction in interval width while maintaining empirical coverage above the target threshold. These
results demonstrate that STL-based semantic clustering effectively reduces intra-cluster heterogeneity,
enabling CP to produce precise, client-specific prediction regions rather than overly conservative
intervals.
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Table 8. Ablation study: Impact of clustering strategies on CP. Comparison of Random Clustering, Loss-based Clustering,
and LogiCP (STL-based Clustering) across different target coverage levels on FHWA dataset with Transformer model.

| Target Coverage Level (1 — )

Method Metric | 90% 85% 80% 75% 70%
MSE | 0.0172 £ 0.0274  0.0171£0.0275  0.0172 £0.0276 ~ 0.0171 £0.0276  0.0169 + 0.0274
Random-Clustering Coverage T 97.81 %+ 2.85% 97.03 £ 3.54% 96.79 + 3.63% 96.02 + 4.17% 92.55+£6.11%
Width | 0.486 + 0.034 0.451 +0.027 0.443 +0.028 0.423 +0.029 0.359 +0.020
MSE | 0.0179 £0.0305  0.0167 £ 0.0266 ~ 0.0174 £0.0336  0.0165 +0.0271  0.0171 + 0.0331
Loss-based-Clustering  Coverage T 97.76 £3.29% 97.38 £3.51% 97.60 + 3.54% 96.39 +3.93% 93.18 £ 4.91%
Width | 0.491 +0.015 0.469 + 0.026 0.467 +0.035 0.435 + 0.033 0.368 + 0.027
MSE | 0.0029 +0.0020  0.0029 +0.0020  0.0029 + 0.0020  0.0029 + 0.0020  0.0028 + 0.0020
LogiCP Coverage T 98.01 + 3.98% 97.45 + 4.66% 97.59 + 4.52% 97.27 + 4.86% 95.32 + 6.73%
Width | 0.129 + 0.005 0.119 + 0.007 0.121 +0.008 0.117 + 0.009 0.099 + 0.008

Table 9. Ablation study evaluating the contribution of CP-aware training on FHWA dataset with 100 clients. No-CP-Loss:
trained without CP; Runtime-CP-Only: trained without CP but CP applied at runtime; LogiCP: CP-aware training; LogiCP-T:
CP-aware training and runtime validation.

Methods RNN GRU LST™M Transformer
MSE Y MSE Y MSE Y MSE Y
0.115 + 0.020 82.80% 0.155 + 0.026 81.70% 0.033 + 0.005 77.33%

No-CP-Loss 0.096 £ 0.019 81.54%
Runtime-CP-Only | 0.072 +0.016  97.39%

0.079 £ 0.017 87.65% 0.099 + 0.021 87.52% 0.020 + 0.005 80.84%

0.101 £ 0.022 80.28%
0.070 £ 0.017  87.65%

0.081 £ 0.019 83.15%
0.058 £ 0.015 88.62%

0.0035 + 0.0008 83.20%

LogiCP 0.052 £ 0.007 84.39%
0.0026 + 0.0007 88.47%

LogiCP-T 0.034 £ 0.006  89.37%

5.8.4 Ablation 2: CP-Aware Training. We remove the CP loss term (Lcp) from the training objective while retaining
prediction loss (Lysg), property loss (Lstr), and STL-based clustering. We evaluate two settings: (1) No-CP-Loss,
where no CP is incorporated during training or runtime; and (2) Runtime-CP-Only, where the model is trained
without CP loss but CP calibration is applied at runtime. Results are presented in Table 9.

Runtime-CP-Only achieves an average 33% MSE reduction compared to No-CP-Loss, confirming that incorpo-
rating CP at runtime provides meaningful improvements. LogiCP achieves an average 49% MSE reduction
compared to No-CP-Loss, demonstrating that CP-aware training provides greater benefits than post-
hoc correction alone. LogiCP-T further improves upon LogiCP by 30% through uncertainty-aware runtime
validation, confirming that CP-aware training and runtime correction are complementary.

6 Discussion

In this section, we discuss several important aspects of LogiCP, including privacy considerations, partial par-
ticipation, the choice of STL over other formalisms, dataset heterogeneity, and the rationale behind runtime
correction priorities.

6.1 Privacy and Data Leakage in Clustering

We assume that the STL-based clustering process in LogiCP does not introduce data leakage, as no raw data is
shared between clients at any point in the protocol. LogiCP adheres to standard practices in FL, communicating
only model parameters and a length-T quantile vector used for CP calibration.

We clarify that transmitting the quantile vector does not compromise client privacy. The quantile values ff(i)
are aggregated statistics derived from prediction errors (nonconformity scores), not raw data points. These values
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Table 10. LogiCP performance under varying participation rates on FHWA dataset with a = 0.1 using the Transformer model.
Results show MSE and CP coverage rate (v) at both client and cluster levels.

Level Metric ‘ frac = 0.3 ‘ frac = 0.5 ‘ frac = 0.7 ‘ frac = 0.9 ‘ frac=1

LogiCP (Client) MSE ‘ 0.0093 + 0.0225 ‘ 0.0057 + 0.0145 ‘ 0.0033 + 0.0069 ‘ 0.0029 + 0.0036 ‘ 0.0026 + 0.0018

v 97.20% 98.16% 98.71% 98.68% 98.54%

0.0058 + 0.0030
98.96%

0.0041 + 0.0019
99.05%

0.0035 + 0.0009
99.10%

0.0041 + 0.0033

LogiCP-S (Cluster) i\)/[SE ‘ 0.0090 =+ 0.0042 0.

98.16%

capture the model’s prediction uncertainty at each time step, which is a characteristic of model behavior rather
than client data. While the quantile vector has length T, its values represent error bounds rather than
signal values. Two clients with vastly different data distributions (e.g., high-traffic urban sensor vs. low-traffic
rural sensor) could produce similar quantile vectors if their models have comparable prediction accuracy, and
vice versa. Therefore, the temporal structure of the quantile vector reflects how uncertainty evolves over the
prediction horizon—a general feature of sequential forecasting—rather than revealing the shape of a client’s
private trajectory.

Importantly, communication within each cluster involves no sharing of raw inputs, labels, or intermediate
representations. This is aligned with recent FL studies where clustering is commonly employed to improve
personalization while maintaining privacy (Ghosh et al. 2020; B. Liu et al. 2024; J. Lu et al. 2024). Furthermore,
our framework adheres to privacy-preserving principles also emphasized in prior works (McMahan et al. 2017;
Vahidian et al. 2023), which strictly prohibit raw data sharing across clients or with the central server. Hence, we
believe the design of LogiCP sufficiently mitigates the risk of data leakage.

6.2 Partial Participation and Coverage Validity

In practical FL deployments, not all clients participate in every communication round. LogiCP preserves its
effectiveness under partial participation through a round-synchronized design, where clustering and CP calibration
are performed at the start of each round using only participating clients. Specifically, (1) client-to-cluster
assignments remain fixed within each communication round during both CP calibration and model
training, and (2) only participating clients are clustered, ensuring that no client uses a CP region from a
cluster it does not belong to. This design preserves the exchangeability required for valid CP coverage.

Empirical results confirm that LogiCP maintains valid coverage guarantees under partial participation: as
shown in Table 10, the empirical coverage consistently exceeds the target coverage of 90% (« = 0.1) across all
participation rates, ranging from 97.20% to 99.10%. Meanwhile, under varying participation rates from 0.3 to
0.9, LogiCP consistently outperforms baselines, achieving an average 31% reduction in MSE (see Table 5). These
results demonstrate LogiCP’s reliability and effectiveness under realistic partial participation scenarios.

6.3 STL Specifications

STL is particularly well-suited for reasoning about time-series data due to its ability to incorporate timing
constraints directly into logical specifications. Unlike FOL, which lacks native constructs for specifying temporal
intervals, STL enables the expression of properties such as threshold violations, sustained trends, and bounded
temporal events in a compact and interpretable form. This expressiveness is especially valuable in FL scenarios
where client datasets consist of sequential, time-indexed signals (e.g., traffic volumes).

While both STL and FOL are capable of representing temporal properties, we choose STL for its greater
convenience and scalability in our context. For example, a temporal condition such as “eventually within the
next 10 time steps, the signal x falls below 10” can be concisely written in STL as ¢[g10](x < 10). In contrast,
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FOL would require enumerating conditions over each time point, leading to a specification whose length scales
linearly with the trace length L. Thus, STL enables more efficient and readable representations of time-dependent
behaviors, making it a practical and natural choice for inferring temporal properties in FL.

6.4 Dataset Heterogeneity

Our experimental design assumes that the employed traffic flow dataset captures data heterogeneity, as it is
derived from real-world measurements across multiple locations and time periods. This assumption is based
on that traffic patterns are influenced by diverse spatial, temporal, and behavioral factors, such as geographic
location, commuting trends, or weather conditions, which vary significantly across monitoring stations.

By utilizing this dataset, we simulate realistic heterogeneous environments without manually inducing variation.
This provides a meaningful justification for evaluating LogiCP’s ability to generalize and scale across diverse
client distributions. While data with synthetic heterogeneity allows for controlled experiments, real-world data
offers more practical insights into the challenges of FL in large-scale, distributed systems.

6.5 CP Boundary Priority in Runtime Correction

We clarify that the CP region p at runtime is a relative region centered at the prediction 7, so the prediction itself
never violates the CP region. The correction mechanism operates as follows: (1) when the prediction violates
the STL property region ¢, but the CP region p and STL region ¢ overlap, the correction is applied to the STL
property boundary; (2) when the prediction violates the STL property region ¢, and the CP region p and STL
region ¢ do not overlap, LogiCP prioritizes the CP boundary for correction. This is because the CP region provides
a mathematical guarantee that the true value lies within the interval with probability at least 1 — «, whereas the
STL-inferred property region is an empirical approximation derived through STL mining from parameterized
templates. The conflict scenario (Case 2) is relatively rare in practice, as evidenced by our ablation study showing
negligible performance differences between CP-priority and STL-priority correction strategies (Table 6). Given
this empirical equivalence, LogiCP prioritizes the CP boundary when conflicts occur, as it offers correction based
on a mathematically guaranteed coverage bound rather than an empirically derived constraint.

7 Related Work

There have been related literature aiming to enhance the performance of the FL framework in the context
of traffic flow prediction while minimizing the exchanged data (Sepasgozar and Pierre 2022; C. Zhang, Dang,
et al. 2021). The solution includes implementing a consortium blockchain-based FL framework to ensure secure
learning without a centralized model, or conducting an FL-based gated recurrent unit neural network algorithm
in forecasting task (Y. Liu et al. 2020; Qi et al. 2021). BNNs are a common approach to incorporate in FL to
enhance the performance (P. Li et al. 2025; X. Zhang, Y. Li, et al. 2022). Zhang et al. (X. Zhang, Y. Li, et al.
2022) propose to address the FL overfitting problem via Bayesian variational inference by introducing weight
uncertainty. An et al. (An et al. 2024) propose FedSTL, which introduces pattern-aware clustering and property-
loss enforcement for personalized FL. However, the predefined STL templates may not perfectly describe all
possible temporal behaviors, and such inflexibility can introduce additional uncertainty in dynamic settings.
Moreover, Graph Neural Networks (GNN) are another common way to protect data privacy while retaining the
topological information of the transportation network (Xia et al. 2022; C. Zhang, S. Zhang, et al. 2021). Yuan et
al. (Yuan et al. 2022) propose a federated deep learning-based algorithm to capture long-term and short-term
hidden spatial-temporal information and combine it with the semantics from the semantic capture network to
increase traffic flow prediction efficiency. Besides the Quantile-of-Quantile (Humbert et al. 2023) method, there
are other approaches to conduct CP to incorporate the uncertainty by utilizing importance weighting to address
the label shift between agents (Plassier, Makni, et al. 2023). Plassier et al. (Plassier, Kotelevskii, et al. 2024) also
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propose an approach to generate confidence sets for non-exchangeable data distributions. Moreover, other works
apply CP in practical scenarios. Lu et al. (C. Lu et al. 2023) propose a weaker notion of partial exchangeability to
deal with data heterogeneity across the clients in the post-processing step for the computer vision task of medical
imaging. Zhu et al. (Zhu et al. 2024) utilize the statistical information derived from CP to calibrate a decision
interval according to the loss of local device data to enhance the quality of the inference decision at the server.

8 Conclusion

In this paper, we present LogiCP, a novel framework that integrates STL-based formal inference with CP to
enable personalized and reliable uncertainty quantification in FL. To address the fundamental challenge of data
heterogeneity and its impact on model uncertainty, LogiCP infers client-specific temporal properties using STL
and leverages them to form semantically coherent clusters. This logic-guided clustering reduces intra-cluster
heterogeneity, enhancing the reliability of uncertainty estimation. To preserve privacy, LogiCP employs a decen-
tralized CP implementation that avoids raw data sharing. In addition, LogiCP incorporates a runtime validation
that calibrates predictions using STL-guided uncertainty regions, further improving accuracy and reliability in
dynamic, real-world FL deployments. Comprehensive evaluations on three real-world datasets with diverse tem-
poral characteristics demonstrate LogiCP’s generalizability across varying data patterns. Across multiple model
architectures and client scales, LogiCP consistently outperforms baseline methods in both prediction accuracy
and provides more reliable uncertainty quantification. It achieves up to a 95% improvement in client-level MSE
and maintains stable performance as the number of clients increases. These results underscore the effectiveness
of integrating formal logic inference with UQ to manage heterogeneity and improve personalized performance in
FL. Overall, LogiCP offers a scalable, generalizable, and reliable solution for accurate and personalized federated
learning with rigorous uncertainty quantification, effectively addressing the core challenges of heterogeneity and
uncertainty in large-scale, real-world applications while preserving data privacy.
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