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JIOJIATOK B

Konx agantuBHOrO Kemn KieHTa

using RedisCacheOptimizer.Configurations;
using RedisCacheOptimizer.Interfaces;
using RedisCacheOptimizer.Utilities;
using StackExchange.Redis;

namespace RedisCacheOptimizer;

public class AdaptiveCacheClient : BaseDatabaseClient,
IAdaptiveCacheClient
{
private readonly AdaptiveCacheClientOptions _options;
private CancellationTokenSource _cancellationTokenSource = new() ;
public AdaptiveCacheManager CacheManager;
private readonly SemaphoreSlim _cleanupSemaphore = new
SemaphoreSlim(1l, 1);

public int ExpiredKeys
{

get

{

return _expiredKeys;
}
}

private int _expiredKeys;

public AdaptiveCacheClient(string connectionString,
AdaptiveCacheClientOptions options) : base (connectionString)

{
options.Validate() ;

_options = options;

CacheManager = new AdaptiveCacheManager (connectionString,
options.AdaptiveCacheManagerOptions) ;

StartBackgroundCleanup () ;
}

public async Task StoreObjectAsync<T>(string key, T obj)
{
await HandleInsertWithMemoryManagementAsync (key, obj, async
() =>
{
var hashEntries = ObjectSerializer.FlattenObject (obj)
.Select (kvp => new HashEntry (kvp.Key, kvp.Value))
.ToArray() ;

await _database.HashSetAsync(key, hashEntries);
await UpdateKeyAccessAsync (key, false);
b
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public async Task<T> GetObjectAsync<T>(string key) where T
new ()
{
var hashEntries = await _database.HashGetAllAsync (key) ;
if (hashEntries.Length == 0)
return default;

var properties = hashEntries.ToDictionary (entry =>
(string)entry.Name, entry => (string)entry.Value);

var obj = ObjectSerializer.UnflattenObject<T>(properties) ;
await UpdateKeyAccessAsync (key, true);

return obj;

}

public async Task SetKeyTTLAsync(string key, TimeSpan ttl)
{

await SetPropertyTTLAsync (key, string.Empty, ttl);
}

public async Task SetPropertyTTLAsync(string key, string
propertyPath, TimeSpan ttl)
{
var sortedSetKey = key + Constants.TtlSortedSetSuffix;
var now = DateTimeOffset.UtcNow.ToUnixTimeSeconds () ;
var expiryTime = now + (long)ttl.TotalSeconds;

await _database.SortedSetAddAsync (sortedSetKey, propertyPath,
expiryTime) ;

Log ($"TTL for property '{propertyPath}' is set to
{ttl.TotalSeconds} seconds.");

}

public async Task<RedisValue> HashGetAsync (RedisKey key,
RedisValue field)
{
var value = await _database.HashGetAsync(key, field);
if (!'value.IsNull)
{
await UpdatePropertyAccessAsync (key, field)
}

return value;

}

public async Task<bool> HashSetAsync (RedisKey key, RedisValue
field, RedisValue value)
{
var combinedObject = new { Field = field.ToString(), Value =
value.ToString() 1}

bool operationResult = false;

await HandleInsertWithMemoryManagementAsync (key,
combinedObject, async () =>
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{
operationResult = await _database.HashSetAsync (key,
field, wvalue);

await UpdatePropertyAccessAsync (key, field)
b

return operationResult;

}

public async Task<bool> SetAddAsync (RedisKey key, RedisValue
{

value)

bool operationResult = false;

await HandleInsertWithMemoryManagementAsync (key,
value.ToString (), async () =>

{
operationResult = await _database.SetAddAsync (key,
value) ;

if (operationResult)

{

await UpdatePropertyAccessAsync (key, value) ;
}

})

return operationResult;

}

public async Task<bool> SetContainsAsync (RedisKey key, RedisValue
{

value)

var exists = await _database.SetContainsAsync (key, value);
if (exists)
{

await UpdatePropertyAccessAsync (key, value) ;
}

return exists;

}

public async Task<long> ListLeftPushAsync (RedisKey key,
RedisValue value)

{
long result = 0;

await HandleInsertWithMemoryManagementAsync (key,
value.ToString (), async () =>

{

result = await _database.ListLeftPushAsync(key, value);

await UpdatePropertyAccessAsync (key, value) ;
b

return result;
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public async Task<RedisValue> ListLeftPopAsync (RedisKey key)
{

var value = await _database.ListLeftPopAsync (key) ;
if (!'value.IsNull)
{

await RemoveElementMetadataAsync (key, value) ;
}

return value;

}

public async Task<RedisValue[]> ListRangeAsync (RedisKey key,

long
start = 0, long stop = -1)
{
var values = await _database.ListRangeAsync (key, start,
stop) ;
foreach (var value in values)
{
await UpdatePropertyAccessAsync (key, value) ;
}
return values;
}
public async Task<bool> SortedSetAddAsync (RedisKey key,
RedisValue member, double score)
{
var combinedObject = new { Member = member.ToString(), Score

= score };
bool operationResult = false;

await HandleInsertWithMemoryManagementAsync (key,
combinedObject, async () =>

{

operationResult = await _database.SortedSetAddAsync (key,
member, score);

if (operationResult)
{
await UpdatePropertyAccessAsync (key, member) ;
}
b

return operationResult;

}

public async Task<RedisValue[]>
SortedSetRangeByRankAsync (RedisKey key, long start = 0, long stop = -1)
{

var values = await _database.SortedSetRangeByRankAsync (key,
start, stop);

foreach (var value in values)
{

await UpdatePropertyAccessAsync (key, value) ;
}

return values;

}

public async Task<TimeSpan?> GetKeyTTLAsync (string key)
{
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return await GetPropertyTTLAsync (key, string.Empty) ;
}

public async Task<TimeSpan?> GetPropertyTTLAsync (string key,
string propertyPath)

{
var sortedSetKey = key + Constants.TtlSortedSetSuffix;
var expiryTimestamp = await
_database.SortedSetScoreAsync (sortedSetKey, propertyPath) ;

if (expiryTimestamp.HasValue)

{
var now = DateTimeOffset.UtcNow.ToUnixTimeSeconds() ;
var ttlSeconds = expiryTimestamp.Value - now;

if (ttlSeconds > 0)
{
return TimeSpan.FromSeconds (ttlSeconds) ;
}
else
{
return TimeSpan.Zero;
}
}

return null;

}

public async Task EnableProtectionAsync(string key, string
propertyPath = null)

{

await SetProtectionAsync (key, propertyPath, true);
}

public async Task DisableProtectionAsync(string key, string
propertyPath = null)

{

await SetProtectionAsync (key, propertyPath, false);
}

public void Dispose()

{
StopBackgroundCleanup() ;
_redis?.Dispose() ;

}

private async Task

HandlelInsertWithMemoryManagementAsync<T>(string key, T value, Func<Task>
insertAction)

{

long estimatedSize =
SizeEstimator.CalculateObjectSizeInBytes (value) ;
long adjustedSize = (long) (estimatedSize * 1.5);

await
CacheManager.CleanupForRequiredMemoryAsync (adjustedSize) ;

await insertAction|();
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}

private async Task SetProtectionAsync(string key, string
propertyPath, bool enable)
{
if (string.IsNullOrEmpty (propertyPath))
{
if (enable)
{
await _database.StringSetAsync(key +
Constants.ProtectedSuffix, "true");
Log($"Protection enabled for key '{keyl}'.");
}
else
{
await _database.KeyDeleteAsync (key +
Constants.ProtectedSuffix) ;
Log($"Protection disabled for key '{key}'.");
}
}
else
{
var metaKey = key + Constants.TtlHashSuffix;
var field = propertyPath + ":protected”;
if (enable)
{
await _database.HashSetAsync (metaKey, field, "true");
Log($"Protection enabled for property
'{propertyPath}' in key '{key}'.");
}
else
{
await _database.HashDeleteAsync (metaKey, field);
Log($"Protection disabled for property
'{propertyPath}' in key '{key}'.");
}
}
}

private async Task UpdateKeyAccessAsync (string key, bool
recalculateTtl)
{
var metaKey = key + Constants.TtlHashSuffix;
var frequency = await UpdateAccessStatsAsync (metaKey, "key"):;

await CacheManager.UpdateEvictionScoreAsync (key) ;
var lastAccessValue = await _database.HashGetAsync (metaKey,

"lastAccess") ;
var shouldBeUpdated

true;

if (recalculateTtl && shouldBeUpdated)

{
var sortedSetKey = key + Constants.TtlSortedSetSuffix;

var existingTTL = await
_database.SortedSetScoreAsync (sortedSetKey, string.Empty);

if (existingTTL.HasValue)
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TimeSpan ttl = await ComputeAdaptiveTTLAsync (metaKey,
" key" ) ;

var now = DateTimeOffset.UtcNow.ToUnixTimeSeconds() ;
var expiryTime = now + (long)ttl.TotalSeconds;

await _database.SortedSetAddAsync (sortedSetKey,
string.Empty, expiryTime) ;
Log ($"Adaptive TTL for key '{key}' recalculated:
{ttl.TotalSeconds} seconds.") ;
}
else
{
Log($"Key '{key}' does not have a TTL set. Skipping
adaptive TTL.");

}
}

private async Task UpdatePropertyAccessAsync(string key, string
propertyPath)

{
var metaKey = key + Constants.TtlHashSuffix;

await UpdateKeyAccessAsync (key, true);

var frequency = await UpdateAccessStatsAsync (metaKey,
propertyPath) ;

var lastAccessValue = await _database.HashGetAsync (metaKey,
$" {propertyPath}:lastAccess") ;

var shouldBeUpdated = lastAccessValue.IsNullOrEmpty | |
DateTimeOffset.UtcNow.ToUnixTimeSeconds () - (long)lastAccessValue >
Constants.MIN METADATA UPDATE INTERVAL;

if (shouldBeUpdated)

{
var sortedSetKey = key + Constants.TtlSortedSetSuffix;

var existingTTL = await
_database.SortedSetScoreAsync (sortedSetKey, propertyPath) ;

if (existingTTL.HasValue)
{

var now = DateTimeOffset.UtcNow.ToUnixTimeSeconds() ;

TimeSpan ttl = await ComputeAdaptiveTTLAsync (metaKey,
propertyPath) ;
var expiryTime = now + (long)ttl.TotalSeconds;

await _database.SortedSetAddAsync (sortedSetKey,
propertyPath, expiryTime) ;
Log($"Adaptive TTL for property '{propertyPath}'
recalculated: {ttl.TotalSeconds} seconds.");
}

else

{
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Log($"Property '{propertyPath}' does not have a TTL
set. Skipping adaptive TTL.");

}
}
}

private async Task<double> UpdateAccessStatsAsync(string metaKey,
string accessKey)

{

var now = DateTimeOffset.UtcNow.ToUnixTimeSeconds() ;

var dataKey = metaKey.Replace (Constants.TtlHashSuffix, "");
string prefix = accessKey == "key" ? "" : accessKey + ":";
string totalAccessesField = $"{prefix}totalAccesses";
string firstAccessTimeField = $"{prefix}firstAccessTime";
string lastAccessField = $"{prefix}lastAccess";

string frequencyField = $"{prefix}frequency";

var firstAccessTimeValue = await
_database.HashGetAsync (metaKey, firstAccessTimeField);

long totalAccesses = await
_database.HashIncrementAsync (metaKey, totalAccessesField, 1);

long firstAccessTime = firstAccessTimeValue.IsNullOrEmpty °?
now : (long)firstAccessTimeValue;

await _database.HashSetAsync (metaKey, new HashEntry[]

{
new HashEntry (totalAccessesField, totalAccesses),
new HashEntry (firstAccessTimeField, firstAccessTime),
new HashEntry (lastAccessField, now)

})

double elapsedTime = now - firstAccessTime;

double frequency = elapsedTime > 0 ? totalAccesses /
elapsedTime : totalAccesses;

await _database.HashSetAsync (metaKey, frequencyField,
frequency) ;

string totalAccessSetMember = (accessKey == "key")
? dataKey

$"{dataKey}: : {accessKeyl}";

await
_database.SortedSetAddAsync (Constants.GlobalFrequencySetKey,
totalAccessSetMember, totalAccesses);

await
_database.SortedSetAddAsync (Constants.GlobalLastAccessSetKey,
totalAccessSetMember, now) ;

return frequency;

}

private async Task<TimeSpan> ComputeAdaptiveTTLAsync (string
metaKey, string accessKey)

{
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string prefix = (accessKey == "key") ? "" (accessKey +
string totalAccessesField = $"{prefix}totalAccesses";
string lastAccessField = $"{prefix}lastAccess";

var totalAccessesValue = await
_database.HashGetAsync (metaKey, totalAccessesField);

var lastAccessValue = await _database.HashGetAsync (metaKey,
lastAccessField) ;

long £ = totalAccessesValue.IsNullOrEmpty ? 0
(long) totalAccessesValue;
long tLastAccess = lastAccessValue.IsNullOrEmpty
? DateTimeOffset.UtcNow.ToUnixTimeSeconds ()
(long) lastAccessValue;

double now = DateTimeOffset.UtcNow.ToUnixTimeSeconds () ;

double f decayed = £ * Math.Exp(-_options.DecayLambda * (now
- tLastAccess));

double maxTotalAccesses = 0;

var totalAccessSetRange = await
_database.SortedSetRangeByRankWithScoresAsync (

Constants.GlobalFrequencySetKey,
0,
0,

Order.Descending) ;

if (totalAccessSetRange !'= null && totalAccessSetRange.Length
> 0)

{
maxTotalAccesses = totalAccessSetRange[0] .Score;
}

double f normalized = (maxTotalAccesses > 0)

? Math.Min(f_decayed / maxTotalAccesses, 1.0)
: 0.0;

var ttlSec = _options.BaseTTL + (_options.MaxTTL -
_options.BaseTTL) * f normalized;

return ttlSec;

}

private void StopBackgroundCleanup ()
{

_cancellationTokenSource.Cancel() ;

}

private void StartBackgroundCleanup ()

{

Task.Run (async () =>
{

while
(! _cancellationTokenSource.Token.IsCancellationRequested)

{
try
{

await CleanupExpiredPropertiesAsync() ;
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await Task.Delay( options.CleanuplInterval,
_cancellationTokenSource.Token) ;

}

catch (TaskCanceledException)

{
}

catch (Exception ex)

{

Log($"Error during CleanupExpiredProperties:
{ex.Messagel}") ;
}
}

}, _cancellationTokenSource.Token) ;

}

private async Task CleanupExpiredPropertiesAsync ()
{
await _cleanupSemaphore.WaitAsync() ;
try
{
var server = _redis.GetServer (_redis.GetEndPoints () [0]) ;
var keys = server.Keys (pattern: "*" +
Constants.TtlSortedSetSuffix) ;

var now = DateTimeOffset.UtcNow.ToUnixTimeSeconds() ;

foreach (var key in keys)
{
var dataKey =
key.ToString () .Replace (Constants.TtlSortedSetSuffix, "");
var expiredProperties = await
_database.SortedSetRangeByScoreAsync (key, 0, now);

if (expiredProperties.Length > 0)
{
foreach (var propertyPath in expiredProperties)
{
Log($"The '{propertyPath}' property for the
key '{dataKey}' was deleted after the TTL expired.");

await
RemovePropertyAndSubPropertiesAsync (dataKey, key, propertyPath) ;
Interlocked.Increment (ref _expiredKeys) ;

}

}
}

catch (Exception ex)

{

Log ("Error during CleanupExpiredProperties: " +
ex.Message) ;

}
finally

{

_cleanupSemaphore.Release() ;

}
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private async Task RemovePropertyAndSubPropertiesAsync(string
dataKey, RedisKey ttlSortedSetKey, RedisValue propertyPath)

{
var hashFields = await _database.HashKeysAsync (dataKey) ;

var fieldsToDelete = hashFields.Where(field =>
field.ToString() .StartsWith (propertyPath.ToString())) .ToArray() ;

if (fieldsToDelete.Length > 0)

{
await _database.HashDeleteAsync(dataKey, fieldsToDelete) ;

var metaKey = dataKey + Constants.TtlHashSuffix;
var metaFieldsToDelete = fieldsToDelete.SelectMany (field
=> new RedisValue][]

{
$"{field}: frequency",
$"{field}:lastAccess",
$"{field}:lastFrequencyUpdateTime"

}) .ToArray () ;

await _database.HashDeleteAsync (metaKey,
metaFieldsToDelete) ;

await _database.SortedSetRemoveAsync (ttlSortedSetKey,
fieldsToDelete) ;

var members = fieldsToDelete.Select(field => new
RedisValue ($" {dataKey}::{field}")) .ToArray() ;

await

_database.SortedSetRemoveAsync (Constants.GlobalFrequencySetKey, members) ;
await

_database.SortedSetRemoveAsync (Constants.GlobalLastAccessSetKey, members) ;
await

_database.SortedSetRemoveAsync (Constants.GlobalEvictionSetKey, members) ;
}
else
{
await _database.HashDeleteAsync (dataKey, propertyPath) ;
await _database.SortedSetRemoveAsync (ttlSortedSetKey,
propertyPath) ;

var metaKey = dataKey + Constants.TtlHashSuffix;
await _database.HashDeleteAsync (metaKey, new RedisValue[]
{
$" {propertyPath}: frequency",
$" {propertyPath}:lastAccess",
$"{propertyPath}:lastFrequencyUpdateTime"
o

var members = fieldsToDelete.Select(field => new
RedisValue ($" {dataKey}:: {field}")) .ToArray() ;

if (members.Length > 0)
{
await
_database.SortedSetRemoveAsync (Constants.GlobalFrequencySetKey, members) ;
await
_database.SortedSetRemoveAsync (Constants.GlobalLastAccessSetKey, members) ;
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await
_database.SortedSetRemoveAsync (Constants.GlobalEvictionSetKey, members) ;

}

string member = string.IsNullOrEmpty (propertyPath) °?
dataKey : $"{dataKey}::{propertyPath}";

await

_database.SortedSetRemoveAsync (Constants.GlobalFrequencySetKey, member) ;
await

_database.SortedSetRemoveAsync (Constants.GlobalLastAccessSetKey, member) ;
await

_database.SortedSetRemoveAsync (Constants.GlobalEvictionSetKey, member) ;

}
}

private async Task RemoveElementMetadataAsync (RedisKey key,
RedisValue field)
{
var metaKey = key.ToString() + Constants.TtlHashSuffix;
await _database.HashDeleteAsync (metaKey, new RedisValue[]
{
$"{field}: frequency",
$"{field}:lastAccess",
$"{field}:lastFrequencyUpdateTime"
b
var sortedSetKey = key.ToString() +
Constants.TtlSortedSetSuffix;
await _database.SortedSetRemoveAsync (sortedSetKey, field);

string members = $"{key.ToString()}::{field}";

await

_database.SortedSetRemoveAsync (Constants.GlobalFrequencySetKey, members) ;
await

_database.SortedSetRemoveAsync (Constants.GlobalLastAccessSetKey, members) ;
await

_database.SortedSetRemoveAsync (Constants.GlobalEvictionSetKey, members) ;

}
}
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JIOJIATOK B

Kon aganTuBHOro MeHeIKepy IS 3aMIILIEHHS KElry

using RedisCacheOptimizer.Configurations;
using RedisCacheOptimizer.Interfaces;
using RedisCacheOptimizer.Models;

using StackExchange.Redis;

namespace RedisCacheOptimizer;

public class AdaptiveCacheManager : BaseDatabaseClient,
IAdaptiveCacheManager
{
private readonly AdaptiveCacheManagerOptions _options;
private CancellationTokenSource _cancellationTokenSource = new() ;
private const double EPSILON = le-9;

private readonly object _evictionSetLock = new object();

private readonly object updateEvictionScoreLock = new object();

private readonly SemaphoreSlim _cleanupSemaphore = new
SemaphoreSlim(1l, 1);

public int EvictionCount
{
get
{
return _evictionCount;
}
}

private int _evictionCount;

public AdaptiveCacheManager (string connectionString,
AdaptiveCacheManagerOptions options) : base (connectionString)

{

_options = options;
_options.Validate() ;

if (Math.Abs(_options.AgeWeight + _options.FrequencyWeight +
_options.MemoryWeight - 1.0) > le-9)
{
throw new ArgumentException("The sum of weight
coefficients must equal 1.");
}
}

public async Task CleanupForRequiredMemoryAsync (long
requiredSize)
{

var server = redis.GetServer (_redis.GetEndPoints () [0]) ;

double memoryBufferPercentage = 0.15;

long usedMemory = await GetUsedMemoryAsync (server) ;

long maxMemory = await GetMaxMemoryAsync() °?7?
_options.MaxCacheMemory;



long maxAllowedMemory = (long) (maxMemory * (1 -
memoryBufferPercentage)) ;

if (usedMemory + requiredSize <= maxAllowedMemory)

{

return;

}

long memoryToFree = (usedMemory + requiredSize) -

maxAllowedMemory;

long freedSoFar = 0;

while (memoryToFree > 0)

{

var batch = await
_database.SortedSetRangeByScoreWithScoresAsync (

)

Constants.GlobalEvictionSetKey,
start: double.NegativeInfinity,
stop: double.PositiveInfinity,
order: Order.Ascending,

take: 50

if (batch == null || batch.Length == 0)

{
}

break;

foreach (var entry in batch)

{

if (memoryToFree <= 0) break;

lock (_evictionSetLock)

{
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_database.SortedSetRemove (Constants.GlobalEvictionSetKey, entry.Element);

}

string fullMember = entry.Element;
if (string.IsNullOrEmpty (fullMember)) continue;

string dataKey;
string propertyName = null;

if (fullMember.Contains("::"))

{
var parts = fullMember.Split(new[] { "::" },

StringSplitOptions.None) ;

dataKey = parts[0];
propertyName = parts[l];
}

else

{
dataKey = fullMember;

}
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var isProtected = await
_database.StringGetAsync (dataKey + Constants.ProtectedSuffix);
if (isProtected == '"true")
{
continue;

}

var metaKey = (RedisKey) (dataKey +
Constants.TtlHashSuffix) ;

var memoryUsageResult = await
_database.ExecuteAsync ("MEMORY", "USAGE", dataKey) ;

if ('long.TryParse (memoryUsageResult.ToString(), out
var memorySize) || memorySize <= 0)

{

memorySize = 1;

}

if (!string.IsNullOrEmpty (propertyName))

{
await DeletePropertyAsync (dataKey, metaKey,

propertyName) ;
}

else

{
await DeleteKeyAsync (dataKey, metaKey) ;

}

freedSoFar += memorySize;
memoryToFree -= memorySize;
if (memoryToFree < 0)

{

memoryToFree = 0;

}
}

if (memoryToFree > 0)

{

Console.WritelLine ($"Warning: Unable to free enough
memory. Still need {memoryToFree} bytes.");

}

else

{
Console.Writeline ($"Freed {freedSoFar} bytes to

accommodate {requiredSize} bytes.");
}
}

public void ClearEvictionCount ()

{

_evictionCount = 0;

}

public void DisableCacheManager ()

{

_cancellationTokenSource.Cancel() ;

}



public void EnableCacheManager ()
{

_cancellationTokenSource = new() ;

Task.Run (async () =>
{
while
(! _cancellationTokenSource.Token.IsCancellationRequested)
{
try
{
await CleanupExpiredKeysAsync() ;
await Task.Delay( options.CleanuplInterval,
_cancellationTokenSource.Token) ;
}
catch (TaskCanceledException)
{
}
catch (Exception ex)
{
Log ($"Error during CleanupExpiredKeys:
{ex.Messagel}") ;
}
}

}, _cancellationTokenSource.Token) ;

}

public async Task UpdateEvictionScoreAsync (string dataKey)

{
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var metaKey = (RedisKey) (dataKey + Constants.TtlHashSuffix) ;

var tracker = await GetObjectAccessTrackerAsync (metaKey) ;

double now = DateTimeOffset.UtcNow.ToUnixTimeSeconds () ;

double freqGeneral = 0.0;
double ageGeneral = 0.0;
if (tracker.Frequency > 0)

{
double t = now - tracker.LastFrequencyUpdateTime;

fregGeneral = tracker.Frequency * Math.Exp (-
_options.DecayLambda * t);
ageGeneral = now - tracker.LastAccess;

}

var memoryUsageResult = await
_database.ExecuteAsync ("MEMORY", "USAGE", dataKey)

if (!'long.TryParse (memoryUsageResult.ToString(), out wvar

memorySize) || memorySize <= 0)

{

memorySize = 1;

}

double fMax = await GetFMaxAsync() ;
double aMax = await GetAMaxAsync() ;
long mMax = _options.MaxCacheMemory;
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double sKey = ComputeEvictionScore (ageGeneral, fregGeneral,
memorySize, aMax, fMax, mMax) ;

lock (_updateEvictionScoreLock)

{
_database.SortedSetAdd (Constants.GlobalEvictionSetKey,

dataKey, sKey) ;
}

int propCount = tracker.PropertyAccessState.Count;
if (propCount > 0)

{
double propertyMemoryShare = memorySize / (propCount +

1.0);

foreach (var kvp in tracker.PropertyAccessState)

{
string propertyName = kvp.Key;
var propTracker = kvp.Value;

double freqProp = 0.0;
double ageProp = 0.0;
if (propTracker.Frequency > 0)

{
double tProp = now -

propTracker.LastFrequencyUpdateTime;
freqProp = propTracker.Frequency * Math.Exp (-

_options.DecayLambda * tProp);
ageProp = now - propTracker.LastAccess;

}

double sProp = ComputeEvictionScore (ageProp,

freqProp,

(long) propertyMemoryShare,
aMax, fMax,

mMax) ;
string zsetMember = $"{dataKey}:: {propertyName}";

lock (_updateEvictionScoreLock)

{

_database.SortedSetAdd (Constants.GlobalEvictionSetKey, zsetMember, sProp);

}
}

}

private async Task CleanupExpiredKeysAsync ()

{

await _cleanupSemaphore.WaitAsync() ;

try
{

var server = redis.GetServer(_redis.GetEndPoints () [0]) ;

long usedMemory = await GetUsedMemoryAsync (server) ;
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long maxMemory = await GetMaxMemoryAsync () ?7?
_options.MaxCacheMemory;

long memoryThreshold = (long) (_options.PMemoryThreshold *
maxMemory) ;

if (usedMemory <= memoryThreshold)
{

return;

}

long memoryToFree = usedMemory - memoryThreshold;
long freedSoFar = 0;
while (memoryToFree > 0)
{
var batch = await
_database.SortedSetRangeByScoreWithScoresAsync (
Constants.GlobalEvictionSetKey,
start: double.NegativeInfinity,
stop: double.PositiveInfinity,
order: Order.Ascending,
take: 50
);

if (batch == null || batch.Length == 0)
{

break;

}

foreach (var entry in batch)

{

if (memoryToFree <= 0) break;

lock (_evictionSetLock)

{

_database.SortedSetRemove (Constants.GlobalEvictionSetKey, entry.Element);

}

string fullMember = entry.Element;
if (string.IsNullOrEmpty (fullMember)) continue;

string dataKey;
string propertyName = null;

if (fullMember.Contains("::"))
{
var parts = fullMember.Split(new[] { "::" },
StringSplitOptions.None) ;
dataKey = parts[0];
propertyName = parts[l];
}
else
{
dataKey = fullMember;

}
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var isProtected = await
_database.StringGetAsync (dataKey + Constants.ProtectedSuffix);
if (isProtected == '"true")
{
continue;

}

var metaKey = (RedisKey) (dataKey +
Constants.TtlHashSuffix) ;

var memoryUsageResult = await
_database.ExecuteAsync ("MEMORY", "USAGE", dataKey)

if ('long.TryParse (memoryUsageResult.ToString(),
out var memorySize) || memorySize <= 0)

{

memorySize = 1;

}

if (!'string.IsNullOrEmpty (propertyName))
{
await DeletePropertyAsync (dataKey, metaKey,
propertyName) ;
}
else
{
await DeleteKeyAsync (dataKey, metaKey) ;

}

freedSoFar += memorySize;
memoryToFree -= memorySize;
if (memoryToFree < 0)

{

memoryToFree = 0;

}
}

if (memoryToFree > 0)

{
Console.Writeline ($" [CleanupExpiredKeys] Unable to

free enough memory. Still need ~{memoryToFree} bytes.");
}
else
{

Console.WriteLine ($" [CleanupExpiredKeys] Freed
~{freedSoFar} bytes; usedMemory was {usedMemory}, threshold is
{memoryThreshold}.") ;

}
}
finally
{
_cleanupSemaphore.Release() ;
}
}

private double ComputeEvictionScore (double age, double frequency,
long memorySize, double aMax, double fMax, long mMax)
{
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double aNormalized = 0.0;
if (aMax > 0)
{
aNormalized = Math.Min(age / aMax, 1.0);
}

double fNormalized = 0.0;
if (£fMax > 0)
{
fNormalized = Math.Min (frequency / fMax, 1.0);
}

double memInverted = (mMax > 0 && memorySize > 0)
? (mMax / (double)memorySize)

1.0;
double sAge = _options.AgeWeight * (1.0 / (aNormalized +
EPSILON)) ;
double sFreq = options.FrequencyWeight * fNormalized;
double sMem = options.MemoryWeight * memInverted;

double S = sAge + sFreq + sMem;
return Math.Max(S, 0.0);
}

private async Task<long> GetUsedMemoryAsync (IServer server)
{
try
{
var info = await server.InfoAsync ("memory") ;
var memoryInfo = info.FirstOrDefault(x => x.Key ==
"Memory") ;
var usedMemoryString = memoryInfo?.FirstOrDefault (entry
=> entry.Key == "used memory") .Value;
if (long.TryParse (usedMemoryString, out var usedMemory))
{
return usedMemory;
}
}
catch (Exception ex)
{
Console.WritelLine ("Error retrieving used memory: " +
ex.Message) ;
}
return O0;

}

private async Task<long?> GetMaxMemoryAsync ()
{

var server = _redis.GetServer (_redis.GetEndPoints () [0]) ;

try

{
var config = await server.ConfigGetAsync ("maxmemory") ;
if (config !'= null && config.Length > 0)
{

var maxMemoryString = config.FirstOrDefault() .Value;
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if (long.TryParse (maxMemoryString, out var
maxMemory) )

{
return maxMemory > 0 ? maxMemory : long.MaxValue;
}
}
}
catch (Exception ex)

{

Console.Writeline ("Error retrieving max memory: " +
ex.Message) ;

}
return null;

}

private async Task<double> GetFMaxAsync ()
{
var top = await
_database.SortedSetRangeByRankWithScoresAsync (

Constants.GlobalFrequencySetKey,
0!
0!
Order .Descending) ;

if (top '= null && top.Length > 0)
{

return top[0].Score;
}

return 0.0;

}

private async Task<double> GetAMaxAsync ()
{
var now = DateTimeOffset.UtcNow.ToUnixTimeSeconds () ;
var bottom = await
_database.SortedSetRangeByRankWithScoresAsync (
Constants.GlobalLastAccessSetKey,
0,
0,
Order .Ascending) ;

if (bottom !'= null && bottom.Length > 0)

{
double minLastAccess = bottom[0].Score;
double aMax = now - minLastAccess;
return (aMax > 0) ? aMax : 0.0;

}

return 0.0;

}

private async Task<ObjectAccessTracker>
GetObjectAccessTrackerAsync (RedisKey metaKey)
{
var objectAccessTracker = new ObjectAccessTracker () ;
var entries = await _database.HashGetAllAsync (metaKey) ;

foreach (var entry in entries)

{
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string field
string value

entry.Name;
entry.Value;

if (field == "frequency")
{

objectAccessTracker.Frequency = double.Parse (value) ;

}

else if (field == "lastAccess")

{

objectAccessTracker.LastAccess = long.Parse(value) ;

}
else if (field == "lastFrequencyUpdateTime")

{

objectAccessTracker.LastFrequencyUpdateTime =
long.Parse (value) ;

}

else if (field.Contains(":"))
{
var parts = field.Split(':"'):
if (parts.Length == 2)
{
string propertyName = parts[O0];
string propertyField = parts[1l];

if
('objectAccessTracker.PropertyAccessState.TryGetValue (propertyName, out var
tracker))

{

tracker = new AccessTracker();

objectAccessTracker.PropertyAccessState[propertyName] = tracker;

}

if (propertyField == "frequency")
{

tracker.Frequency = double.Parse(value) ;

}
else if (propertyField == "lastAccess")

{

tracker.lLastAccess = long.Parse(value) ;

}
else if (propertyField ==
"lastFrequencyUpdateTime")

{
tracker.LastFrequencyUpdateTime =
long.Parse (value) ;

}

return objectAccessTracker;

}

private async Task DeleteKeyAsync (string dataKey, RedisKey
metaKey)

{
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var typeResult await _database.ExecuteAsync ("TYPE",

dataKey) ;

string keyType typeResult.ToString() ;

if (keyType == "hash")

{
var deleteDataTask = _database.KeyDeleteAsync (dataKey) ;
var deleteMetaTask = _database.KeyDeleteAsync (metaKey) ;
await Task.WhenAll (deleteDataTask, deleteMetaTask) ;

}

else

{
await _database.KeyDeleteAsync (dataKey) ;
await _database.KeyDeleteAsync (metaKey) ;

}

Interlocked.Increment (ref _evictionCount);

await
_database.SortedSetRemoveAsync (Constants.GlobalFrequencySetKey, dataKey) ;
await
_database.SortedSetRemoveAsync (Constants.GlobalLastAccessSetKey, dataKey)
await
_database.SortedSetRemoveAsync (Constants.GlobalEvictionSetKey, dataKey);
}

private async Task DeletePropertyAsync (string dataKey, RedisKey
metaKey, string propertyName)

{

var typeResult await _database.ExecuteAsync ("TYPE",

dataKey) ;
string keyType = typeResult.ToString();
if (keyType == "hash")
{
var deleteDataTask = _database.HashDeleteAsync (dataKey,
propertyName) ;

var deleteMetaTask _database.HashDeleteAsync (metaKey,

new RedisValue][]

$" {propertyName} : frequency",
$" {propertyName}:lastAccess",
$" {propertyName} :lastFrequencyUpdateTime"
b
await Task.WhenAll (deleteDataTask, deleteMetaTask) ;
}
else
{
await _database.KeyDeleteAsync (dataKey) ;
await _database.KeyDeleteAsync (metaKey) ;
}

Interlocked.Increment (ref _evictionCount);

string propertyMember = $"{dataKey}:: {propertyName}";
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await
_database.SortedSetRemoveAsync (Constants.GlobalFrequencySetKey,
propertyMember) ;

await
_database.SortedSetRemoveAsync (Constants.GlobalLastAccessSetKey,
propertyMember) ;

await
_database.SortedSetRemoveAsync (Constants.GlobalEvictionSetKey,
propertyMember) ;

}

public void Dispose()

{
}
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Pucynoxk I'.1 — TutynbpHHI apKyil (pUCYHOK BUKOHAHHUM CAMOCTIIHO)

[locnig>eHHsa

« AKTyanbHICTb: 3p0OCTaHHA 0BCAriB AaHUX Yy peanbHOMY 4aci noTpebye MakcMManbHO LBWAKOMO KelWyBaHHSA
Ta MiHIManbHUX 3aTPUMOK;

* Mpo6nema: y Redis ctaHgapTHUi TTL Buaanse Winuil KNKOY BKAKOYHO 3i CMMCKaMM, XellaMn, MHOXWUHaMK, a
LRU/LFU He po3pi3HAOTL BaX/IMBICTb OKPEMWX efleMeHTIB - HagMipHi BMAaneHHA W 3pOoCTaHHA
HaBaHTaXeHHA;

« OB'eKT: MexaHi3MW ynpaBniHHA KelwoBaHMMW paHuMKM Yy Redis, WO BNAMBaKOTb Ha edeKTUBHICTb
BUKOPWCTaHHA NaM'aTi Ta WBWOKOLIK CUCTEMMU;

* NMpepgmeT: aganTMBHI METOOM KeEWyBaHHA, AK guHamiyHe TTL Ta ribpugHuin anroputm 3amiweHHa (LRU +
LFU) pns onTyMi3auii BMganeHHs gaHux y cknagHux cTpyKTypax;

+ MeTa: BUBUNTHK iCHYHOUI Nigxoau Ta po3pobuT ix Moguoikauii ona nigBuweHHs edekTUBHOCTI poboTum Redis.

— —
——

Pucynok I'.2 — Apkymr «JlociipkeHHs» (pPUCYHOK BUKOHAHUH CaMOCTIMHO)
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Ornsapg nitepaTtypu
« AgantuBHuin TTL:
o ML-nigxig ona nporHo3yBaHHA NonynApHoOCTi gaHux i guHamivHoro TTL (“Adaptive TTL-Based Caching for
Content Delivery”);
o Po3pobkn ona cknagHux CTPYKTYp i3 ToHkMMm TTL (“Research on Adaptive Cache Mechanism Based on
TTL").
* [iBpnpHI anropuTMM 3aMilleHHA:
o MoeaHaHHs LRU + LFU gnsa aganTadii nig amiHHi wabnoHu goctyny (Shah & Siddiqui);
o CamMoHaBuyakuda nonituka ARC-learning (Shen et al.);
o QoS-opieHTOBaHI 6araToTipHi cTpaTerii kewyesaHHsA (Ait-Oucheggou et al.).
» MpaKkTu4HI Keicu:
o Azure Cache for Redis: macwrabyeaHHA, 6araTtopieHeBa pennikauif, asToMmatuuHuia failover.
* MporanuHu:
o BigcyTHiCTb TOHKOro KepyBaHHA TTL Ha piBHi OKPEMWX ENEMEHTIE;

o HepgocTaTHA rHyykicTs LRU/LFU ansa pisHmMx Tun gaHmx.
— p—
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Pucynok I'.3 — Apkym «Ornsig jitepaTypu» (PUCYHOK BUKOHAHUNA CAMOCTIHHO)

[TocTaHOBKa 3agaui

« MpoaHanisyeaTu icHyOUi MexaHiamn KelwyeaHHA B Redis (TTL, LRU, LFU) Ta BUABWTHK iXHi 0BMEXEHHS Npu
pob6oTi 3i CKNagHUMK CTPYKTYpPaMKn faHuXx;
» BuzHaunTH cneymndiky HagMipHOro BUOaneHHA Ta HaKONMYEHHA 3acTapinMx eNemMeHTIiB y BUNaaky
3aCTOCYBaHHA KNAacUYHUX CTpaTerii
* Po3pobutK afanTyBHi METOAW YNPAaBNiHHSA KELLEM:
o Dynamic TTL — gnMHaMiyHe NpU3HaYeHHA TEPMIHIB XUTTH OKPEMUM efleMeHTaM;
o Hybrid Eviction — KomMbiHoBaHW anropuTM 3amiweHHa LRU + LFU i3 3BaxeH0o0 METPUKOLO.
« Peanisysatu npotoTtun Ha nnatdopmi .NET 3 BukopuctaHHAM StackExchange.Redis;
+ MpoBecTH ekcnepruMeHTanbHy OLIHKY afanTUBHWUX anropuTMIB Mig BUCOKUM HaBaHTaXEHHAM;

+ ChopmyBaTh pekoMeHaLil WOAO BNPOBaAXEHHA Ta HanawTyBaHHA HOBUX MeXxaHi3MiB.

o —
| —

Pucynok I'.4 — Apkymr «ITocranoBka 3aaa4i» (pUCyHOK BUKOHAHUM CaMOCTIHHO)
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MeToponoris

- MeToau pocnigxeHHsa

o TeopeTWUYHUI aHani3 KNnacMuyHMX MexaHiaMmiB KewwyBaHHA (TTL, LRU, LFU);

o MaTemaTnyHe MOoAentoBaHHA: dopmManisauin aganTueHoro TTL Ta MeTpuku eviction-score (S) 3

BaroByvMM KoedilieHTamMn 4N8 AaBHOCTI, 4acTOTK AOCTYNY Ta pPo3Mipy enemMeHTa;

o EMMipUYHWMA MeTO/: NPOEKTYBaHHA, peanisadis M3 Ta NpoBeeHHs eKCNepUMEHTY.
* MeTpHKM OLLiHKW /i NOPIBHAHHA

o PiBeHb NonagaHb i npomaxie kewy (Cache Hit Rate / Cache Miss Rate);

o KinbkicTe BUganeHs no nonitvui (Evictions);

o CepegHiin TTL enemeHTiB (Average TTL);

o CepefgHili yac sanucy/dyntanHHa (Average Write and Read Times);

o A BuKopucTaHHA nam’aTi (Memory Usage Delta);

o BukopwucTtanHa CPU npouecy (Process CPU Usage);

o A nam'aTi npouecy (Process Memory Delta).

[ ——
d h
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Pucynok I'.5 — Apkymr «Metoosoris» (pUCYHOK BUKOHAHUN CaMOCTIIHO)
« EKCNoOHEHLianbHa Moaens po3nagy NigKpecnoe HelWoAaBHi 3BepPHEHHS [0 AaHWX:
f :f)( e'kx(tc_t/)
d
« HopmoBaHa yacToTa gocTyny 3abesneyye NponopuiiHe MaclUTabyBaHHA:
- Ja
J,=min(—, 1)
fmax
* AganTmBHe obymcnernHa TTL BanaHcye Mix 30epeXXeHHAM AaHWX | BAKOPUCTaHHAM nam'aTi:
I'TL = [base + (Ynmx - lbase) & .f;q

— p—

Pucynok I'.6 — Apkym «AnantuBauid TTLy» (puCyHOK BUKOHAHUN CaMOCTIIHO)
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AfanTUBHUN anropuTM 3aMilleHHA Kewly

» HopmanisyBaTu yacToTy focCTyny, Ak 06roBoproBanocs paHille;
e HopmanisyBaTtu Bik gocTyny:

da :tc —t/ — a,,—min(a )

max

* Po3paxyHok 6aniB 3a BuganeHHs (S):

’nﬂl ax

m

S =w,X +wf><fn+wm><

a,+é

» Barosi koeoiuieHTV NOBUHHI gopiBHIOBaTK 1, W06 36anaHcyBaTu BMNIMB KOXHOIO NOKa3HMKa Ha 3arasnbHy
OLiHKY S:

W, T wetw, =1

Pucynok I'.7 — Apkyu1 «ATalTUBHUI aJITOPUTM 3aMIIIEHHS KEUTy» (PUCYHOK

BUKOHAHUN CaMOCTIIHO)

[lpoBefeHHA eKCMepuMeEHTY

» MpoToTHUN cepepoBULLa:
o Peanisauia Ha C# (.NET) 3 knieHToM StackExchange.Redis;
o KoHTtelHep Redis y Docker 3 o6mexeHHAM maxmemory Ta NoniTUKOK BUTICHEHHS.
* AnnapaTtHa nnaTt¢opma:
o Intel Core i7-12700H, 32 'k 03N, SSD;
» CUHTEeTUYHI AaHi:
o O6'ekTn ~3 KB vy BArNAZI NPOCTUX KNHOY-3HAYEHHS;
o Ha6opuwu Big 10 000 go 100 000 3anwucis.
* CueHapii HaBaHTaXXeHHA:
o “rapadi”’ Ta “xonogHi” KNoui;
> KoHCOonbHUIA gopaTok anA imiTyeaHHa poboTur Ta 36opy MeTpuUK;
o [loBTOprOBaHI iTepalii oN8 cTaTUCTUYHOT HAAIAHOCTI.
* 36ip MeTpuK;
* AHani3 pesynbTaris:
o MopiBHAHHA afanTUBHMX Ta KNaCUYHUX CTPaTEriiA 3a KIHYOBMMK NOKAa3HMKaMMU.
[ sl m—
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Pucynok I'.8 — Apky «IIpoBeieHHs eKCiepUMEHTY» (PUCYHOK BUKOHAHUIN

CaMOCTIHHO)
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Onuc nporpamMHoro 3abesnevyeHHs

* Mpouec po3pobku
o MpoToTunyBaHHA KNKOYOBUX KOMMNOHEHTIB, AK Adaptive Cache Client, Adaptive Cache Manager Ta Policy
Manager;
o MopgenoBaHHA apXiTeKTypu;
o Po3pobka KNHYOBUX KOMMOHEHTIB, AK PO3LWMPEHHA 3 BUKOPUCTaHHAM pO3pobneHnx nigxoais Ao icHyr Yol
6ibnioTeku;
o Po3pobka AofaTtky AN8 CUMYNALIT HABaHTaXEeHH:A Ta NPOBEAEHHSA EKCMEPUMEHTY;
o NMpoBegeHHA MOAYNbHOMO Ta IHTErpaLiiHOro TeCTYBaHHS;
o NpoBeneHHA ekcnepuMeHTy Ta 36ip MeTpuk.
+ Bubpani MoEM NporpamyeaHHsa Ta ppeliMBOpPKHN
o C# Ha nnatdopmi .NET;
o StackExchange.Redis 6ibnioTeka gna Blaemogii 3 Redis;
o Docker koHTelHep Redis gns npoBegeHHA EKCNEPVIMEHTY;

> XUnit ona npoBefeHHs MOLYNbHOMO Ta IHTerpauinHoro TecTyBaHHS.
— —
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Pucynok I'.9 — Apkym «Onuc nmporpaMHOro 3a0e3nedyeHHs» (PUCYHOK BUKOHAHUI

CaMOCTIHHO)

UML-pgiarpama akTUBHOCTI GOHOBOIO npoLecy
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Pucynok I'.10 — Apkym «UML-aiarpama akTUBHOCTI (POHOBOTO TIPoLieCy» (PUCYHOK

BUKOHAHUW CaMOCTIIHO)
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UML-giarpama akTUBHOCTI OCHOBHOIO MpoLecy

I 11

Pucynok I'.11 — Apkym «UML-zgiarpamMa akTHBHOCTI OCHOBHOTO TIPOLIECY» (PUCYHOK

BUKOHAHUW CaMOCTIIHO)

ApXiTeKTypa CUCTEMU

Client Application

3anum
[C sanwclactanosnena TTL)
Adapt Cache$:|
lient
Mpaui anuma
(umTanHs/sanuc/ecTakosnents TTL), BanuTh Ha saMiuenHs Kewty Hangunana Ta s6ip MeTpwK
36EPEKEHN T3 OTDHMEHHA METPHK
Adaptive Cache
Manager
BamileHHn keury
(eaikuis 5 Hapcunass a 36ip meTpuk
Redis Client £]
(StackExchange Redis) Matrics Collector
OwosneHa Ny IPaBIAN KeLIyBaHHA
Redis Protocol
A P
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Pucynox I'.12 — Apkym1 « ApXiTeKTypa cucTeMu» (pUCYHOK BUKOHAHHUM CAMOCTIHHO)
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PesynbTaTtn - Cache Hit and Miss Rates

Cache Hit Rate vs Dataset size Cache Miss Rate vs Dataset size
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Pucynok I'.13 — Apkym «Pe3ynsratu — Cache Hit and Miss Rates» (pucyHok
BUKOHAHUN CaMOCTIIHO)
Evictions vs Dataset size
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Pucynok I'.14 — Apkym «Pe3ynbraTtu — Evictions» (pUCyHOK BUKOHAHUN CAMOCTIHHO)
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PesynbTtatn - Average TTL

Average TTL vs Dataset size
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Pucynok I'.15 — Apkym «Pe3ynbratun — Average TTL» (pucyHOK BUKOHaHUM
CaMOCTIHHO)
PesynbTaTth - Average Write and Read Times
Average write time vs Dataset size Average read time vs Dataset size
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Pucynok I'.16 — Apkym «Pe3ynptatu — Average Write and Read Times» (pucynox

BUKOHAHUW CaMOCTIIHO)
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PesynbtaTtnn - A Memory Usage

A Memory usage vs Dataset size
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Pucynox I'.17 — Apkym «Pe3ynbratu — A Memory Usage» (pruCyHOK BUKOHAHH
CaMOCTIHHO)
Process CPU usage vs Dataset size
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Pucynok I'.18 — Apkym «Pe3ynbratn — Process CPU Usage» (prCYHOK BUKOHaHUM

CaMOCTIHHO)
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PesynbTaTtn - A Process Memory

A Process memory vs Dataset size
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Pucynok I'.19 — Apkym «Pe3ynbratu — A Process Memory» (pUCyHOK BUKOHAHUH

CaMOCTIHHO)

AHani3 oTpuMaHux pesynbTaTiB

+ CniecTaBneHHA 3 WiNAMKU JoCNigXXeHHA:
o MigTBepaxeHo obmexeHHa TTL, LRU, LFU Ha cknagHwx cTPyKTypax;
o Po3pobneHi aganTneHi MeTOAM BigNOBIAalOTE BUMOraM ANMHAMIYHMX HaBaHTaXeHb.
+ Kno4oBi BUCHOBKM:
o 3Ha4yHe CKOpPOYEeHHA Yucna BMaaneHb no nonitvui (evictions);
o lMigByweHa cTabinbHICTb Kewwy;
o 3pocTaHHAa Cache Hit Rate 3a paxyHok cTabinbHOCTI KeLly.
« I[HTepnpeTau,ifa pe3ynbTaTiB:
o Adaptive TTL nogoBXye XWUTTA 4acTo AOCTYMNHUX ENIEMEHTIB;
o [bpuaHe BUTICHEHHA Kpalle BanaHcyBano MixX BiKOM, 4acTOTOK W pO3MipoM.
« Bnnue Ha Teopilo Ta NPaKTUKY:
o NoKa3aHo HeOoBXiQHICTb THYYKWUX CTpaTerii KelyBaHHA ANA cyvyacHuX | T-HaBaHTaXeHb;
o PekomeHpgauii pna iHTerpauii Adaptive TTL i Hybrid Eviction y peanbHi npoaykTtun Redis;
o BigkpuTnin npocTip oA Nnoganbloro HanawTyBaHHA BaroBux KoedilieHTIB i pexxnmis poboTu.

P—
e —
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Pucynox I'.20 — Apkyi1 «AHaji3 OTpUMaHUX Pe3yJbTaTiB» (PUCYHOK BUKOHAHUI

CaMOCTIHHO)
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PeanizoBaHi NOKpaLLEeHHSA A8 poboTn 3i
CKNagHUMW CTPYKTYpamMu

e Po3pobneHo aganTUBHUIA NigXig A0 BCTaHOBNEHHS TTL, Wo BpaxoBye 0COHBANBOCTI BUKOPUCTAHHSA OKPEMUX
€NEeMEHTIB Y CKNafHUX CTPYKTypax;

* IMNNEMEHTOBAHO FiGPUAHNIA anroOpPUTM BUTICHEHHS, KU BUKOPUCTOBYE iHTErpoBaHy MeTpUKy npioputeTy (S)
ANna eGeKTUBHILLOro BUBOPY KaHANAATIB Ha BUAANEHHS;

» 3anpoBaf>XeHO MexaHi3aM po3buTTA BENUKMX 06'EKTIB Ha APibHiWi KOMNOHEHTM 3 okpemuM TTL gna KoxHoro,
LLLO [,03BOJIAE YHUKHYTU BTPATK BCiX €/IEMEHTIB K/lKoYa OAHOYACHO Ta 3abe3neyye rHyukile kepyBaHHS

KewemM.
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Pucynok I'.21 — Apkym «PeasnizoBaHi MokpaieHHs Jisl poOOTH 31 CKIaJHUMU

CTPYKTypamMu» (PUCYHOK BUKOHAHUIN CaMOCTIMHO)

[lybnikayisa pesynbTaTis

Awani3 anroputmis KewysanHa 8 Redis

K

Ilenenxot

Iiinpoxons

Pesynbtatn pob6otn 6ynm anpobosaHi Ha
HayKoBiln KOHbepeHLiT — «13-Ta MixHapogHa
HayKOBO-TeXHi4YHa KoHdepeHLia «IHbopMaLinHi
cuctemm Ta TexHonorii ICT-2024» 26 - 28
nuctonaga 2024 p», Xapkis, 2024

2. 06¢pyHTYBaHHA BUGOPY 33€0BI8 KewyBaHHA
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Pucynok I'.22 — Apkym «Ily6uikairist pe3yiabTaTiBy (pUCyHOK BUKOHAHUM CAaMOCTIHHO)
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[ly6nikauia pe3ynbTaTiB

Enhancing Redis Cache Efficiency Based on
Dynamic TTL and Adaptive Eviction Mechanism

PesynbraTtu pobotun 6ynu

anpoboBaHi Ha Mi>XXHapPOAHIN
KoHdepeHLiT — «9th Open
International Conference
"Electrical, Electronic and
Information Sciences” eStream
2025», Vilnius, Lithuania, 2025

TTL.LRU, s LFL
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Pucynok I'.23 — Apkym «Ily0umikairis pe3yiabTaTiBy (pUCyHOK BUKOHAHUM CAaMOCTIHHO)

BUCHOBKW

« AfanTUMBHe KellyBaHHA NepeBeplUye TPaguLiiiHi meTogu:
o MNokpalleHa 4YacToTa 3BepHEHb A0 Kely Ta NoKpaleHe BUKOPUCTaHHA nam'ATi;
o MigTpumye cTabinbHy NPOAYKTUBHICTL HaBiTb B yMOBax BUCOKOIO HaBaHTaXEeHHA.
« 36anaHcoBaHuii Nigxig:
o AgantmeHuin TTL poBlwe 36epirae gaHi, 40 AKMX 4acTO 3BEPTAOTLCA.
o lNbpuaHe BuceneHHs (NoegHaHHA LRU i LFU) edeKTUBHO ynpaBnse akTyanbHICTIO AaHWUX | BUTpaTamu
nam'sTi.
* Komnpomicu:
o [euwo Binblwe HaBaHTaX>eHHA Ha Npouecop i NaM'aATb Nig 4Yac 3anvcy;
o 3HayHe 3MeHLUEHHA 3aTPUMOK NPW YUTaHHI Ta Kpalle 36epeeHHs Kelly.
« NMoganewi HANPAMKYW JOCTIAXKEHb:
o Mopanbla onTuMizalis o64nCNroBanbHUX HaKNagHUX BUTPaT;
o [locnignT apanTueHI ribpugHi cTparerii B peanbHOMY 4aci;
o TouyHe HanawTyBaHHs Baroemx koediuieHTiB i napameTpie TTL gna KOHKPeTHUX Npodinie AoaaTKiB.

E=
| —
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Pucynok I'.24 — Apkyi «BUCHOBKM» (pPUCYHOK BUKOHAHUM CaMOCTIHHO)
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[1aKkyto 3a yBary!

=
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Pucynok I'.25 — Apkym «lskyto 3a yBary!» (pMCyHOK BUKOHAHUIH CaMOCTIIHO)
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JOIATOK [
AnpoOariist pe3yapTaTiB poO0oTH Ha KoHpepeHLii «13-ta MixkHapoaHa HAyKOBO-
TexHiuHa KoHpepenuisa «ndpopmariitai cucremu ta Texuoznorii ICT-2024» 26 - 28

nucronazaa 2024 p»

AHani3 anroputmis KewysaHHA B Redis

Marsiit Kyyanin!f, Mapis lllupokonernesal*f ta Osena llleByenko!’
1 Xapkiecokull HayionanbHuil yHieepcumem padioeaekmponiku, npocnexkm Hayxu, 14, Xapkis, 61166, Ykpaina

Abstract

Redis is a widely utilised database management system for various high-performance web applications,
analytical tools, and data processing systems. Data caching is one of the principal methods to enhance
the performance of such high-loaded systems. This paper analyses the existing approaches to cached
data in Redis, highlighting several common limitations associated with large and complex
data structures, such as hashes, sets, lists, etc. It also outlines different data access patterns and the
need to apply different caching strategies. The paper proposes the use of adaptive caching algorithms
that take into account the data access patterns in other parts of complex structures to implement these
strategies.

Knwuosi cioBa
AnroputMu KeutyBanHs, Redis, LRU, LFU, TTL

1. Bctyn

Y cyyacHoMmy cBiTi iHOpMaLiiiHUX TEXHOJIOTIH, Ae 06CArd JAaHUX MOCTIHHO 3POCTAIOTh,
3'ABIAIOTHCA HOBI BUKJMKH 11010 epeKTHBHOI 06po6ku Ta 36epiranHa inpopmauii. Besuki
06CArk JaHUX BUMAraloTh BiJi pO3PO6HUKIB MPOrpaMHHUX CHCTeM Ta 6a3 AaHUX 3a6e3neyeHHs
WBKHAKOrO Aoctyny Ao iHdopmauii, MiHiMi3awii 3aTpUMOK Ta ONTHMaJbHE BHKOPUCTAHHSA
pecypcis.

O/HMM 3 KJII0OUOBHX METO/iB ONTHMI3allii po60TH iHPOPMALIHHUX CUCTEM € KellyBaHHS, iKe
JI03BOJISIE 3HU3UTH HABAaHTAXKEHHA Ha OCHOBHY 6a3y JIaHUX, TPUCKOPUTH 06PO6GKY 3anuTiB Ta
3MEHIIMTH Yac BiiryKy cucTeMH. 3aBJAKH LIbOMY JaHMH MiJXi/l INMPOKO BUKOPUCTOBYEThCS Y
BHCOKOHABaHTa)XKeHUX Be6-J04aTKaxX, CHCTeMaxX aHaMiTHKM Ta 06pO6KH JaHMX, i y 6araTbox
iHILIMX rasy3sx, a AJs 3a6e3neyeHHst KelyBaHHA IMPOKO BUKOPUCTOBYETbCs Redis [1].

MeTo10 pO6OTH € JOCIiKEHHSI MeXaHi3MiB ynpaBiiHHs KelloBaHUMH JaHuMu y Redis, 10
BIUIMBAIOTh HAa epEeKTHBHICTb BUKOPHCTAHHSA MaM'ATi Ta WBHAKOAIK CHCTEMH.

2. O6rpyHTyBaHHA BMbOPY 3aco6iB KelwyBaHHA

Ananizyloun cyyacHi Ta nmonmysaapHi in-memory 6asu AaHuX, 10 3a6e3neyylTb WBUAKHH
JAOCTYN A0 AAQHUX Ta CTabijbHY po60TYy CHUCTeM Mij| 3HAYHMUM HABaHTaXeHHsaM [2], ans
pocaipkenHs 6ys0 o6paHo Redis sik OCHOBHMH IHCTPYMeHT /st KeuyBaHHsl. Lle 3ymoBsieHo
HOro BUCOKOIO IIBU/IKO/IEI0 Ta BAKOPUCTAHHAM ONlepaTUBHOI NamM’aATi A 36epiraHHs JaHux,
110 3a6e3nevye MiHiMaJbHY 3aTPUMKY NpH 06po61i 3anuTiB. Redis € iieanbHuUM pilieHHAM Ans
3aCTOCYHKIB i3 KPUTHYHHMH BHMMOraMM J0 WBHAKOCTI 06po6ku iHdopmauii [3]. OaHak,
He3BaXKalo4M Ha BCi epeBary, ynpapaiHHA CKJIaJHUMH CTPYKTYpaMu AaHux y Redis nos’a3ane

Information Systems and Technologies (IST-2024), N ber 26-28, 2024, Kharkiv, Ukraine
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3 HU3KOW TpyAHOILIB [4]. [I[po6ieMu BUHHKAKOTE Nij, 4ac po6OTH 3 TAKMMU CTPYKTYPaMH, AK
Xelli, MHOXXHHH | CIIMCKH, Jie OKpeMi eJleMeHTH Bipi3HAKTLCA 33 BAXK/IMBICTIO Ta 4acTOTOMO
BUKOPHCTAHHS. Y TaKUX BUIIA/IKaxX HaZiMipHe BU/a/IeHHs BCe llje KOPHUCHUX AaHHX 260, HABNaKHY,
36epiraHHs CTapHUX eJIeMEeHTIiB, fAKi CHO0XHBAaIOTL pecypcHd aM'ATi, MoXe HeraTHBHO
[IO3HAYHUTHCA HA MNPOAYKTHBHOCTI cHCTeMH. lle NpH3BOAHMTL [0 3HMKEHHS 3arajbHol
IPOAYKTHBHOCTI 4Yepe3 Heo6GXiAHICTbL BiATBOpIOBAaTH ab0 3aBaHTaXyBaTH JaHi MOBTOPHO.
BopHouac 36epiranHs 3actapisioi iHpopMauil npu3BoAHTb A0 HEPALiOHAJIbHOT'O BAKOPUCTAHHA
nam'ATi Ta 3HWKYE eeKTUBHICTb KellyBaHHS.

OCHOBHOIO MpP0O6/IeMOI0 B KOHTEKCTI CKIAQJHUX CTPYKTYP JAHHUX € BiACYTHICTb THYYKHX
MexaHi3MiB ynpaB/iHHA Ha piBHI OKpPeMHX eJIeMEHTIB ycepefUHi LIUX CTPYKTYyp. Lle o6Mexye
MOJIMBICTb onTHMI3alil po60TH HaJ BENHKUMH 00'€KTaMH, sIKi MOXKYTb MICTUTH K piJiKa
BHKOPHUCTOBYBaHi, Tak i 4acTo 3aIUTyBaHi eJIeMEHTH.

3. AHani3 icHylouMx nigxoais Ao ynpasniHHA paHumm B Redis

Y cy4acHMX cHCTeMax YNpaBJiHHA KeLIOBaHMMH JAHUMH KJIKWOYOBY pOJb BiJirpamTb
QITOPUTMHU BUJIaJIEHHS Ta OHOBJIEHHA AaHuX. Redis, Ak ofiHa 3 HaHMOMy/NAPHILIMX CUCTEM
KellyBaHHS, peasi3ye [ieKijibKa niaxoAiB aaa ynpasiaiHHa ganumu: TTL, LRU Ta LFU. OaHak,
KOXeH i3 LIMX MeTOJiB Ma€ CBOI OOMeKeHHS NMpH PO6OTI 3i CKJaJHUMM CTPYKTypaMHu, IO
BIJIMBAE HA ePeKTUBHICThb Ta NPOAYKTHBHICTL CHCTEMH.

TTL € cTanZapTHUM MeXaHi3MOM KepyBaHHs TepMiHOM KUTTA AaHuxX y Redis [5]. Bin
JI03BOJISIE IPU3HAYATH NMEBHUIN TEPMIH iCHYBaHHSA KOXXHOMY KJIIOUY, Mic/s 3aKiHYeHHs AKOro
JlaHi aBTOMATHYHO BUJIANAKThCA 3 Keluy. lle 3a6e3neyye KOHTPOJIb HaJ, CBIXKICTHO JJaHUX Ta
aBTOMaTH4YHE O4YMILeHHHA Keuly Bij 3actapisinux 3anucis. [IpoTe, y BUNafKy BEJTHKHX CTPYKTYP
TTL 3acTocoBYeTbCA /10 BChOTo 06'ekTa. lle 03Hayae, W0 mic/s 3aBeplIeHHA TePMiHY XUTTS
BUJAJISETBCA BCA CTPYKTYPA, HaBiTh AKIL0 YaCTHHA eJIEMEeHTIB yce 1lje aKTya/lbHa. B pe3yabTaTi
BHHUKAE MNpobGJieMa HaJMIpHOTO BHJAJEHHS KOPHCHMX JaHUX. BiacyTHicTe rHy4koro
ynpaBaiHHa TTL Ha piBHI OKpeMHX eJIeMeHTIB Y BEeJIUKHX CTPYKTYpPax 00MeKYE MOMKJIUBOCTI
afanTarii CMCTeMH /10 Pi3HHX PiBHIB BXKJIMBOCTI Ta YaCTOTH BUKOPHCTAHHSA JaHUX.

Anroputm LRU Bujanse HallaBHille BUKOPUCTAHI eJIeMEHTH, 106 3BiJIBHUTH Micle mif
HOBi faHi [6]. Lle no3BoJisI€ 36epiraTy y Kellli HalYyacTillle BAKOPUCTOBYBAHI eleMeHTH. OHaK,
pu po6oTi 3i cCKAaJHUMHU CTPYKTYpaMu Redis He 3aBk/AM KOPEKTHO BU3HAYAE, AKi €1leMEHTH
IOTPiOHO BUAANATHU. Y BUNIAIKAX, KOJIH JesIKi eIeMeHTH Y CTPYKTYPi BUKOPUCTOBYIOTLCS PiAKo,
aJjie 3a/IMIIAThCA BaxauBUMHY, LRU Moxe BUAANUTH iX, 110 TPU3BOAUTD 10 BTPATH KPUTHYHO
BOXK/IUBUX JaHMX [ 3HIDKEHHA e(QeKTHBHOCTI KellyBaHHA. BiacyTHicTb po3MmexxyBaHHSA
BROK/IUBOCTI eJleMeHTIB Y BeJIUKHX CTPYKTYPAX POOGUTH Liel alropuTM MeHII epeKTUBHUM JJis
CKJIQIHUX BUIA/KiB.

LFU opieHTYETbCS HAa 4aCTOTY BUKOPUCTAHHA JAHUX i BUAAJISE HAUMEHII YacTOo 3aUTYBaHi
esieMeHTH [6]. Bin 6inbuwr edeKTUBHUH Ans clieHapiiB, Je 4YacTOTa BUKOPHUCTAHHS €
BXK/IUBIIIUM KpUTepieM, Hix yac octaHHbOro Aoctyny. [IpoTe LFU Takox Mae cBoi 06MexeHHs
IIpY po6OTi 3i CKJIAAHUMU CTPYKTYpPaMH, TOMY 1110 BiH He Bpax0OBYe€ 3B'I3KH MiX eJleMeHTaMu y
CTPYKTYpax, 10 MOXKe IPU3BOAUTH 10 BU/AJEHHS BRXJIMBHX JJAHUX, AKII0 BOHH 3aMHTYThCH
HeyacTo, ajle € KpUTHYHHUMHU 14 nporpaMu. KpiM Toro, Lei airopuTM noTpe6ye 40AATKOBUX
pecypciB /s BiACTeKeHHA 4aCTOTH BUKOPHCTAHHA, 110 YCKJIAJHIOE HOTO0 peastizallilo Ta 3HHKYE
MIPOAYKTHUBHICTb NPH BUCOKHX HAaBAHTAXKEHHSIX.

[cHy1ou4i mifixoau ynpaeninas keweM y Redis MaloThb KijsibKa CHijibHUX 0OMeXKeHb, 30KpeMa:

e HeedeKTHUBHe BUKODHCTaHHA mam’'aATi npu 3actocyBaHHi TTL [0 BeJHKHX CTPYKTYp
AaHUX. Bech 06’€EKT BUJANSIETBCA NicaAA 3aKiHYEHHS TEPMIHY »KUTTHA, He3aJ€XHO Bif
AKTUBHOCTi OKPEMUX €JIEMEHTIB, 1[0 MPU3BOJAUTH /0 MEPEBUTPATH ONepaTUBHOI mamM’sTi
Ta HeOOXiZJHOCTi MOBTOPHOI'0 CTBOPEHHS KEIOBAHUX IaHHUX;
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®  Bi[ICYTHICTb MOXJHBOCTI rHy4koro ynpagjiHda TTL Ha piBHI oKpeMHX e/ieMEHTIB y
BEJIMKHX CTPYKTYPAX, 1110 00MEXKYE aflali TUBHICTb CUCTEMH /10 Pi3HUX PiBHIB BaXX/IUBOCTI
Ta YaCTOTH BUKOPUCTAaHHsA JaHux. lle He [J03BOJIAE KOPEKTHO BHJANATH 3acTapiii
€JIEMEHTH 3 BeJIMKHX CTPYKTYD, AKi MOXKYTb MaTH pPi3HY BaXJIHUBICTh;

® DiAKO BUKOPHMCTOBYBaHi €JleMEHTH y BEJHKHX CTPYKTYpax NpOAOBXKYHTb 3alWMaTH
naM'siTb HABITh NiC/IA TOTO, SIK IX BAKOPUCTAHHS CTA€ HEAKTYaJIbHUM.

B rabanuui 1 HaBefeHO pe3yabTaTH NopiBHAHHA anroputMis LRU ta LFU.

Ta6unsa 5
[lopiensnbHaA Tabnug anroputmis LRU Ta LFU

[TapameTp LRU LFU

Kpurepiit Yac ocTaHHLOTO AOCTYNY A0 K/IK04a YacroTta gocTyny A0 Kaw4a
BU/IaJIEHHSA

[lepeBaru [TpocToTa peanizauii 36epirae HalinonyaAspHilli K1w0Yi
Hepmoniku Moxe BUJJa/IATH 4acTO [ToBinbHa aganTanis g0 3MiH y
BHKOPHCTOBYBaHi, ajle Hell0jaBHO HONyIAPHOCTI
HEAKTHBHI K04l
[ligxoauTe A4 JuHaMi4YHHUX MaTepHiB JOCTYIY CTabisibHUX MaTepHiB AOCTYNY

JlaHi xapaKTepHCTHKY BKa3ylOTb Ha Te, 1110 BUGip Mixk LFU ta LRU 3aneUTh Biji KOHKpeTHOI
CHCTeMH Ta BUMOT A0 KewyBaHHA. LRU € 6inbm epeKTUBHMM y CHCTeMax 3 JAMHaMiYHUMH
naTepHaMH JOCTYIY, e aKTYaJbHICTb JAHHUX 3MiHWETbCA WBHAKO. LFU, HaBnaky, migXoqUTb
[JIsl CUCTeM 3i CTabi/JIbHOKW MONYJSPHICTIO AAHHX, A€ MeBHI KJH4i NOCTIHHO KOPHCTYIOThCSA
nonuToM. PisHi naTepHu AOCTyIy 40 JaHKUX MOXYTb BILIMBATH Ha epeKTHBHICTb KOKHOT0 3 LIUX
QJITOPUTMIB, TOMY BHGIp aJropuMTMy ynpaBJiHHA KelleM NOBHHeH 6asyBaTHCAl Ha aHaJisi
[IOBeIHKH KOPHCTYBA4iB Ta XapaKTepy AAaHUX Y CUCTEMi.

3arasoM, BUKOPUCTAHHSl CTAaHJAPTHHX MeXaHi3MiB ympaBJliHHs KelleM NpH poO6OTi 3i
CKJIAAHUMH CTPYKTYPaMH JaHHX MOKe [IPU3BECTH JI0 HAaCTYIIHUX HEraTUBHHUX HACJIAKIB:

e crapi Ta HeakTyaJbHi AaHi MOXYTb 3a/IMIIATHCS B IaM sTi Ta 3aiiMaTH Miclle, IKe MOTJIO
6 6yTH BUKOpHCTaHe AJid 36epiraHHs akTyaabHOI iHpopMmauii;

e YacTe BUJAJEHHA Ta [MOBTOPHE CTBOPEHHA BeJHKHUX CTPYKTYP JaHHMX 36iabliye
HaBaHTaXKEHHsS Ha CHCTEMY Ta NPU3BOAMUTD A0 36i/IbIIeHHS Yacy BiNOBiAj;

® BHJIAJIEHHA AKTYQJIbHHUX JAHHUX 4Yepe3 HeJOCKOHAJICTb IOJITHK BHTICHEHHA MOXKe
MPH3BECTH /0 HEKOHCUCTEHTHOCTI JaHUX Ta HEraTHBHO BIVIMHYTH Ha KOPUCTYBaLlbKHH
JlOCBif.

[Ipn 3pocTaHHi 06CAriB JaHUX Ta KIABKOCTI KOpUCTyBayiB 06MexXeHHs MaM'ATI Ta
HeJIOCTAaTHsA THYYKICTb MOJIITHK BUTICHEHHs CTalOTh Oi/bIIl MOMITHHMHY, 1[0 MOXe 0OMEXHTH
MOXJIMBOCTI CHCTEM.

OfHMM i3 NepcneKTUBHHMX HaNpsIMKIB € po3pobka AMHaMiyHux MexaHismiB TTL, sAki
[03BOJIAATb KOHTPOJIKOBATH YaC XKUTTH AAHHX Ha PIBHI OKPEMHUX eJIEMEHTIB CKJIaJHUX CTPYKTYD,
BPaxOBYH4H IXHI0 aKTHBHICTb T BaKJIUBICTb.

Kpim Toro, cyyacHi goc.igxeHHsl OPiEHTYIOTBCS HA CTBOPEHHSA a/JrOPUTMIB, 1110 OEAHYIOTh
moxuiuBocTi LRU Ta LFU, ane maroTh nmokpaumeHy HYYKIiCTb i 3/aTHICTb afanTyBaTHCA [0
3MiHHHUX YMOB po60TH cucTeMu [7]. Taku# nigxiA /03BoJiIf€ Kpalle ynpaB/isATH NaM'sATTHO,
30epiralody 4acToO 3aMUTyBaHi JaHi Ta CBOEYAaCHO BHJAAJSIOYM PiKO BHKODPHUCTOBYBaHi
eJIeMEeHTH, 3HHXKYIOUH 3arajibHy 3aTPUMKY AOCTYIY 0 KEIIOBAHHX JAHHX.
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[lepcneKTHBH PO3BUTKY NOJAraldTb Yy BMNPOBA/PKEHHI KOMOGIHOBAaHHX aJTOPUTMIB, fAKi
ABTOMATH4YHO NiJJalITOBYOTHCA M/l NOTOYHE HABAHTAXKEHHSA Ta 06¢AT KelloBaHoi iHpopMarii
[8]. Mopanbina iHTerpania TakHx afanTUBHUX aJTOPHTMIB ¥ Kelllyiodi cucTeMH, 30kpeMa Redis,
JI03BOIMThL edeKTHBHIille BUpillyBaTH MNpPo6GJEMH MaclITabyBaHHA KellOBaHUX [JAaHUX,
NiABUIIYBATH NPOJAYKTUBHICTH Ta 3a6e3neyyBaTH BHCOKY IIBUAKICTb JOCTYNMY J0 JaHUX Y
CHMCTeMax i3 BACOKHM HaBaHTA*KEHHAM.

OfHMM i3 BaXXJIMBHX HANpPAMKIB y CydacHMX JOC/HiPKeHHAX € aJanTHBHI aJrOPHTMH
KelllyBaHHs, AKi 3/1aTHI MPUCTOCOBYBATUCA A0 JHHAMIYHHUX NATEPHIB JOCTYNY A0 JaHHX.

4. BUCHOBKM

HefockoHanicTe CTaHAAPTHUX MiAXOJIB TaKOX MPOSABAAETLCA Y HEMOXJIUBOCTI TOHKOrO
HaJJALITYBaHHA MiJi KOHKpeTHI nmoTpebu AojarTkiB. CTaHAAPTHI MOJNITHKM BUTICHEHHS He
BPax0BYITb 0COOJIUBOCTI AOCTYNY A0 AAaHHUX Y PI3HUX YaCTHHAX CKJAAJHUX CTPYKTYP. Lle Mmoxe
06MeXHTH ePEeKTHUBHICTb KeUIYBaHHA Ta NPU3BECTH A0 HepalioHaJlbHOTO BHKOPHUCTAHHS
pecypcis.

Takum ynHoM, cTanfaptHi nigxoau TTL, LRU ta LFU mawTb cyTTEBI He10/1iKK TpH po6oTi 3i
CKJAQJHHUMH CTPYKTYpaMH JaHHUX y BHCOKONPOAYKTHUBHUX cucTeMax. [ MOAOJAaHHA LUX
npo6eM Heo6XiAHO pO3pOBHTH 6i/bIl THYYKI Ta aAanTHUBHI MeXaHi3MH ynpaBJ/liHHA KelleM, AKi
BPaxoByIOTb CHeUH}iKy CKIaJHHX CTPYKTYp JaHHX Ta XapakTep JAOCTYNy [0 HHUX,
3abe3ne4yoyy epeKTHBHE BHKOPUCTAHHA PeCcypCiB Ta BUCOKY NPOAYKTHBHICTb CUCTEMH, 1110 €
HanpsiIMKOM NOAAJBbUINX AOCAiKEHb.
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Abstract—Common caching strategies used in Redis are often
inefficient when dealing with complex data structures, leading to
inefficient memory usage and degraded system performance. This
work presents the idea of decomposing complex data structures
into simpler sub-elements and a custom caching strategy is applied
to each of them. This custom caching strategy is based on dynamic
Time-To-Live (TTL) determination and an assessment of real-
time access patterns to more accurately balance data retention and
eviction. It determines the need for eviction based on the
combination of the weight of each key along with the advantages
of the Least Recently Used (LRU) and Least Frequently Used
(LFU) algorithms. Developed using C# on the .NET platform with
the StackExchange.Redis library, the proposed solution aims to
improve cache hit rates and reduce memory overhead in high-load
scenarios. The results of the experiment confirm the promising
nature of the proposed approach.

Keywords—caching algorithms, Redis, TTL, LRU, LFU

I.  INTRODUCTION

Modern IT systems require efficient data processing and
storage [1]. Caching — widely used in high-load applications
reduces the load on primary databases and speeds up query
processing [2]. Redis is a popular caching tool due to its high
performance and minimal latency [3].

However, managing complex data structures in Redis is
challenging because individual elements vary in importance and
usage frequency [4]. These challenges lead to premature
deletion of important data or retention of outdated items,
degrading performance, and wasting memory. This imbalance
degrades overall system performance and wastes memory.

Addressing these challenges [5], [6], this research focuses on
improving cache management in Redis by developing adaptive
caching algorithms that dynamically adjust to data access
patterns. The proposed approach based on adaptive lifetime
management and enhanced replacement strategies aims to
optimize memory usage and maintain stable performance even
under high load.

II. ANALYSIS OF THE PROBLEM

Literature confirms that efficient cache management is
critical for real-time systems using Redis [7]. Traditional
mechanisms — TTL, LRU, and LFU - face significant challenges
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with complex data structures [8]. For example, applying TTL at
the object level leads to the deletion of all elements regardless
of their individual relevance, while LRU and LFU do not adapt
to fluctuating data popularity. Although adaptive and hybrid
approaches have been explored [9], [10], [11], they do not fully
address element-level lifecycle management under dynamic
loads.

The proposed approach introduces adaptive cache
management that dynamically adjusts TTL for individual
elements and employs a hybrid replacement algorithm
combining LRU and LFU strengths. This optimizes memory
usage, reduces cache misses, and improves overall performance.

The objective of this article is to develop and experimentally
evaluate improved cache management methods for Redis viz.:

e analyze current cache management methods and identify
their limitations;

¢ propose a dynamic TTL determination and an adaptive
replacement algorithm;

e implement and evaluate the solution in real-world
scenarios;

* compare the results with traditional approaches.

Adaptive algorithms have already proven their effectiveness
in areas such as data compression, computational process
optimization, and pattern recognition [12], where the flexibility
of the algorithms can significantly improve performance due to
their ability to adapt to changing conditions and adjust their
behavior. The expected outcome for this research is improved
memory utilization and more efficient cache management,
contributing to the stable operation of Redis in high-load
environments and offering valuable insights for developers and
researchers [13].

III.  ADAPTIVE DATA LIFETIME MANAGEMENT

Traditional Redis TTL is static [5], which may lead to
premature deletion of important data or retention of rarely used
keys. The adaptive TTL approach dynamically determines each
element’s lifetime based on its access frequency.
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To overcome this limitation [14], the research introduces
exponential decay to weigh recent accesses more heavily.
Exponential decay considers the elapsed time since the last
access, reducing the influence of older accesses and focusing on
recent activity, as:

fy=fxetrtenn (m

where f;is the number of times the key is accessed, taking into
account exponential decay;

fis the number of accesses to the key during its lifetime in
the cache; e is the base of the natural logarithm (= 2.718);

A is the decay coefficient, which determines the rate of
decrease in the “weight™ of old accesses (i = 0):

t.is the current time (seconds);
t;is the time of the last access to the key (seconds).

The decay coefficient & determines how quickly old
references lose their influence. Higher values of & contribute to
faster “aging”, while lower values ensure that the key remains
popular for a longer period of time.

After computing £; the value is normalized to a 0 — 1 scale
to stabilize calculations and enable consistent comparisons
across keys. In this scale, 0 corresponds to minimal (or no)
accesses, and 1 corresponds to the maximum access count
observed. This normalization permits proportional scaling of a
key’s TTL based on its relative popularity:

[ =min(Z-, 1) @
where £; is the normalized number of accesses to the key (0 < £;
<1)

fmax is the maximum number of accesses among the keys.

Equation (3) describes the mechanism for calculating the
adaptive key lifetime (TTL), which determines how long a key
is stored in memory depending on its popularity. This approach
uses two main parameters: the basic guaranteed lifetime Thase
and the maximum lifetime T The basic lifetime Thase should
be chosen considering the type of data and the frequency of
access to it. In systems with high data dynamics, 7h.s. can be
lower to ensure that memory is freed quickly. In contrast, in
systems with long-lived data, Thas should be set higher to avoid
premature key deletion. The maximum lifetime 7., provides an
upper limit for popular keys, but it should also be balanced to
avoid excessive memory usage by the most popular data [15].
For example, too high a value of 7}, may result in storing keys
that are no longer relevant.

The key lifetime is calculated proportionally between these
limits. With this approach, popular keys get more storage time,
while less popular keys are deleted faster.

TTL = Thfn‘.\ﬁ’ + (7—‘”"(.\' - T‘l‘?tnﬂ\'(’) * 'fj‘] (3)
where TTL is the total adaptive key lifetime (seconds);
Thase is the basic guaranteed key lifetime (seconds);

Tax is the maximum basic lifetime (seconds).

The proposed mechanism allows to dynamically adapt TTL
for each key, which reduces the memory load, improves system
performance, and ensures that the current data is stored in the
cache.

IV. ADAPTIVE EVICTION MECHANISM

The next proposed improvement is the adaptive cache
replacement algorithm, which combines the advantages of the
LRU and LFU algorithm concepts to efficiently manage cache
data [16]. It takes into account three main parameters: the age of
access, the number of accesses, and the amount of memory
occupied by the key. This allows you to adapt the cache behavior
to real-world conditions, ensuring a balance between
performance and resource efficiency.

Key metrics are normalized and integrated into formulas to
ensure flexible, multicriteria cache management.

The first step is the normalization of the main metrics: the
age of access (&) and the number of requests (f). Normalization
scales these metrics to a common range, ensuring balanced
multicriteria analysis. The normalization of the number of
requests () has already been discussed in the previous
section (2). In the same section, the normalization of access
aging (a) will be considered.

Access aging (a) is defined as the difference between the
current time and the time of the last access to the key.
a=t —t (4)
where a is the age of access to the key (seconds).

The a quantifies the elapsed time since the last access, with
lower values indicating recent usage and higher values reflecting
extended inactivity

Since the value of a may vary widely with system activity
and data volume, it is normalized to a 0 — 1 scale:

) (5)

a

a, = min(-

Apax
where a, is the normalized key access age (0 < a,< 1);
amax 1S the maximum access age among keys (seconds).

Values closer to 1 indicate that a key has not been accessed
for a longer period, thereby assigning it a higher deletion
priority.

The next step is to calculate a combined deletion metric (5)
that integrates three key parameters: normalized access age,
normalized access frequency, and the memory occupied by the
key. This metric enables a multicriteria analysis for cache
eviction, balancing data retention with efficient memory
utilization.

! . m
S=wx— twpx fohw, x == (6)
ayte m

where S'is the deletion score;
w, is the weight of access age (0 < w, < 1);
wris the weight of access frequency (0 < wr < 1);
W is the weight of memory (0 < wy < 1);

m is the amount of memory used by the key (bytes);
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Mmax is the maximum amount of memory among all keys
(bytes);

£ is a small value that prevents division by values in the
vicinity of 0.

The inverted normalized access age prioritizes keys that
have not been accessed recently, f, contributes in direct
proportion to access frequency, and the memory ratio
(maximum memory divided by the key's memory) assigns a
higher deletion priority to keys consuming more memory. The
equation (6) ensures that keys with older accesses and higher
memory usage are more likely to be evicted, while frequently
accessed keys are retained.

Weighting factors must sum to 1, as in (7), to balance each
metric's influence on the overall S score. Without this constraint,
one metric may disproportionately affect the outcome.

w, twptw, =1 (7

The values of w,, ws and wy, are set according to system
priorities. For instance, if data relevance is most important, a
higher w; is used; if popularity is key, wris increased. These
coefficients should be determined experimentally — for example,
w, = 0.2, wr= 0.7, wy = 0.1 for high request frequency but low
relevance, or w, = 0.6, wr= 0.3, wy = 0.1 when data freshness is
critical.

The S metric balances memory efficiency and data
preservation by integrating access age, frequency, and object
size, evicting only those items with the lowest scores to maintain
optimal cache performance under varying conditions.

V. BASIC EXPERIMENT PLANNING AND DESIGN

As part of this research, a utility was developed aimed at
improving the efficiency of cached data management in Redis.
The main goal of the development is to implement dynamic data
lifetime management (TTL) and adaptive cache optimization
based on the LRU and LFU algorithms. This approach allows
not only to optimize memory usage, but also to maintain stable
system performance even under high loads. To achieve these
goals, the software was implemented on the NET platform
using the C#  programming language and the
StackExchange.Redis library, which provides convenient
integration with Redis.

A. Experimental Environment

To conduct the experiment, a test environment was created
that is as close as possible to the real-world conditions of Redis
under high load. The environment is deployed in Docker on a
device with an Intel Core i7-12700H, 32 GB of RAM, and an
SSD, and the software is developed in .NET (C#) using
StackExchange.Redis. The settings include maxmemory and
replacement policies (allkeys-lru, allkeys-1fu, allkeys-random,
noeviction).

The input data was synthetically generated objects (~3 KB)
with Id, Name, Timestamp, and Payload fields (~3000
characters) with TTL from 60 to 120 seconds. Keys were created
cyclically, and data was divided into “hot” (20% of keys, 80%
of requests) and “cold”, with a variation of the ratio 80:20 and
50:50 to model different load scenarios.

Each test was performed three times with the results
averaged with the calculation of the standard deviation to
increase reliability. Six levels of the dataset were considered:
10,000, 20,000, 30,000, 50,000, 80,000, and 100,000 records,
which allowed us to identify patterns of changes in caching
performance. Comprehensive metrics were collected: Cache
Hit/Miss Rate, operation time, average TTL, number of
evictions, as well as data on memory usage via INFO
memory/MEMORY USAGE, CPU, and RAM utilization.

B. Cache Hit and Miss Rates

Fig. 1 and Fig. 2 show the dependences of experimentally
measured Cache Hit and Miss Rates, respectively.

Cache Hit Rate vs Dataset size
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Fig. 1. Charts of cache hit rate vs. dataset size

Cache Miss Rate vs Dataset size
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Fig. 2. Charts of cache miss rate vs. dataset size

At 10,000 records, the Cache Hit Rate is high for all
strategies (Adaptive — 90.36%, LRU — 90.80%, LFU — 91.25%,
Random Eviction — 90.61%) with a low standard deviation (2.03
- 3.75%), indicating stable caching of small amounts of data. At
20,000 records, Adaptive’s performance increases to 90.71%,
LFU's to 93.06%, and LRU and Random Eviction show slight
fluctuations (89.93% and 92.22%, respectively), with the
standard deviation for Adaptive dropping to 1.38%. At 30,000
records, Adaptive remains stable (90.78%), LFU reaches
93.88%, Random Eviction reaches 93.11%, and LRU falls
behind to 89.58%, with a very small standard deviation (=0.27
- 0.28%) for Adaptive. At 50,000 records, all algorithms face a
decrease in Hit Rate (Adaptive — 88.82%, LRU — 86.49%, LFU
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— 89.919%, Random Eviction — 88.59%) with an increase in
variability. For 80,000 records, the indicators fall even further
(Adaptive — 82.75%, LFU — 82.09%, Random Eviction —
81.71%, LRU — 78.52%) with a standard deviation of 3.69 —
4.24%, and at 100,000 records, the Hit Rate is the lowest
(Adaptive — 73.59%, LRU — 72.06%, LFU — 73.86%, Random
Eviction — 74.42%) with a deviation of 4.46-5.03%.

C. Evictions

At 10,000 records, the number of evictions is almost the
same (Adaptive — 2261, LRU — 2452, LFU — 2403, Random
Eviction — 2455), but the variability of Adaptive is the lowest
(=28.88). At 20,000 records, the evisceration rates increase
(Adaptive — 4211, LRU - 4458, Random Eviction — 4003), and
the variability of Adaptive (=285.00) is similar to Random
Eviction, while LFU has slightly less (=250.99). At 30,000
records, Adaptive shows 6209 evictions with minimal
variability (~168.54), while LRU shows 6399, LFU shows 5113,
and Random Eviction shows 5344, but with more irregularity
(=420.69 and 346.68). At 50,000 records, the performance
increases (Adaptive — 8248, LRU -9754, LFU — 7803, Random
Eviction — 8076), with Adaptive remaining stable (variability
=402.24). At 80,000 records, Adaptive has 10979 evictions
(variability =283.45), almost on par with LFU (10944) and
Random Eviction (11195), while LRU is significantly higher
(13803). Finally, at 100,000 records, Adaptive is 12697, LFU is
12776, Random Eviction is 13165, and LRU is 16548, with
Adaptive's variability (=348.33) remaining high but lower than
LRU (=310.77) and LFU (=325.76) (Fig. 3).

Evictions vs Dataset size
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Fig. 3. Charts of evictions vs. dataset size

D. Average TTL

On a set of 10,000 records, Adaptive demonstrates the
highest average TTL of 82.26 s (standard deviation =0.87 s),
outperforming LRU (56.53 s, =1.57 s), LFU (54.01 s, =0.35 s),
and Random Eviction (55.54 s, =0.39 s). At 20,000 records,
Adaptive slightly increases to 85.08 s (=2.54 s), while the other
strategies fall (LRU — 55.50 s, LFU - 49.78 s, Random Eviction
— 51.15 s). For 30,000 records, Adaptive remains at 85.04 s
(=2.52 s), outperforming LRU (53.15 s), LFU (46.64 s), and
Random Eviction (47.83 s). At 50,000 writes, Adaptive
maintains 85.36 seconds (=0.57 seconds), compared to LRU's
49.31 seconds, LFU's 43.40 seconds, and Random Eviction's
44.29 seconds. At 80,000 records, Adaptive is 84.29 s (=0.36 s)
compared to LRU 51.76 s, LFU 46.36 s, and Random Eviction
46.85 s. Finally, at 100,000 records, Adaptive remains

competitive at 84.75 s (=0.55 s), while LRU is 55.58 s, LFU is
51.87 s, and Random Eviction is 51.72 s (Fig. 4).

Average TTL vs Dataset size
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Fig. 4. Charts of average TTL vs. dataset size

E. Average Write and Read Times

Dependences of the average Write and Read times on dataset
sizes are shown in Fig.5 and Fig. 6. respectively.

Average write time vs Dataset size
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Fig. 5. Charts of average write time vs. dataset size

Average read time vs Dataset size
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Fig. 6. Charts of average read time vs, dataset size

On a 10,000-entry set, Adaptive has a write time of 6.835
ms/key and a read time of 5.408 ms/key — significantly higher
than LRU (0.452/0.436 ms), LFU (0.455/0.459 ms), and
Random Eviction (0.475/0.458 ms). At 20,000-30,000 writes,
Adaptive’s write time remains around 7 ms/key, and read time
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drops to 1,550 ms/key, while traditional algorithms are stable
(=0.38-0.46 ms/key). At 50,000 records, Adaptive shows 6.206
ms/key for writing and 0.836 ms/key for reading, and at 80,000
records, 5.993 ms/key and 0.786 ms/key, respectively. Finally,
for 100,000 writes, Adaptive achieves the lowest read time of
0.783 ms/key (almost 7 times lower than at 10,000), but the
write time remains high at 6.059 ms/key, while LRU, LFU, and
Random Eviction are stable at =0.39 ms/key for both
operations.

F. Memory Usage Delta

At 10,000 records, Adaptive demonstrates a memory usage
delta of —4292 bytes with stable cache flushing, while LRU
shows a slight fluctuation (+757 bytes) and LFU — +1504 bytes.
Random Eviction varies from —779 to +1787 bytes. When the
dataset is increased to 100,000 records, Adaptive frees up more
memory (~11368 bytes), LRU remains stable (+1219 bytes), and
LFU stabilizes at +651 bytes. In general, Adaptive demonstrates
active, though not monotonous, memory-freeing dynamics,
while LRU provides stable usage, and LFU and Random
Eviction are characterized by significant variability depending
on the data size (Fig. 7).

Memory usage delta vs Dataset size
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Fig. 7. Charts of memory usage delta vs. dataset size

G. Process CPU Usage

Fig. 8. shows the CPU usage level during the conducted
experiment.

Process CPU usage vs Dataset size
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Fig. 8. Charts of process CPU usage vs. dataset size

Adaptive uses a CPU of 6.55% (10,000 keys) to 11.35%
(100,000 keys) with high variability on small sets (+2.31%),

which decreases to +0.57% at 100,000 keys. LRU shows a more
uniform increase — from 3.63% to 9.29% - with a standard
deviation of 1.04-1.26% on small sets, which decreases to
+0.63-0.69% on large sets. LFU starts at 3.16% and reaches
9.55% with 100,000 keys; its variability ranges from 0.47-
0.83% to +1.17%. Random Eviction shows the lowest CPU —
from 2.18% to 8.83% with variability falling from =1.37%
(10,000 keys) to an almost stable +0.07% (100,000 keys).

H. Process Memory Delta

At 10,000 keys, Adaptive demonstrates a Memory Delta of
=5,312,512 bytes with a high standard deviation (=2.1x10°
bytes), which increases to =25,643,691 bytes at 100,000 keys
(deviation =3.2x10° bytes). The LRU shows large fluctuations —
from =2,222,763 bytes at 10,000 to unstable values (an optimum
of 845,141 bytes at 50,000 and a sharp increase to =14,792,021
bytes at 100,000), with a standard deviation ranging from
161,485 bytes to 10.6>10° bytes. LFU is more stable, ranging
from =3,896,661 bytes to =8,844,629 bytes with a standard
deviation of 1.4-2.5x10° bytes. Random Eviction has the lowest
memory consumption, ranging from =3,831,125 bytes at 10,000
to =7,201,156 bytes at 100,000, with a lower standard deviation
(252,719 bytes at 20,000), indicating more predictable memory
usage (Fig. 9).

Process memory delta vs Dataset size
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Fig. 9. Charts of process memory delta vs. dataset size

VI.  DiscussioN AND CONCLUSION

The experimental research comparing Adaptive, LRU, LFU,
and Random Eviction cache replacement strategies has provided
valuable insights into the trade-offs between performance,
resource consumption, and cache hit reliability. For small to
medium-sized datasets (10,000 — 30,000 records), both LFU and
the proposed Adaptive strategy achieve high cache hit rates and
maintain stable operation with a superior average TTL. In these
scenarios, the Adaptive method’s eclement-level lifetime
management shows clear benefits, as it preserves frequently
accessed data while efficiently evicting less relevant keys.

As the dataset size increases (50,000 — 100,000 records), all
strategies begin to reveal inherent limitations. However, the
Adaptive and LFU strategies remain competitive in preserving
cache performance. In contrast, LRU, which relies solely on the
most recent access time, struggles to maintain efficiency,
leading to higher eviction rates and reduced hit ratios. The
Adaptive method’s ability to dynamically adjust TTL based on
both access frequency and recency is especially advantageous
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under high load, despite its higher overhead. Notably, while
traditional strategies such as LRU and Random Eviction exhibit
lower CPU and write-time demands, the Adaptive strategy
significantly reduces read time when handling larger datasets —
a critical factor in performance-sensitive applications.

Based on the findings of this study, the following focused
recommendations are proposed for further research and system
optimization:

e for small to medium-sized systems, both Adaptive and
LFU strategies provide optimal cache performance.
However, when minimizing write time and CPU usage is
crucial, LRU or Random Eviction may be preferred;

¢ future works should focus on reducing the computational
overhead of the Adaptive strategy. Techniques such as
further algorithmic optimizations or hardware-specific
tuning could help achieve a more balanced trade-off
between resource consumption and read efficiency;

e future works could explore integrated approaches that
leverage real-time system monitoring to dynamically
select or blend Adaptive, LFU, and LRU techniques.
This strategy would serve as a complementary
enhancement to the current study, optimizing cache
performance under varying workload conditions;

* experimentation with weighting factors (wa, ws W) in
the deletion metric and adjustment of TTL boundaries
(Thase and Tinay) can further refine performance. Tailoring
these parameters to specific application profiles may
yield additional gains in memory utilization and response
times.

In conclusion, the research validates the promise of adaptive
cache management in environments with complex data
structures and variable load conditions. While the Adaptive
approach incurs higher initial overhead, its significant reduction
in read latency and its effective balancing of eviction priorities
justify its use in high-load, performance-critical applications.
Continued refinement and the integration of hybrid models stand
as perspective directions for future research, with the goal of
developing more robust and efficient caching solutions for
modern IT systems.
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