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Background: Consequences of Recent Missile Attack on 

Kyiv

Initially, the developed approach was intended for a high-load informational System supporting 

the restoration of damaged real estate objects (System). However, today there is an urgent 

need for efficient high-load information systems in healthcare, construction, and logistics.



Initial architecture of high-load informational System [1]

S. Terenchuk, R. Pasko, A. Buhrov, V. Ploskyi, O. Panko and V. Zapryvoda, "Computerization of the process of reconstruction 

of damaged or destroyed real estate," 2022 IEEE 3rd KhPI Week on Advanced Technology (KhPIWeek), Kharkiv, Ukraine, 

2022, pp. 1-6, https://doi.org/10.1109/KhPIWeek57572.2022.9916470 





Relevance and Research Aim

The relevance of the research is 

determined by the need to improve 

data access efficiency in modern 

high-load information systems.

 

The aim of the research is to develop an 

adaptive approach for making efficient 

decisions on adding new objects to the 

cache based on reinforcement learning.
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Object and Subject of the Research



Data Processing Problems Addressed by Caching and 

NoSQL Databases 

Problem Possible Solution

Data are stored in different 

formats
Flexible data schema and JSON support (NoSQL database)

No single data source Centralized storage with horizontal scaling (NoSQL database)

Poor performance under a 

large number of requests

Horizontal database scaling + caching of frequently requested 

data

Object popularity and 

relevance are not considered
Intelligent caching based on request dynamics and history

Repeated processing of the 

same requests
Caching query results and reducing database load



Why is intelligent caching needed?   

Caching is a technology for accelerating data access by temporarily storing frequently 

used information in a high-speed intermediate storage – the cache.

This reduces the load on the primary database and accelerates the processing of 

repeated requests.

A cache management method is a strategy that determines:

– which data should be added to the cache;

– which data should be removed when the cache is full;

– when and how the cache contents should be updated.



Proposed Architecture of the System with Intelligent 

Caching
  



Intelligent Caching Problem Statement

The goal of intelligent caching is to make effective decisions about storing data in the 

cache based on request history and key object features.

Therefore, Intelligent Caching Approach requires solving an important problem:

Should a new object be added to the cache?



Problem Formalization

The cache admission decision is formalized as a Markov Decision 

Process (MDP):

M = ⟨S, A, P, R, γ⟩
where:

• S – the set of states, represented by the object feature vector x = [x₁, x₂, …, xₙ];

• A = {0,1} – the set of actions: 0 – do not cache, 1 – cache;

• P(s′|s,a) – probability of transition to a new state s′ after action a in state s;

• R(s,a) – reward function for performing action a in state s;

• γ ∈ [0,1] – discount factor representing the importance of future decisions.

Goal – find an optimal policy π*(s) that makes cache-admission 

decisions with maximum long-term utility for the system.





Q-Function

The Q-function value is updated using the Bellman equation:

Q(sₜ,aₜ) ← Q(sₜ,aₜ) + α [ rₜ + γ · maxₐ′ Q(sₜ₊₁,a′) − Q(sₜ,aₜ) ]

where

Q(s,a) – utility function;

sₜ – current state (object feature vector);

aₜ – selected action (0 or 1);

rₜ – reward obtained after performing the action;

sₜ₊₁ – next state after the action;

α ∈ (0,1] – learning rate;

γ ∈ [0,1] – discount factor;

maxₐ′ Q(sₜ₊₁,a′) – estimate of the best future action.



Q-Table Collection

Field Data Type Description

state Object or String (JSON) Composite state representation – feature vector

action Integer (Int) Action: 0 – do not cache; 1 – cache

q-value Float Q(s,a): expected reward for performing the action

It is stored separately in MongoDB NoSQL database and is used by the tabular 

Q-Learning method.





Reward Definition

No. Situation Reward r⁽ᵗ⁾ Explanation

1
Object was cached and 

requested again
+1 Caching was justified: the object was reused.

2
Object was cached but was not 

requested again
−1

Caching was unnecessary: the object 

occupied cache space but was not reused.

3
Object was not cached and no 

request followed
0

Neutral case: nothing was lost and nothing 

was gained.

4
Object was not cached but was 

requested later
−1

A potential cache hit was lost: the object could 

have been useful.



Deferred Asynchronous Q-Value Update Mechanism

After each cache-admission decision, information about the action is 

stored in a special list. 

Each its record contains:

• s – object state represented by the feature vector;

• a – selected action (0 or 1);

• object_id – object identifier used for subsequent analysis;

• t – action timestamp.

After a fixed interval T, the method checks whether the object was 

requested again and determines the reward. The corresponding Q-value 

is then updated asynchronously, without blocking request processing.



Action Selection – ε-Greedy Strategy

◆ To prevent learning from getting stuck on a single decision, an ε-greedy strategy is used:

• with probability ε: a random action is selected (exploration);

• with probability 1−ε: the optimal action is selected (maximum Q(s,a)).

◆ At the beginning of training, εₜ is set high (for example, 0.9) to explore possible 

states. It then decreases exponentially:

εₜ = max(εₘᵢₙ, ε₀ · e⁻ᵏᵗ)
where:

• ε₀ – initial value;

• εₘᵢₙ – minimum allowed value;

• k – decay-rate coefficient;

• t – training step or episode number.

◆ This strategy balances exploration of new actions with exploitation of already 

learned optimal decisions.



Algorithm

1. Initialization:

Create an empty Q-table.

Set the parameters:

α – learning rate;

γ – discount factor;

ε₀, εₘᵢₙ, k – ε-greedy strategy 

parameters;

T – waiting time for the action outcome.

2. Request Processing (time t):

Form the object state s⁽ᵗ⁾.

Select action a⁽ᵗ⁾ using the ε-

greedy strategy.

Perform the action (e.g., cache 

the object).

Save a record to the list: (s⁽ᵗ⁾, 

a⁽ᵗ⁾, object_id, t).



Algorithm

3. After time T:

Retrieve from the list the record whose 

timestamp corresponds to the required 

update time;

Using object_id, form the new state s⁽ᵗ⁺ᵀ⁾
from the current object features;

Determine reward r based on the actual 

subsequent use of the object;

Update the corresponding record in the 

Q-table.

4. Update ε:

with probability ε: select random 

action;

with probability 1−ε: select   the 

action with the maximum Q(s,a).



Method Operation Summary

• The tabular Q-Learning method learns from experience by accumulating 

information about actions and their consequences.

• With deferred updates, the outcomes of cache-admission decisions are 

evaluated after time T.

• After training, the Q-table is used as the decision-making policy for cache 

admission.

• If user behavior or request patterns change, the method can be retrained to 

adapt the caching policy.









Conclusions

● The cache admission problem was formulated as a sequential decision-

making problem and solved using the tabular Q-Learning method.

● The proposed approach takes into account object characteristics and request 

context when deciding whether a new object should be added to the cache.

● A deferred asynchronous update mechanism was developed to evaluate 

decisions based on their long-term consequences and update Q-values 

without blocking request processing.

● The proposed approach provides adaptive cache-admission decisions and 

can be applied to other high-load information systems, including Clinical 

Decision Support Systems, by adapting the state features to the 

characteristics of the data and their usage context.
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