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Abstract

Monitoring a large population of dynamic processes with lim-
ited resources presents a significant challenge across various
industrial sectors. This is due to 1) the inherent disparity be-
tween the available monitoring resources and the extensive
number of processes to be monitored and 2) the unpredictable
and heterogeneous dynamics inherent in the progression of
these processes. Online learning approaches, commonly re-
ferred to as bandit methods, have demonstrated notable po-
tential in addressing this issue by dynamically allocating re-
sources and effectively balancing the exploitation of high-
reward processes and the exploration of uncertain ones. How-
ever, most online learning algorithms are designed for 1) a
centralized setting that requires data sharing across processes
for accurate predictions or 2) a homogeneity assumption that
estimates a single global model from decentralized data. To
overcome these limitations and enable online learning in a
heterogeneous population under a decentralized setting, we
propose a federated collaborative online monitoring method.
Our approach utilizes representation learning to capture the
latent representative models within the population and in-
troduces a novel federated collaborative UCB algorithm to
estimate these models from sequentially observed decentral-
ized data. This strategy facilitates informed monitoring of re-
source allocation. The efficacy of our method is demonstrated
through theoretical analysis, simulation studies, and its appli-
cation to decentralized cognitive degradation monitoring in
Alzheimer’s disease.

Code — https://github.com/TKosolwattana/FCOM_AAAI

Introduction

Monitoring a large population of dynamic processes within
the constraints of monitoring resources poses a significant
challenge across various industrial sectors, including health-
care and engineering systems (Lin, Liu, and Huang 2018;
Kosolwattana, Wang, and Lin 2023). The complexity arises
from two key factors: 1) the inherent disparity between the
limited monitoring resources available and the large popu-
lation of processes to be monitored, and 2) the uncertain
and heterogeneous dynamics in the progression of these
processes. In tackling this intricate problem, online learn-
ing from bandit feedback has demonstrated notable poten-
tial (Kosolwattana, Wang, and Lin 2023; Auer 2002). These

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

17957

methods offer a solution by dynamically allocating limited
resources, effectively balancing the exploitation of processes
yielding high rewards and the exploration of uncertain pro-
cesses. While existing online learning algorithms, including
those cited above, show promise, they still exhibit certain
limitations that hinder their effectiveness in addressing the
complexities of monitoring under resource constraints. The
primary limitation of existing algorithms stems from their
reliance on a centralized setting, necessitating the transmis-
sion of all data to a central server for model training. While
this approach has demonstrated utility, it raises profound
concerns about data privacy. In healthcare applications, such
as patient health monitoring systems, this centralized model
poses a substantial threat to data privacy, particularly with
electronic health records (EHRs) containing sensitive patient
information that ideally should remain within local organi-
zations for privacy protection (Xu et al. 2021). Beyond pri-
vacy, issues related to the costs of communication and data
storage in a central server further underscore the imperative
for a decentralized approach (Kontar et al. 2021). There-
fore, it is crucial to develop decentralized algorithms that
empower the storage and analysis of monitoring data at the
local level, mitigating privacy risks and reducing communi-
cation and storage costs.

An ostensibly straightforward method to achieve decen-
tralized monitoring is by modeling and monitoring the pro-
gression dynamic of each process independently using con-
ventional online learning algorithms (Wang et al. 2019).
However, this approach can be less effective due to the un-
even data distribution among individual processes, where the
disparity in available data for each process can lead to sub-
optimal model performance. (Penny and Atkinson 2012).
Secondly, training the model with stored data is less suitable
for various real-world applications where data are usually
available in an online manner with dynamic distributions
(Zhang et al. 2021; Li et al. 2020). Given that each pro-
cess features a heterogeneous dynamic that is not entirely
independent, neglecting to exploit information sharing be-
tween processes may overlook opportunities to effectively
span the model space for these processes’ models (Xu et al.
2021). Failing to capitalize on inter-process information can
result in a limited understanding of the broader context and
interconnected dynamics within the monitored processes.

Several federated online learning algorithms have been



developed in the literature to learn a global model under
distributed datasets online. A notable approach in this con-
text is federated multi-armed bandits (FMAB) (Shi, Shen,
and Yang 2021; Zhu et al. 2021; Dubey and Pentland 2020),
which provides a framework for units or processes to col-
laboratively solve a global bandit problem while retaining
their information locally. In this approach, at each time step,
each unit estimates the model locally and sends updates of
model statistics to the central server. Subsequently, the cen-
tral server sends back the aggregated statistics to enable each
unit to enhance its model estimation for the next trial. This
collaborative process allows the central server to develop a
better selection strategy, striking a balance between explo-
ration and exploitation. Nevertheless, these federated online
learning algorithms usually focus on a homogeneous popu-
lation that can be well described by a single global model.
They can lead to a bias in estimating personalized mod-
els since the resulting global model only reflects the aver-
age effect, but fails to capture the between-unit variations
(Tan et al. 2022). Some existing studies adopt a person-
alized modeling approach, such as the mixed model (Shi,
Shen, and Yang 2021; Smith et al. 2017), which uses ran-
dom effects to describe personalized variation. However, the
mixed model used in these studies still cannot capture the
underlying group structure in a heterogeneous population
(Di et al. 2023). The underlying group structure represents
diverse population characteristics where each group struc-
ture corresponds to one behavioral pattern or mechanism.
Numerous studies have emphasized that capturing the un-
derlying group structure could potentially enhance the accu-
racy of personalized modeling (Lin, Liu, and Huang 2018;
Kumar, Yao, and Chu 2013).

To address this problem, we utilize the representation
learning approach to exploit and monitor the hidden struc-
ture in a population. Representation learning is an approach
that learns a representation to capture the common structure
across different but related units (Du et al. 2020; Wang, Wu,
and Wang 2017, 2016). It offers substantial benefits in learn-
ing individualized models from insufficient monitoring data,
especially at the beginning of the monitoring period. How-
ever, to the best of our knowledge, there are no federated on-
line learning algorithms that consider representation learn-
ing during unit modeling. Moreover, the units make their
decisions locally and independently in existing federated
online learning algorithms. Instead, the resource allocation
problem requires decision-making under global constraint,
i.e., monitoring dependent processes with limited monitor-
ing resources, which differs from existing literature.

To mitigate these gaps, we propose a federated collabora-
tive online monitoring framework. The proposed framework
aims to allocate limited monitoring resources to a heteroge-
neous population in real-time, using federated online repre-
sentation learning. It consists of three main phases: the rep-
resentation learning-based modeling, the decentralized pa-
rameter estimation and communication, and the monitoring
strategy design. In the first phase, we leverage a representa-
tion learning (Lin et al. 2018) approach to model the hetero-
geneous population, which assumes the existence of a shared
representation that captures the underlying group structure
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among units. The second phase introduces a novel federated
collaborative online monitoring (FCOM) algorithm to esti-
mate the shared representation from distributed and sequen-
tially arrived data. In the third phase, a novel upper confi-
dence bound (UCB)-based score is developed to real-time
assess the uncertainty of model estimation from the FCOM
algorithm and inform the optimal monitoring resource al-
location that balances the exploitation of high-reward units
and exploration of uncertain ones. We rigorously prove sub-
linear regret and communication cost upper bounds of the
proposed FCOM algorithm. The efficiency of the proposed
method is validated by a simulation study and an empir-
ical study on online cognitive degradation monitoring for
Alzheimer’s disease (AD).
The contributions of this paper include:

Proposing a novel FCOM algorithm for decentralized on-
line learning of latent group structures from distributed
data, allowing local parameter updates and transmitting
statistics that do not contain the true observed data to the
central server.

Developing an event-triggered communication strategy
to reduce communication costs while maintaining low
regret by allowing units to synchronize only when new
information is sufficiently gathered.

Demonstrating reduced upper regret bound compared to
benchmark models through regret analysis when the la-
tent group structure is low-rank.

Validating method’s effectiveness through simulation
studies and an empirical study on adaptive cognitive
monitoring in Alzheimer’s disease, achieving compara-
ble performance to benchmark models while preserving
data privacy within local units.

Related Work
Federated Representation Learning

Federated representation learning is a learning framework
that constructs a global model or shared representation from
the aggregation of local units’ updates to reflect common
structures within a heterogeneous population. In cluster fed-
erated learning, the common representation is shown as the
cluster of various global models where each global model
reflects the unit’s diverse pattern (Long et al. 2023). While
this approach signifies group information and provides in-
terpretability of population characteristics, it does not ex-
plicitly consider individual variations since each unit is only
assigned to one global model. In multi-task federated learn-
ing, the central server broadcasts the information related to
units to guide them in training their individualized models.
For instance, (Yue, Kontar, and Gémez 2024) and (Smith
et al. 2017) utilize a covariance matrix as a shared represen-
tation to provide similarity information between units. How-
ever, the estimated parameters from such approaches do not
provide insights into the group structure to which each unit
belongs. The most similar work to our study in this paper is
the Population Personalized Federated Learning algorithm
or PPFL in short (Di et al. 2023). The shared representa-
tion is constructed as a set of canonical models that demon-



strate units’ underlying mechanisms. Each unit has a mem-
bership vector, which measures the degree of the unit be-
longing to each canonical model. Even though these existing
algorithms consider representation learning in various ways,
they operate in offline settings, which is fundamentally dif-
ferent from our proposed algorithm since we are solving the
problem of monitoring a subset of units in real-time.

Federated Online Learning

In federated online learning, units sequentially collect obser-
vations, update their local models, and send updates to a cen-
tral server, which broadcasts a globally aggregated model at
each time step (Mitra, Hassani, and Pappas 2021). Feder-
ated multi-armed bandits (FMAB) operate in a decentral-
ized setting to preserve data privacy (Shi, Shen, and Yang
2021; Zhu et al. 2021). DisLinUCB in (Wang et al. 2019)
considers a star-shaped communication to update globally
shared parameters under synchronous setting, but they as-
sume all units are homogeneous. Some existing algorithms
assume heterogeneity among units by considering an addi-
tive model or a mixed model approach to account for both
individual models and globally shared models (Li and Song
2022; Shi, Shen, and Yang 2021; Smith et al. 2017) with
extension to kernel setting (Li et al. 2022, 2023). In Sync-
LinUCB (Li and Wang 2022), the unknown parameter for
each unit consists of a globally shared component, known as
a fixed effect, and an individualized local component, known
as arandom effect. The random effect can be estimated from
local data and the fixed effect needs to be estimated collabo-
ratively in the central server. However, none of these existing
algorithms can capture the inherent group structures of het-
erogeneous populations. Some studies incorporate cluster-
ing of bandits which group units with shared characteristics
into clusters to handle the population heterogeneity (Blaser,
Li, and Wang 2024; Yang et al. 2024; Liu et al. 2022; Korda,
Szorenyi, and Li 2016). However, they assign each unit to a
single cluster at each time step. Thus, each unit’s coefficient
is estimated using information from only one cluster, which
does not explicitly reflect the underlying structure.

Method
Problem Statement

Consider a monitoring system featuring /V units along with
a central server responsible for allocating the monitoring re-
sources over units and coordinating communication between
itself and the units. Each unit’s monitoring reward is a dy-
namic process associated with a time-varying feature vector
xz;+ € RP. If the unit is monitored, a corresponding moni-
toring reward can be observed from the environment, which
is predicted by the feature vector using a personalized linear
reward function y;; = f;i(z;) + €t €;+ represents a ran-
dom noise that follows a normal distribution. The personal-
ized reward functions of N units are assumed to be related,
meaning there exists a shared representation that captures
the latent structure across the unit population. Exploiting this
common representation can potentially improve the quality
of each unit’s model prediction, which leads to better mon-
itoring decisions. The primary objective of the monitoring
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system is to select a set % in each trial ¢, comprising M
units to be monitored, resulting in the maximal monitoring
reward. The total monitoring reward can be represented as:

= 2L anin (1)
where a decision variable a;; = 1 if a unit < € &7, or 0 oth-
erwise and Zivil a;y = M. Ideally, with the knowledge of
reward functions, the optimal strategy of the central server
is to choose the top M units with maximal rewards in each
trial, denoted as a,. However, f; is unknown, and the cen-
tral server needs to update its selection strategy through the
learning of models from observation (z;;, y;;) in each trial
t. Thus, the goal of the central server is equivalent to mini-
mizing the cumulative regret R(T") which is defined as the
difference between the central server’s total reward and the
total reward of the optimal strategy shown as follows.

R(T) =Y Ry = Y i ahie — auyn ()
To address data privacy concerns between units and the
central server, the monitoring system ensures that histori-
cal information, including the unit’s observed feature vec-
tors and rewards, remains confidential and distributed within
each unit, not exposed to the central server or other units.
The online monitoring problem becomes more complex un-
der distributed data due to the need for efficient communica-
tion between local units and the central server and increased
uncertainty in model estimation. To solve this problem, this
paper presents a federated collaborative online monitoring
approach that integrates representation learning and a feder-
ated online learning algorithm.

T'g{t

Federated Collaborative Online Monitoring

Representation Learning-Based Modeling This paper
assumes the reward function of each unit is linear with re-
spect to the feature vectors i.e., f;(w;) = B x; where
Bi € RP is the coefficient vector of unit ¢. As the units
are related to each other, extracting the common structure
between them could help their corresponding models learn
more efficiently than considering each unit independently
(Yang et al. 2021). Following the representation learning
approach introduced in (Yang et al. 2021), 3; is denoted
as B; = Qc; where Q = [¢M,...,¢")] € RP¥K js
a low-rank matrix that represents K representative models
(K < p) in the reward functions and c; serves as the unit
’s coefficient. This representation captures the underlying
group structure among units, a subset of which may follow
the same representative model. Each unit’s coefficients on
K representative models are denoted as a membership vec-
tor {¢;}¥.,,¢; € RE. Thus, the unit’s reward function can
be illustrated as the weight combination of K representative
models f;(zi1) = >, c,-kx;?’;q(k). In the monitoring prob-
lem, we aim to learn the representative models and units’
membership vectors to make optimal decisions. Assuming
parameters in K representative models, (), and units’ mem-
bership vectors, {c;} ¥ ,, are unconstrained, such a problem
can be formulated as a global non-convex optimization prob-
lem in the following

. 2 2 2
min Yo lraeQes — yitlls +m QN +m2 ICI1F (3)
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Figure 1: The overall framework of the proposed Federated
Collaborative Online Monitoring (FCOM) algorithm

where C' = [cy, ..., cn]. The L2 regularization is used on
Q@ and C to control the scale of unknown parameters with
tuning parameters 7; and 7o.

Few federated learning algorithms are developed to solve
the optimization problem similar to Equation 3 from dis-
tributed data (Di et al. 2023; Liang et al. 2020; Jeong
and Hwang 2022). Generally, they alternatively update the
shared representation and membership vectors in each step.
Equation 3 can be achieved by decomposing into a set of
sub-problems that can be solved using local unit data. The
feature matrix X;; = [0,...,z4,...,0] € RP*N s trans-
formed to X;; = Xi ® Ig € REPXNK where I is
the K x K identity matrix. Let ¢; = [0,...,¢;,...,0] €
RNEX1 and g = vee(Q) = [¢VT, - - ,qUOT)T ¢ REPx1
where vec(-) is the vectorized operation, the sub-problem
for each local unit ¢ is represented as follows.

min 30 (| X g — iy + mlladl3 +melledl3 @
However, these algorithms solve the representation learning
problem in an offline setting, which is inappropriate for on-
line monitoring where the models need to be updated with
sequentially arrived data and decisions need to be made un-
der exploitation-exploration trade-off. Thus, we propose a
novel federated collaborative online monitoring algorithm to
solve this issue.

FCOM Algorithm We propose a federated collaborative
online monitoring (FCOM) algorithm to estimate ¢ that is
shared across N units and ¢; which is specified for each
unit from the distributed and sequentially observed data, as
shown in Fig. 1. Assuming that a subset of units .27 is moni-
tored in trial £ with new observations of monitoring rewards
and feature vectors, the proposed method initially updates c;
for monitored units and their local estimations of ¢, denoted
as g;, using an alternative least squares (ALS) algorithm that
provides closed-form solutions as demonstrated in Step-1.
Then, in Step-2, the updated estimations of ¢; in Step-1
which are potential to benefit the global estimation are fur-
ther uploaded to the central server. The central server uses
these updates to estimate and broadcast the global represen-
tation g, for all units so both monitored and not-monitored
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units collaboratively update models via new observations.

Step-1 Local update: There are two steps to estimate pa-
rameters in representation learning using an ALS algorithm.
It firstly estimates ¢;; by fixing g;; in Step-1.1 and then esti-
mates ¢;; with fixed ¢;; in Step-1.2.

Step-1.1: When a local estimation of the representation
;¢ 1s fixed, the estimation of a unit +’s membership vector ¢;;
can be obtained by solving the objective function in Equa-
tion 4. The closed-form solution of éit can be achieved by
clt =D, 1d,; in which,

Diy =Yt X5 auah Xow + nolnk (5
diy = Zi/:1X£/Qityit’ (6)
Step-1.2: When a unit ¢’s membership vector ¢;; is fixed,

the estimation of the local representation ¢;; can be obtained
by solving the ObJeCtIVG function in Equatlon 4. The closed-

form solution of §;; can be achieved by ¢;; = Alt b; in
which,
t ~ T T
Aip =3 0 1 Xiw €y Xy + iy @)
bit = Z:rleit’éityit’ )]

The unit ¢ alternatively solves these two steps until reach-
ing convergence. The procedure of Step-1 is summarized in
Line 11 - Line 15 of Algorithm 1.

Step-2 Global update: The representation ¢ is shared
across all IV units and needs to be estimated collaboratively.
The update {AA;;, Ab; } is defined as the information of ¢
that is learned from the local estimation of §;; and denoted
as

Ay = Ay + g Xl Xiy )
Abiy = Abir—y + Yy XirCuiv (10)

To avoid uploading new information every trial and re-
duce the communication cost, we introduce an event trigger
for communication: only communicate/synchronize when
local units have gathered sufficient new information. The
evaluation is in the form of the matrix determinant-based
criterion, as shown in Equation 11 where vy, > 1 is a hy-
perparameter:

det(Asr) > v, det(Ay — AAy) (11)
If the unit ¢ passes Equation 11, it uploads {AA;;, Ab;} to
the central server and reset AA;; = 0, Ab;; = 0. The central
server aggregates {AA;;, Ab;} to its corresponding statis-
tics {Ag¢, byt }. After the aforementioned procedures are re-
peated to all monitored units, the central server estimates
the global representation ¢4 = A;tlbgt where Ay, +=
AAi,bge += Aby,. Finally, the central server broadcasts
dg¢ and its corresponding statistics to all units. Every unit
J € [N]updates Gji+1 = Gt, Ajeyr = Agt, bjer1 = bye. The
procedure of Step-2 is summarized in Line 16 - Line 24 of
Algorithm 1.

Remark: Algorithm 1 offers more flexibility than algo-
rithms operating in a fully synchronous setting (Wang et al.
2019; Dubey and Pentland 2020). In our approach, all units
are not required to upload their statistics whenever one unit
triggers communication. This allows units with less infor-
mative statistics to refrain from uploading, thereby enhanc-
ing the efficiency of communication.



Algorithm 1: Federated collaborative online monitoring (FCOM)
algorithm

1: Input: 01,72, v0,, o, a%, M

2: Initialization: A;p <« T]l.IKp, bio < 0, Djg + 7]2]1\7}(,
dig < O,Vi € [N], AA;g < 0, Abjo +— 0, AD;y < 0,
Ad;o <+ 0,Vi € [N], Ago — 1’]1pr, bgO 0

3: fort < 1,...,7T do

4:  foralli € [N]do

S:

6

Transform z;; to X;; € REPXNK

Compute ;s < Ciy Xt Gir + a®1/4E Xt D X T Gir +

aq\/ éZ;XE;A;letézt
7:  end for
8:  The central server selects the subset .o that includes M
units with highest UCB score computed in Line 6.
9:  Each selected unit i’ receives y;; from the environment.

10:  foralli’ € < do

11: while not converge do

12: Update D¢, d;ry, Ayry, biry by Equation 5,6 7, 8

13: Update AA;/,, Ab;s; using Equation 9, 10

14: Compute G;ry <— Ai_,tlbi/t, Girp DZ._,tldi/t

15: end while

16: if det(Ai/t) > YUq det(Ai/t — AAi’t) then

17: Age += AAy, bge += Abyry

18: Reset AA;/; <+ 0, Abyy < 0

19: end if

20:  end for

21:  if at least one unit triggers line 16 then

22: The central server estimates gg¢ < A;tl bg: and sends
{Agt,bgt, Gge } to all units ¢ € [N].

23: All units ¢ € [N] update i1 and {Aii41, biry1}

24:  endif

25: end for

Monitoring Strategy Design Based on the estimated rep-
resentation and membership vectors, each unit can obtain a
prediction of the monitoring reward in the next trial condi-
tioning on its feature vector, i.€. ;41 = égﬂXqu}tH.
However, collecting only predicted rewards does not guar-
antee optimal selection, as it neglects prediction uncertainty
estimated by each local unit. To address this issue, the up-
per confidence bound (UCB) principle is commonly used,
which comprises two main components: the unit’s predicted
reward and the unit’s prediction uncertainty (Auer 2002).
This score balances the objective of selecting units with
the highest rewards (exploitation) and units with high un-
certainty in reward predictions (exploration). To obtain the
UCB score, we derive the uncertainty of parameters esti-
mated from distributed data using the algorithm in Section .
The uncertainty of the estimated parameters is composed of
two parts: ||Gic — ¢*|| 4, and ||éx — || p,, where ¢* and &*
are the ground-truth parameters. Based on the closed-form
solutions in the ALS algorithm, the confidence ellipsoid of

q;+ and éit can be obtained by Lemma 1 below.

Lemma 1 When the Hessian matrices of the objective func-
tion in Equations 4 are positive definite at the optimizer q*
andc~*,f0rany61 >0,e>200<v1<,0<vy <1,
[Xell2 < S, llgielle < L, [|€itll2 < P, and for any 6 > 0,
with probability at least 1 - 0, the estimation errors of §;:

and ¢, are upper bounded by:

) . mKp+ tS2P2
o — < Kpm(EEP T 0T L
[Git — q*[l 4, < \/ pIn( nKps ) +/m

25PL (v1 +e1)(1 — (v1 + 1))
NG 1—(vi+e)

s o NK + tS2L2
i < NK (2T P
[Cit — €Dy, < \/ n( NS )+ V2

2SPL (v + €2)(1 — (vg + €2)")
M2 1-— ('UQ —+ 62)

where a? and o are tuning parameters that are defined as
the upper bounds of ||Gis — ¢*|| a,, and ||é; — & || p,, respec-
tively. For the monitoring strategy, the central server selects
M units that have the highest UCB score. The unit ¢’'s UCB
score is defined as follows:

it = Ch X Gir + o\ @L XDy XL i+
al\/ELXT A Xy (12)

Equation 12 illustrates the UCB score #;;, which consists
of three parts: the predicted reward of unit ¢, the prediction
uncertainty due to the unit’s membership vector, and the pre-
diction uncertainty due to representation estimations. Since
the resulting UCB score for each unit calculated from the
estimated parameters is only exposed to the central server,
it ensures privacy among all units as the central server can-
not directly access the raw information (i.e., the unit’s fea-
ture matrix and the unit’s actual reward). The procedure of
FCOM algorithm is summarized in Algorithm 1.

Regret Analysis

Theorem 1 For any § > 0, with the probability at least 1 -
0, the cumulative regret and the communication cost of the
FCOM algorithm is upper bounded by:

TS2p2
mKp

R(T) < QaQG\/ZMTKpln (1+ )

. TS2L2 2Muv%(1 —v2T)
20°/2MTNK In (1
+ a\/ n( +772NK T2
N_(N+1)Kp N
T) < [—]——2FLIn(1+TS5%*P K
O) <[5 gy L+ TS P2/ (mKp)

where G = \/1+ (M —1)(yu, — 1).

Theorem 1 presents the upper regret bound and commu-
nication cost of the FCOM algorithm, providing a theoret-
ical analysis of the proposed selection strategy’s effective-
ness. The upper regret bound is decomposed into three com-
ponents. The first term reflects the regret stemming from
the estimation uncertainty of shared representation g, lever-
aging communication between units and the central server.
The second term accounts for the regret associated with



the estimation uncertainty of units’ membership vectors c.
The third term is the regret due to g-linear convergence
in estimating ¢ and g over T trials. Compared to the ex-
isting federated online learning algorithm, Sync-LinUCB,
which utilizes a mixed model for reward estimation and
achieves an upper regret bound of O(Npy/TInT) (Li and
Wang 2022), the FCOM algorithm offers an improved re-
gret bound of O(N K+/T InT) by capturing the shared rep-
resentation among units. Additionally, it maintains a com-
parable order of communication cost at O(N3pInT') using
w, = eX/N _This improvement is notable under the as-
sumption that ' < p. However, if the latent group structure
is not low-rank, FCOM may result in regret bounds similar
to Sync-LinUCB.

Experiments

We evaluate the proposed method using both a simulation
study and a real-world case study of decentralized cogni-
tive degradation monitoring of Alzheimer’s Disease (AD) in
older populations. In both studies, we consider 100 local de-
vices corresponding to individual units and a central server.
The monitoring process begins with each local device send-
ing the UCB score of its respective unit to the central server.
The central server then selects the top M local devices with
the highest UCB scores and instructs them to collect mea-
surements and estimate their models locally. Each chosen
device checks its communication conditions and, if satisfac-
tory, sends its model update to the central server. The cen-
tral server aggregates all received updates to estimate the
global representation model, which is then broadcast to all
units. This process is repeated until all monitoring trials are
complete. We explore two monitoring scenarios to reflect
varying levels of resource allocation in the real world. In
the high-constraint scenario, only 33% of the total popula-
tion is monitored in each monitoring trial (M = 33%). In
contrast, the relaxed-constraint scenario allows more units
to be monitored, encompassing 66% of the total popula-
tion (M = 66%). We repeatedly monitor the populations
over 30000 trials (7" = 30000) in all experiments. The pro-
posed FCOM algorithm is compared against various bench-
mark MAB algorithms, including LinUCB (Li et al. 2010),
Sync-LinUCB (Li and Wang 2022), and CLUCB (Kosol-
wattana, Wang, and Lin 2023). LinUCB estimates the co-
efficients of units’ reward functions independently through
L2-regularized least square estimation. The Sync-LinUCB
is also a decentralized online modeling and monitoring al-
gorithm that models personalized reward functions using
a mixed model. Specifically, random effects are estimated
within local units independently whereas the fixed effect is
estimated in the central server globally. However, neither al-
gorithm exploits the representation learning approach to ex-
tract the latent patterns presented in the unit’s reward func-
tion. CLUCB considers online modeling and monitoring of
units’ reward functions via representation learning. How-
ever, it is developed for the centralized setting, meaning it
shares and saves all units’ observations of reward and fea-
ture vectors in the central server. The cumulative regret de-
fined in Equation 2 is used to compare the performance of
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all algorithms in both simulation and real-world studies. The
communication cost, defined as the number of times updates
are transferred between units and the central server, is also
compared to show the effectiveness of implementing a fed-
erated learning approach to solve the monitoring problem.

Simulation Studies

We build the reward functions of 100 units (/NV 100)
and simulate their observations of monitoring reward over
time, which is represented as y;; = x;+53; + €;;:. The feature
vector Ty = [Ti1¢, Tiot, - - -, Tipe) 18 simulated from p sig-
moid functions which are formulated by (Young et al. 2015;
Venkatraghavan et al. 2019) x;;; = a; + WM +
€;; where parameters a;,7;,d;,c; and noise €;; are ran-
domly generated from a standard normal distribution. To
guarantee the reward functions share a latent group struc-
ture, the coefficients in reward functions are assumed to
be generated from K representative models and a member-
ship vector, denoted as 3; = Qc;. We consider three rep-
resentative models (X = 3) in this experiment. The rep-
resentative models are randomly generated from the mul-
tivariate normal distribution. To ensure each unit’s reward
function can be effectively resembled by one of the repre-
sentative models, its membership vector is randomly gener-
ated from a mixture of Gaussian distributions. Specifically,
the Gaussian distributions have zero-mean components, and
the respective prior probabilities are estimated from the real

o2 0 0 1 0 0
data: Fi(c) ~ N(0, 1 0]),Fa(c)~N(0,|0 o2 0}),
0 1 0 0 1

0
0
0
0 |). The covariance matrix in each
o

1 0
Fs(c) ~ N(0, [0 1

0 0
distribution is a diagonal matrix with a k" diagonal ele-
ment equal to o2 and the other elements equal to 1. 0% con-
trols the significance of the latent group structure, where a
larger value indicates more distinct groups. In this exper-
iment, we set o2 at 100 to simulate three distinct groups.
Random noises are generated from a standard normal dis-
tribution. We utilize k-means clustering to assign the initial
value of ¢; based on the centroids learned from the similarity
matrix where each element in the matrix is calculated by the
cosine similarity of the membership vectors. We then use c;
to initialize the value of ) by following the update part from
lines 12 and 14 in Algorithm 1. The experiment is repeated
three times to estimate the variation in performance.

In Figure 2a) and b), the cumulative regret of various on-
line modeling and monitoring algorithms is illustrated un-
der two monitoring scenarios. Sync-LinUCB exhibits lower
cumulative regret than LinUCB in both scenarios but shows
high variations in the high-constraint scenario. Our proposed
FCOM algorithm achieves a lower cumulative regret than
LinUCB and Sync-LinUCB. Figure 2c¢) shows that the com-
munication costs of the proposed method can be reduced by
increasing the threshold. Moreover, the cumulative regret of
our method is more stable and lower than Sync-LinUCB un-
der various communication costs. The results indicate that
incorporating shared representation and providing informa-
tion about the group structure among units leads to the most
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Figure 2: a)-b) The convergence of cumulative regret at
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mulative regret under various thresholds vy, at T' = 30000.
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Figure 3: The cumulative regret for all algorithms shown in
the AD dataset with a) M = 33% and b) M = 66%

significant performance improvement. Moreover, compared
to CLUCB which is in a centralized setting, the cumulative
regret of FCOM is slightly higher. This suggests modeling
the dynamic health progression in a federated learning set-
ting to preserve data privacy does not hurt the performance
of the proposed algorithm.

Application to Online Cognitive Monitoring in
Alzheimer’s Disease (AD)

A case study demonstrates the application of the proposed
method for decentralized online monitoring of cognitive
degradation in older adults. Cognitive monitoring via cogni-
tive measurements, such as the Mini-Mental State Examina-
tion (MMSE)), is essential for early detection of Alzheimer’s
disease (AD). However, existing cognitive monitoring relies
on 1) routine hospital visits of all older adults; 2) a cen-
tralized setting that collects and stores all cognitive mea-
surements in a central server of a hospital. To enable cog-
nitive monitoring under limited clinical resources and en-
hance patients’ privacy, the proposed method is applied,
with the objective of allocating the monitoring resources
to patients having severe cognitive degradation. The mon-
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itoring reward is defined based on the cognitive measure-
ment (MMSE score), with a lower MMSE score correspond-
ing to a more severe status (Mitchell 2009). A more se-
vere cognitive status corresponds to a higher monitoring
reward, facilitating early prevention and treatment of AD.
The progression of MMSE is modeled using a degradation
model with time and polynomial basis functions as predic-
tors. Specifically, the MMSE measurement y;; of the pa-
tient ¢ at time t is formulated as (Biesanz et al. 2004):
Yir = Bio + Bt + Biot? + Bist® + Biat* + Bist® + €.
The dataset, acquired from the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI), includes longitudinal MMSE
measurements for older adults. We sample 100 older adults
from ADNI, with their MMSE measurements taken at base-
line, 127,24t 36th 48" and 60" month. There are dis-
tinct cognitive degradation patterns within the population
due to three patient types: the normal aging patients (34%),
the patients with mild cognitive impairment (33%), and the
patients with Alzheimer’s disease (33%) (Mitchell 2009).
Therefore, the number of representative models is fixed at
3. The MMSE measurements collected from baseline to the
60" month are equally divided into 30,000 trials. We use
linear interpolation to impute the missing MMSE values for
each older adult. To estimate performance variation, we re-
peat the experiments five times.

The cumulative regrets of different algorithms under two
monitoring scenarios are compared in Figure 3. LinUCB
and Sync-LinUCB exhibit higher cumulative regret than
FCOM in both scenarios. The cumulative regret of Sync-
LinUCB reaches convergence only in the high-constraint
scenario, while our proposed algorithm converges and out-
performs Sync-LinUCB in both scenarios. This observation
suggests that effectively leveraging representation learning
improves the accuracy of cognitive degradation modeling in
AD and enables more accurate monitoring resource alloca-
tion. Moreover, it indicates the stability of the proposed al-
gorithm regardless of the number of selected older adults.
Moreover, similar to the simulation studies, the cumulative
regret of FCOM is slightly higher than CLUCB, suggesting
that modeling older adults’ cognitive degradation in a de-
centralized setting to preserve data privacy does not hurt the
performance of the proposed algorithm.

Conclusions

This paper introduces a novel Federated Online Collabora-
tive Monitoring (FCOM) algorithm for decentralized online
learning of a population with latent structured units. The
FCOM algorithm uses representation learning to capture the
latent group structure and estimates this structure from dis-
tributed, sequentially observed data by updating real-time
local statistics and communicating these statistics between
the central server and local units. A new UCB score is
developed to optimize monitoring resource allocation. Re-
gret analysis shows that our algorithm achieves a reduced
upper regret bound compared to benchmark models when
the latent group structure is low-rank. Simulation studies
and an empirical study of online cognitive monitoring in
Alzheimer’s disease validate that our algorithm achieves
lower cumulative regret compared to benchmark models.
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