YK 004.932

HMMRA: OPTIMIZED 10T RESOURCE ALLOCATION
VIA HIDDEN MARKOV MODELS

L. Qiao¥, A. Nedzved®-

% Belarusian State University,
Minsk, Belarus, lg.giao.scut@gmail.com
b The United Institute of Informatics Problems,
Minsk, Belarus, anedzved@bsu.by

This study introduces a distributed algorithm that leverages Hidden Markov Models
(HMMs) to infer latent resource demands from device metrics, coupled with a dynamic
scheduling mechanism operating in an edge—cloud framework. By modeling demand states
and optimizing resource distribution, the approach achieves low-latency, high-efficiency
allocation. Simulation experiments demonstrate 92% demand prediction accuracy and 95%
resource utilization, outperforming static baselines by 25% in latency reduction.
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B nanHOM HccnenoBaHUM MPECTaBiIeH paclpeaeeHHbIH alrOpUTM, UCTIOIb3YIOIINN
CKpbITBIE MapKoBckue Moaenu (CMM) st onpeziesieHust CKpBITBIX OTpeOHOCTEH B pecyp-
cax Ha OCHOBE MOKa3aresei yCTpOCTB B COYETAaHUH ¢ MEXaHU3MOM JMHAMHYECKOTO IIIaHH-
poBaHus, paboTaomuM B HHPpacTpyKType nepudepuitnoro obnaka. bnarogaps moaenupo-
BaHUIO COCTOSIHUI CPOCa U ONITUMU3ALIMN pacpeieNIeHUsl peCcypcoB, JaHHbBIHN MOIX0]1 0Oec-
MIEYMBAET pacrpesielieHue ¢ MaJlol 3a/Iep>KKOH M BBICOKOH 3 dekTuBHOCTHIO. MHTaIIMOH-
HOE MOJIEIMPOBAaHUE NEeMOHCTPUpPYET 92%-HYyI0 TOYHOCTH MPOTHO3UPOBAHUS CIIpOca U
95%-Hoe nCnoab30BaHUE PECYPCOB, UYTO Ha 25% MpeBBIIAeT cTaTHUeCKrue 0a30BbIe MOKa3a-
TEJIH 110 CHUKEHUIO 3aJI€PIKKH.

Knroueesvie cnoga: nHTEpHET BEILEH; paclpe/IelIeHUE PECYPCOB; CKPBIThIE MAPKOBCKUE
MoOJIeNH; eprQepuitHbIe BHIYNCICHUS.
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1. Introduction

With an anticipated 30 billion IoT devices expected to be deployed by
2030, efficient resource allocation has become critical for enabling real-time
applications such as smart grids, industrial automation, and environmental
monitoring. The heterogeneity of IoT devices and their limited computational
capacity, combined with the inherent latency of cloud-centric processing,
necessitate innovative solutions. Edge—cloud collaboration offers a promising
paradigm by balancing local edge-level processing with centralized
orchestration.

This paper proposes a novel distributed algorithm that integrates HMMs
to model resource demands as hidden states, inferred from observable metrics
such as CPU usage or network traffic. A dynamic scheduler allocates resources
based on these inferences, ensuring scalability and efficiency. The contributions
of this study include: an HMM-based demand prediction framework; a priority-
driven scheduling heuristic; rigorous simulation-based validation; and
comprehensive pseudocode and visualizations.

Grounded in peer-reviewed methodologies, this work advances resource
management in dynamic [oT environments.

2. Related Work

Dynamic resource allocation in IoT networks has been widely studied as a
means to optimize energy efficiency and reduce latency. Recent studies have
emphasized the potential of edge—cloud synergies in enabling scalable, low-
latency applications [1-2]. Hidden Markov Models have been successfully
applied in [oT contexts for anomaly detection, traffic forecasting, and workload
prediction, due to their ability to capture temporal dependencies in device
behavior [3-5].

Edge-computing architectures further advocate distributed processing to
enhance scalability, while probabilistic models improve scheduling in dynamic
environments. However, most existing methods treat demand prediction and
scheduling separately. This study uniquely combines HMM-based demand
modeling with adaptive edge—cloud scheduling, addressing the need for real-
time and esource-efficient [oT management.

3. Proposed Methodology
A. System Architecture

Consider an IoT network with N edge devices (fig. 1), each generating
observations O ={0,}, quantized as low (0), medium (1), or high (2) based on

metrics like CPU usage. These correspond to hidden demand states S = {s,} (e.g.,
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Fig. 1. System architecture

idle=0, moderate=1, high=2). Edge nodes perform local HMM  inference,
transmitting demand probabilities to the cloud, which allocates resources R = {r;}

as fractions of total capacity Riy. Fig.2 shows the whole hybrid process
procedure.

B. HMM-Based Demand Prediction

The key novelty of our approach lies in modeling device resource demand
as a Markovian process. Each device’s demand dynamics are represented by a
Hidden Markov Model (HMM) (fig. 3) defined as a triple (4, B, ), where:
A=[a,] is the transition probability matrix, with

a; =P(s,=j|s,, =1),
which governs the probability of moving from hidden state i at time #— 1 to

hidden state j at time ¢;
B=[b,] is the emission probability matrix, mapping hidden states to

observations, with
bjk :P(Ot :k|St :j)s
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Fig. 3. HMM

which defines the probability of observing symbol & when the system is in
hidden state j;
n=[x,] is the initial state distribution, where
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n, = P(s, =1), i€{l,2,....K}.

The Forward algorithm is employed for efficient inference of hidden states
given a sequence of observations. At every time step ¢, the algorithm updates
the probability distribution over hidden states and normalizes the likelihoods to
prevent underflow.

Algorithm 1 Forward Algorithm for HMM Inference
1: procedure FORWARDHMM(O, A, B, )
2: Input: Observations O = {o, ..., or}, Transition A(K x K), Emission B(K x M), Initial 7(K)
3 Output: State probabilities P = {P(s;|O)}

4: Initialize a[1, k] + 7, - By[o1] fork =1to K

55 fort =2to T do

6: for k =1to K do )

7: alt.k] < Bilo)] - Y, aft — 1,5] - Ajx
8: end for

9: Normalize alt,:] < alt,:]/ > alt,]

10: end for

11: Return [T, ]

12: end procedure

C. Dynamic Resource Scheduling
After inference, the cloud computes priorities for each device:

D, = m]fle(st =k|0), i=12,...,N,
and allocates resources:

__ P g

}/;' N total l

=L2,...,N.

This allocation strategy prioritizes high-demand devices while ensuring
proportional fairness.

Algorithm 2 Dynamic Resource Scheduler
1: procedure RESOURCESCHEDULER(P, Rioal)
2: Input: Priorities P = {p1,...,pn}, Total resources Ry
3 Output: Allocations R = {ry,..., TN}
4 Compute sum,, Z;\:l i
5: fori=1to N do
6: i 4 (pi/sumy) - Rigu
7
8
9:

end for
: Return R
end procedure
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D. Edge—Cloud Coordination

Edge devices execute the Forward algorithm locally on streaming metrics,
computing priorities in real-time. Every Af=1 second, these priorities are
transmitted to the cloud. The cloud then applies the scheduling procedure and
dynamically updates allocations:

R={n,r,....,1y}.
4. Experimental Evaluation

A. Experimental Design

We conducted simulations with 1000 generated sequences, each with three
demand states (idle, moderate, high) and three observation symbols (low,
medium, high). HMM parameters were randomly initialized under controlled
seeds to ensure reproducibility. Prediction accuracy was measured as the
proportion of correctly inferred hidden states.

For scheduling evaluation, 10 devices were simulated with demand
priorities drawn from a uniform distribution [0, 1]. The total available resources
were normalized to R, =1.0.

Efficiency was defined as

total

N
n=>) min(r;, p,).

i=1
A static equal-allocation baseline provided comparison.
B. Results and Analysis

Two experiments were performed: hidden state inference and dynamic
resource allocation.

For the first, state inference accuracy was evaluated across filtering,
smoothing, and Viterbi decoding. Results show Viterbi decoding achieving
92%, smoothing 91%, and filtering 90% (fig. 4). Filtering is best suited for edge
devices due to low computational cost, while Viterbi provides the highest
accuracy, suitable for centralized scheduling.

In the second experiment, dynamic scheduling achieved 95% utilization
efficiency, compared to only 70% for static allocation. This translated into a
25% reduction in latency, with balanced distribution preventing overload at
high-demand nodes and wastage at low-demand ones (fig. 5).
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Fig. 4. Hidden state inference
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Fig. 5. Dynamic resource allocation

These findings confirm the strength of combining HMM inference with
adaptive scheduling: the framework is both accurate in demand prediction and
efficient in system-wide resource allocation.

5. Conclusion

This study presents a distributed algorithm for IoT resource allocation that
integrates HMM-based demand prediction with an edge—cloud scheduling
mechanism. Simulation results demonstrate its superiority over static methods,
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yielding high prediction accuracy, efficient utilization, and reduced latency. The
framework holds promise for deployment in smart grids, industrial IoT, and
environmental monitoring. Future research will focus on multimodal data
fusion and the integration of advanced machine learning techniques to further
enhance adaptability and performance.
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