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Against the backdrop of the rapid development of information technology, the in-depth integration of big
data, artificial intelligence, and cloud computing has driven explosive growth in data volume. Distributed
storage systems have become core infrastructure, and the efficiency and reliability of metadata
management play a decisive role in system performance. This study proposes a metadata migration
management architecture based on data correlation and cluster load balancing. By constructing a data
correlation graph and a multi-objective optimization model, it realizes the intelligent optimization of
metadata layout. This method comprehensively considers access coordination, load balancing, and
migration costs; meanwhile, it introduces a bandwidth-aware mechanism and a data popularity prediction
mechanism to improve dynamic adaptability. Experimental verification shows that this algorithm can
effectively improve system performance and resource utilization. Experimental results show that in
scenarios of high-frequency synergetic access and periodic large-scale access, the algorithm achieves a
hot metadata recognition accuracy of 93.5%; it mitigates the average metadata access delay to 7.4
milliseconds, and shortens the migration trigger response time to 0.15 seconds. All performance
indicators outperform traditional methods such as hash mapping and round-robin migration. The
innovation of this study lies in the first deep coupling of metadata semantic association with dynamic
cluster load balancing, breaking through the single-dimensional limitations of traditional strategies. The
study provides a more intelligent and efficient solution for metadata management in distributed storage
systems, effectively improving the system's overall service quality and scalability. This has important
theoretical and application value for promoting the evolution of distributed storage towards intelligence
and adaptability.

Povzetek: Studija predlaga pametnejsi pristop za upravijanje in selitev metapodatkov v porazdeljenih

shranjevalnih sistemih, ki izboljSa zmogljivost, uravnotezenost obremenitve in odzivnost sistema.

1 Introduction

In the context of the continuous growth of information
technology, the swift integration of artificial intelligence,
cloud computing, and big data has spawned explosive
growth in data volume. These technologies drive
distributed storage systems to become indispensable
infrastructure supporting modern computing platforms
[1]. More and more systems adopt distributed file system
architectures to meet the needs of high-performance,
highly available, and highly scalable management of
massive data. Thus, storage resources are horizontally
expanded to multiple physical or virtual nodes to improve
overall throughput and processing capabilities [2]. In this
process, metadata management has gradually become a
key factor affecting system performance. Metadata
records basic attribute information of files; it also
undertakes multiple core tasks such as directory structure
organization, access control, and data addressing, with its
access frequency much higher than that of actual data files

3.

In existing distributed metadata management systems,
common strategies include static partitioning, hash
distribution, and dynamic migration based on access load.
These methods have alleviated the hot issue of metadata
access to a certain extent and improved the utilization
efficiency of system resources [4]. However, with the
diversification of application scenarios and the
complication of access behaviors, strategies that rely
solely on access frequency or node load for migration
scheduling have gradually exposed limitations.
Traditional migration mechanisms often ignore the
semantic associations and access correlations between
metadata when evaluating migration benefits [5]. Frequent
migration operations can also bring additional resource
consumption and system instability, especially in
environments with large load fluctuations or strong access
burstiness.  Migration  strategies  lacking  global
collaboration and dynamic evaluation mechanisms fail to
achieve true load balancing and may induce unbalanced
use of node resources [6-7].
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This study addresses the fundamental research
question of "how to maintain and optimize access
relevance between metadata while simultaneously
ensuring efficient load balancing in distributed storage
systems". This is a topic that demonstrates profound
innovative value and theoretical significance. On the one
hand, conventional migration strategies predominantly
focus on basic node load balancing or simplistic access
frequency optimization, while systematically overlooking
the inherent logical relationships and access coupling
patterns among metadata. This critical oversight
frequently results in operational failures during metadata
migration processes. Particularly in complex multi-user,
multi-task concurrent environments, it manifests as
migration interruption, path access delay escalation, and
overall system performance degradation [8]. On the other
hand, combining semantic understanding capabilities with
system-level scheduling strategies represents one of the
most promising frontiers in contemporary distributed
storage research. Applying this integrated approach to
metadata management systems achieves dual academic
advancements; it extends the theoretical framework of
migration optimization strategies by introducing
semantic-aware dimensions  while establishing
foundational methodologies for developing next-
generation intelligent storage systems with self-learning
capabilities [9]. This dual contribution positions the study
at the forefront of theoretical exploration and practical
system development. Therefore, the research topic
responds to the practical needs of performance evolution
in distributed systems. The goals of this study are to
achieve the following quantitative research objectives
through multi-objective optimization. First, it minimizes
the node load variance to promote the balanced
distribution of cluster resources. Second, it reduces the
average access delay to optimize system response
performance. Finally, it improves the recognition
accuracy of hot metadata to ensure the accuracy and
efficiency of metadata migration decisions.

2 Related work

In recent years, the swift development and widespread
adoption of big data technologies across industries have
led to an unprecedented explosion of massive unstructured
data. This exhibits exponential growth in various
distributed storage systems. As a fundamental supporting
module that directly determines system performance and
scalability, metadata management has consequently
attracted growing attention from an increasing number of
researchers in both academic and industrial domains [10].

Researchers have conducted extensive investigations
into metadata migration strategies, with most efforts
concentrating on two primary aspects: load balancing and
system performance optimization. Scholars proposed a
metadata dynamic migration algorithm based on access
frequency statistics. By periodically analyzing access logs
of each node, the algorithm realized the migration of hot
metadata to alleviate the problem of single-node overload
[11]. Such methods improved the throughput capacity of
the system to a certain extent. However, these methods
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showed a lag in responding to changes in access behavior,
which easily caused the failure of migration strategies
when the load changed suddenly [12]. Moreover, some
scholars designed a multi-factor dynamic migration model
based on central processing unit (CPU) occupancy and
memory pressure using the Hadoop Distributed File
System (HDFS); this further enhanced the ability to
perceive the resource status of nodes [13].

Regarding combining metadata migration with
system load balancing, load-aware scheduling
mechanisms have become one of the key research
directions. Scholars showed that scheduling relying solely
on a single load indicator (such as CPU, Input/Output
(1/0), or network bandwidth) easily fell into a local
optimum. It was necessary to comprehensively consider
the multi-dimensional resource occupancy status of nodes
and introduce dynamic thresholds and feedback
adjustment mechanisms to realize real-time optimization
of migration strategies [14]. Some researchers pointed out
that there was a non-linear correlation between the
distribution status of metadata and the overall scheduling
performance of the system. Meanwhile, a more accurate
performance evaluation model should be established to
guide migration behaviors [15]. In addition, some scholars
proposed a metadata scheduling framework based on
reinforcement learning, which could self-adjust and
optimize migration strategies according to system status
and historical effects. This reflected an in-depth
understanding of metadata management issues in complex
dynamic environments [16].

To sum up, the current field of metadata migration
management has achieved substantial theoretical and
practical advancements through extensive investigations
into three key technical dimensions: load perception,
access frequency evaluation, and scheduling optimization.
These findings have collectively contributed to
remarkable progress. However, most studies still do not
fully integrate the semantic relationships and access
behavior characteristics between metadata, lacking an
overall perspective oriented to data organization structure.
Consequently, developing a metadata migration strategy
requires integrating data correlation analysis to perceive
access behavior structures while incorporating real-time
cluster load status monitoring. This combined dynamic
scheduling optimization method is an important extension
of the current research framework of distributed storage
systems.

3 The metadata migration
management architecture based on
data correlation and cluster load
balancing strategies

3.1 Definition of data correlation and
cluster load balancing

Data correlation and cluster load balancing strategies
constitute critical components of metadata migration
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management in distributed storage systems. These
embody dual considerations for both data organizational
structures and system resource distribution [17]. The data
correlation strategy forms the intellectual core of
intelligent metadata management by systematically
identifying, analyzing, and exploiting the inherent
relationships that exist among various metadata elements.
These relationships manifest through multiple dimensions
(access pattern commonality, semantic structure
similarity, or directory hierarchy proximity) that reflect
different aspects of data usage and organization within the
system [18]. The cluster load balancing strategy addresses
resource utilization across storage nodes, including CPU,
memory, network /O, and request processing capabilities
[19-20].

In metadata migration management, the data
correlation strategy describes the access relationships
between metadata by constructing a weighted association
graph [21-22]. The association strength w;; between two
metadata items, m; and mj, is usually defined as the
weighted sum of access co-occurrence frequency and
directory path similarity:

Gij .

Wy = “D—"C + Blsim(p;, p;) )
('

Symbol interpretation:

m; and m;: Two metadata items;

Cjj : The number of times the metadata m; and m; are

jointly accessed by the same request or transaction;

ciand ¢;: The total number of visits for each of the m;
and mj;

pi and pj: The directory path where the metadata m;
and m;j are located;

sim(pi,p;): The directory path similarity function
measures the degree of similarity between two paths;

a and B The weight coefficient, which satisfies
o+p=1, is used to balance the importance of the two
indicators;

In Equation (1), the correlation strength between two
metadata items (m; and m;) is formed by the weighted
combination of access co-occurrence frequency and
directory path similarity. The directory path similarity
function sim(pi,p;) can be defined through precise string or
structural distance metrics. For example, the Levenshtein
edit distance or tree edit distance is used to calculate the
difference between two directory paths, and a
normalization operation maps this difference to the
interval [0,1]. This ensures that the correlation values,
after weighting by similarity and access frequency, are
comparable. The weight coefficient (o) balances the
relative importance of access frequency and directory
similarity, and it can be adjusted heuristically or optimized
through learning based on system access patterns or
historical data.

To measure the resource load of each node in the
cluster, the comprehensive load of node s; is defined as the
weighted sum of the utilization of various resources:

Ls; =@ [CPU(s;) + @,[MEM((s;) + &y 10(s;) + @,[RQ(S;)

O]
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Symbol interpretation:
s;: The j-th node in the cluster;

CPU(s;), MEM(s;), 10(s;) : cPu, Memory

(MEM), and 10 resource utilization of node s; (generally
values range from 0 to 1);

RQ(S;) : The request quantity (RQ) of metadata
processed by node s; per unit time;
Wy, 0,,0,,0, : The weight coefficient of each

resource indicator, which is used to reflect its contribution
to the comprehensive load,;

In Equation (2), first, the relative importance of each
resource in the comprehensive load is initially set
according to system performance monitoring and resource
usage characteristics. For instance, CPU plays a dominant
role, followed by memory and I/O, with the number of
requests as a supplementary factor. Second, historical load
data is used to iteratively adjust or heuristically optimize
these initial weights, enabling the calculated
comprehensive load to accurately reflect node bottlenecks.
This achieves an effective trade-off between load
balancing and performance optimization in migration
decisions. The weight coefficients for the node's
comprehensive load can be set as w;=0.35 (CPU),
w,>=0.25 (MEM), w3=0.25 (10), and ws=0.15 (RQ). This
setting reflects the core role of CPU load in the overall
node pressure while considering the non-negligible impact
of memory, 1/O, and the number of requests on the load.

To evaluate the balance of the overall load of the
cluster, calculate the variance of the load on all nodes:

1 —\
Var(L) == 3"(L(s;)- L) ®)
N j=l

Symbol interpretation:

N: The total number of nodes in the cluster;

L(s;): The comprehensive load of node s;;

- 1
L :WZL L(s;) : The average value of the

combined load of all nodes;
The two goals of data correlation and load balancing
are combined to form a unified optimization function:

min[ALCut(G, P) + (1— A)Var(L)] (4)

Equation (4) integrates the two objectives of data
correlation and load balancing into a unified optimization
function. By balancing the collaborative access
relationship between data and the load distribution of each
node, it achieves a globally optimal data partitioning that
maintains high access locality and sustains system load
balancing. The sum of associated edge weights across
nodes is defined as:

CutG,P) = > w

ij
(m;,m;)eE (5)
loc(m; )=loc(m; )
Symbol interpretation  (Overall  optimization
objective):

Ae [0,1] : The weight parameter that regulates the
importance of data correlation and load balancing;
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P= { P.R,....P } Metadata ~ partitioning

scheme; P;represents the set of metadata assigned to node
Sj;
Cut(G, P): The sum of cross-node edge weights,

that is, the sum of all metadata association weights
distributed across nodes, reflecting the cost of access
fragmentation caused by data migration;

E: A collection of edges in a metadata association
graph;

loc(m,) : The node where the metadata m; is located.

3.2 The metadata migration management
algorithm

The metadata migration management algorithm aims to
optimize the storage layout of metadata in distributed
storage systems to improve overall system performance
and resource utilization efficiency. With the continuous
development of large-scale data systems, the amount of
metadata has increased sharply, and access patterns have
become complex and variable. How to reasonably
distribute metadata across cluster nodes has become a key
issue [23]. The metadata migration management
algorithm's tool architecture is displayed in Figure 1:
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Figure 1: The tool architecture of the metadata migration
management algorithm

The metadata support metamodel emphasizes the
basic structural support capability in the migration
process, focusing on the logical relationships in links such
as metadata extraction, mapping, transformation, and
loading. Through core modules such as extraction
components, transformation rules, loading processes, and
log records, it ensures that metadata is migrated accurately
and safely between different systems. At the same time, it
maintains semantic consistency and traceability [24], as
presented in Figure 2:
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Figure 2: The metadata support metamodel of the
metadata migration management

The metadata-driven metamodel takes “configuration
rules drive the migration process" as its core idea. This
emphasizes the use of logic, such as scheduling strategies,
execution plans, and audit rules, to automatically control
the entire migration process. Its essence is an architecture
centered on control logic, enabling the migration process
to have a high degree of flexibility and orchestration [25],
as illustrated in Figure 3:
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Figure 3: The metadata-driven metamodel of the
metadata migration management

(1) Minimization of migration cost (transmission
cost)

Each migration operation consumes network
bandwidth and time resources when executing metadata
migration. Therefore, the system overhead caused by
migration must be considered, as follows:

Sm
Ctotal = Z b_ (6)
i j

(m;,m;)eM
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Symbol interpretation:

Ciotar: Total migration cost;

M: A collection of migration plans containing all
metadata m from node i to node j;

Sm: The size of the metadata m;

bij: Network bandwidth (transmission capacity per
unit time) between node i to node j;

Sm

b

0]

: The time or cost required to migrate metadata

m.
(2) Load balancing objective (balancing node load)
To prevent some nodes from becoming performance
bottlenecks due to excessive load, the migration algorithm
should try to keep the load of each node close to the
average value. The expression can be written as follows:
N
L~ L (7)

Limbalance = z

i=1

Symbol interpretation:

Limbatance: L0ad imbalance (sum of deviations from the
average load);

N: The total number of nodes in the system;

L™ : The total load of node i after migration;

= 1
L= WZL L™ : The average load of all nodes

after migration;
L?ew—l:‘ : The deviation of node load from the

average load.

(3) Minimization of access delay

This objective function comprehensively considers
the user's access frequency and the network distance of the
access path, aiming to optimize the data location and
reduce the overall access delay. The equation is as follows:

Davg = Z Z fm,u[du,n(m) (8)
meM uel,
Symbol interpretation:
Davg: System average access delay;
M: Metadata collection;
Unm: A collection of users who access metadata m;
fmu: The frequency of user u access to metadata m;
dunm): The network distance or delay between the user
u and the node n(m) where the metadata m is stored;
n(m): The node number of the metadata m is stored.
(4) Maximization of local access hit rate
The algorithm should prioritize migrating metadata to
the node where its visitors are located or adjacent nodes to
improve the "local hit rate." Equation (9) calculates the
total frequency of users accessing metadata on their local

nodes.
Aocality = Z Z In(m):n(u)[l‘l:m,u (9)

meM uelU,

Symbol interpretation:
Alocaiity: Total value of local access hit rate;

n(m=n) : The indicator function, which is 1 when
user u and metadata m are on the same node, otherwise 0;
fmu: Frequency of user u accessing metadata m;
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n(u): Node to which user u belongs;

n(m): Node where metadata m is located.

(5) Storage capacity constraint

Before receiving migrated metadata, the target node
must check whether its remaining capacity is sufficient to
store the data to avoid overflow. The migration strategy
must meet the maximum capacity constraint of each node
to prevent failures or data loss due to overload, as shown
in Equation (10):

> s, <C,Vje{l..,N}

new
UEMJ-

(10)

Symbol interpretation:
M{*" : Set of metadata located on node j after

migration;

Sm: Size of metadata m;

C;: Maximum available capacity of node j;

The inequality indicates that the total metadata size on
node j must not exceed its capacity C;.

(6) Single storage location constraint (exclusivity)

This constraint ensures that metadata is not copied to
multiple nodes (non-replica scenarios), thereby avoiding
data redundancy or conflicts.

N
lexm’j =lVmeM (11)
j=

Symbol interpretation:
X.; €10,1} : Boolean variable indicating whether

metadata m is on node j;

N: Total number of nodes;

M: Set of metadata;

Equation (11) indicates that each metadata m can only
be located on one node at any time.

(7) Comprehensive optimization objective function
(weighted sum)

On the basis of the above objective functions, a
comprehensive objective function is introduced. This
function weights and sums each sub-objective, and
dynamically adjusts the weights according to specific
system priorities.

ml\/ll n (a[Ctotal + ﬂ[l‘imbalance + yDDan - 5DA1003| ity ) (12)

Symbol interpretation:

a, B, ¥ an &. Four non-negative weight coefficients
used to adjust the weight of different sub-objectives in the
overall optimization;

Ciotal: Migration cost;

Limbalance: LOad imbalance degree;

Davg: Average access delay;

Aucality: Local access hit amount (the larger the better,
hence the negative sign);

The optimized output of this objective function is the
optimal migration plan M.

Based on the learning-based adaptive adjustment
method, the initial weights can be set as follows: a
(migration cost) = 0.3, B (load imbalance degree) = 0.4, y
(average access delay) = 0.2, and A (local access hit count)
= 0.1. These weights are then dynamically fine-tuned
according to the online monitored system indicators. For
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example, when large fluctuations in node load are
detected, the weight of B can be appropriately increased to
strengthen load balancing; if access delay rises, the weight
of v is increased to prioritize optimizing response speed,
thereby achieving multi-objective balance.

3.3 The metadata migration management
algorithm using data correlation and
cluster load balancing strategy

The metadata migration management algorithm, based on
a cluster load balancing strategy and data correlation,
presents an intelligent migration mechanism. By
analyzing the business relevance between metadata, it
packages and migrates strongly correlated data units to
reduce communication and dependency overhead between
systems. At the same time, it dynamically schedules
migration tasks to optimal nodes in combination with the
current load status of the cluster, achieving resource
balance and maximizing migration efficiency [26]. The
metadata migration management architecture based on
data correlation and cluster load balancing strategies is
illustrated in Figure 4:
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Figure 4: Metadata migration management architecture
using data correlation and cluster load balancing

The equation for the data correlation and cluster load
balancing strategy-based metadata migration management
algorithm reads:

(1) Data correlation weight modeling based on
access synergy
W fu (mi ! mj)

mi,mj = Z T

uelU

Wmimj: Synergetic access weight between metadata m;
and m;;

U: User set;

fumimj: Number of times user u accesses m; and m;
simultaneously within unit time;

T: Length of statistical time window;

The weight is used to construct the edge weight of the
access synergy graph for graph clustering or partitioning.

The time window T used in Equation (13) is a sliding
window. It dynamically calculates the collaborative access
weight between metadata by counting the number of co-
accesses by users in the most recent T unit time; this makes

(13)
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it adaptable to workload changes and access pattern
fluctuations over time. This sliding mechanism ensures
that the collaborative weight reflects the latest access
behavior promptly and continuously captures the dynamic
characteristics of hotspots and access correlations.
(2) Target function for correlation subgraph
partitioning

r{li}n i D Wiy

k=1 meR ,m;eR

(14)

{Pk} : The k-th metadata subset after partitioning

(corresponding to the migration target node);
Wmimj: Synergetic access weight between metadata;
The inner summation represents the total weight of
cut edges between subset P and other subsets.
The overall goal is to concentrate data with high-
frequency synergetic access in the same partition.
(3) Cluster load normalization evaluation function

(15)

ov: Standard deviation of node load (measuring balance);
N: Total number of nodes in the cluster;
Li: Current load of the i-th node (such as access
volume, 1/0 volume, or metadata volume);

L. Average load of all nodes;
The goal of this function is to minimize to achieve
load balancing.
(4) Load-aware data migration cost function

C_ =atn Ru

i = +(1-A)]1- (16)
bi,j Rmax

Cn,: Cost of migrating metadata m to node j;

Sm: Size of metadata m;

bi;: Bandwidth from source node i to target node j;

Rmj: Total correlation between metadata m and other

metadata currently on node j;

Rmax:  Maximum  possible  correlation  (for
normalization);
A€[0,1] : An adjustable weight parameter,

adjusting the weight of bandwidth cost and correlation
aggregation;

The goal is to select the node with the smallest Cpj as
the migration target.

Equation (16) refers to a function for calculating
metadata migration cost considering bandwidth and
correlation. Its core idea is to comprehensively balance the
transmission overhead caused by metadata size and
network bandwidth, as well as the correlation between the
metadata and existing data on the target node. It selects the
node with the smallest migration cost as the target, thus
reducing migration costs while maintaining the correlated
aggregation of data.

(5) Overall optimization goal
integration of load and correlation)

min(a[bL +ﬁDZ Cm,n(m) +7Di Z

meM k=1 m;,m;eR

(synergistic

Wmi,mj] (17)
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oi: Standard deviation of node load:;

Cm,nm): Cost of migrating metadata m to target node
n(m);

Pi: Set of metadata stored on node k;

Wimj: Synergetic access weight between metadata;

a, 5, and . Weight parameters, used to adjust the
relative importance of the three goals;

The goal is to minimize load imbalance and migration
cost while maximizing access synergy.

Equation (17) represents the objective function for
comprehensive optimization. It achieves load balancing in
the system and reduces migration overhead by minimizing
load imbalance between nodes and metadata migration
costs, while maximizing the collaborative access degree
between metadata. At the same time, it improves access
locality and overall performance.

(6) Node capacity and load constraints

> s, <C,,Vj 18)
meMj
ZM:. a, <A,Vj 19)

M;: Set of metadata on node j;

Sm: Size of metadata m;

C;: Maximum capacity of node j;

am: Access frequency of metadata m per unit time;

A;: The maximum access pressure that node j can
accept (such as the 1OPS upper limit);

All migration plans must satisfy the above two
constraints simultaneously.

(7) Data popularity prediction

hy* =nthy +(1-n)a, (20)
h'*: The popularity of the metadata m for the next
period is predicted,;
ht : Current popularity;

afn : Current actual access frequency;

ne [0,1]: Attenuation factor (the higher the value,

the more emphasis is placed on historical trends).

Equation (20) uses exponential smoothing technology
to predict metadata popularity. It realizes fast estimation
of popularity in the next period by weighted fusion of the
current access frequency and historical popularity
according to a decay factor. This method can efficiently
respond to dynamic changes in access patterns and sudden
loads, as it is sensitive to recent access behavior and has
low computational overhead. It is suitable for real-time
updating of metadata migration strategies in large-scale
distributed systems. Compared with complex models such
as ARIMA or LSTM, its advantage lies in the ability to
quickly adapt to variable access traffic without requiring a
large amount of training, while maintaining the
smoothness and stability of predictions.

The pseudocode of the proposed metadata migration
management algorithm is as follows:

# Input: Metadata set M, node set N, user set U

# Output: Optimal migration plan migration_plan

# 1. Calculate collaborative access weights
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for mi in M:
for mj in M:
if mi '=mj:
co_access_count = sum([1 for u in U if
u.accessed(mi) and u.accessed(mj) in window_T])
sim_score =
compute_path_similarity(mi.path, mj.path) # eg.,
normalized Levenshtein or tree-edit distance
weight_alpha = 0.5 # weight, adjustable
weight_beta=0.5
co_access_weight[mi][m]j] = weight_alpha *
(co_access_count / total_access(mi, mj)) + weight_beta *
sim_score
# 2. Metadata subgraph partitioning
partitions = cluster_metadata_graph(M,
co_access_weight, num_partitions=len(N))
# 3. Calculate the standard deviation of node load
def compute_load_std(nodes):
loads = [node.load for node in nodes]
mean_load = mean(loads)
std = sqrt(sum((l - mean_load)**2 for | in loads) /
len(nodes))
return std
# 4. Calculate the migration cost
def compute_migration_cost(mi, target_node):
size_factor = mi.size /
network_bandwidth[mi.current_node][target_node]
assoc_factor = 1 - sum(co_access_weight[mi][mj]
for mj in target_node.metadata) / max_assoc
cost = alpha * size_factor + beta * assoc_factor
return cost
# 5. Comprehensive optimization
for partition in partitions:
for node in N:
cost =
compute_migration_cost(partition.metadata, node)
load_std = compute_load_std(N)
access_collab_score =
sum(co_access_weight[mi][mj] for mi, mj in
combinations(node.metadata, 2))
objective = gammal * cost + gamma2 * load_std
- gamma3 * access_collab_score
if
satisfies_capacity_and_load_constraints(node, partition):
migration_plan.assign(partition, node,
objective)
# 6. Node capacity and load constraints
def  satisfies_capacity_and_load_constraints(node,
partition):
total_size = sum(mi.size for mi in node.metadata)
+ sum(mi.size for mi in partition.metadata)
projected_load = node.current_load +
sum(mi.access_frequency for mi in partition.metadata)
return total_size <= node.max_capacity and
projected_load <= node.max_IOPS
# 7. Data popularity prediction
for mi in M:
mi.next_heat = decay_factor * mi.current_heat + (1
- decay_factor) * mi.current_access_frequency
# 8. Output the optimal migration plan
return migration_plan
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4 The application of the metadata
migration management algorithm
by the data correlation and cluster
load balancing strategy

All data used in this study are derived from access
behavior sampling and simulated task loads in the actual
operation and maintenance as well as business systems of
XX Enterprise. Specifically, the data include three parts.
The first is the job execution logs, covering Spark, Hive
analysis jobs, and machine learning training tasks running
on HDFS. The second is the system operation and access
behavior logs, including records of file and directory
creation, modification, and deletion, as well as the access
frequency and node distribution of metadata by users or
applications. The third is resource monitoring logs,
encompassing the usage of CPU, memory, network, and
disk 1/0. The overall data scale reaches the terabyte (TB)
level, with hundreds of millions of metadata records, and
the number of files and directories ranges from millions to
tens of millions. To ensure the reproducibility of
experiments, part of the workload is simulated through
Filebench and a self-developed testing tool of the
enterprise. Meanwhile, the system operation status is
obtained through regular sampling by Prometheus. All
experiments are repeated five times, with the average
value calculated and standardized to ensure the robustness
and comparability of the results. The experimental
configuration is exhibited in Table 1:

Table 1: Experimental configuration

Experimental

elements Specific settings

Number of

Configuration

20-500des
Cluster nodes
Metadata HDFS files, directories, Hive tables,
object types Spark job outputs
Metadata Small files: 1-100KB; Medium files:
object sizes 1-500MB; Large files: 1-10GB
Workload Actual access logs 70%,
composition synthetic/simulated load 30%
Simulation Filebench  +  enterprise  self-
tools developed testing tool

Hot file bursts (accounting for about
Filebench 10-20% of total file access),

directory-level collaborative access
(local access frequency 3-5 times
higher than the global average)
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The proposed algorithm selects Hash Map and Polling
Migration as controls, as both are representative in
distributed metadata management. Hash Map performs
hash operations on metadata key-values to map data
evenly to cluster nodes, achieving simplicity with no
additional scheduling overhead [27]; Polling Migration
periodically scans node loads and migrates hot or high-
frequency accessed metadata to nodes with lower loads, to
alleviate performance bottlenecks and improve access
balance [28]. These two methods are representative and
easy to reproduce in distributed metadata management,
and their performance is similar to that of the algorithm in
this study, making them more comparable. More complex
optimization algorithms, however, are rarely applied in
actual enterprise environments and thus are not included
in the comparison.

Accuracy of hotspot metadata recognition(%o)
Average access latency of metadata(ms)
Migration trigger response time(s)

Time/Accuracy

The proposed algorithm

Hash Map

Polling Migration

Category

Figure 5: Performance comparison of different
algorithms in high-frequency synergetic access scenarios

Figure 5 shows that the proposed algorithm performs
advantages in high-frequency synergetic access scenarios.
Its hot metadata recognition accuracy reaches 93.5%, far
exceeding 62.7% of hash mapping and 70.2% of round-
robin migration; this indicates that the proposed algorithm
can more accurately capture access rules and optimize
resource scheduling. Regarding access efficiency, the
average metadata delay of this algorithm is only 7.47.4
milliseconds (ms), which is 49.3% and 32.1% lower than
that of hash mapping and round-robin migration B,
increasing the response speed. In addition, the migration
trigger response time of the proposed algorithm (0.15
seconds (s)) is 75.8% and 61.5% shorter than that of hash
mapping (0.62s) and round-robin migration (0.39s),
proving its agility in dynamic load adjustment.
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In Table 2, the proposed algorithm achieves a hot
metadata recognition accuracy of 93.50%, which is higher
than that of Hash Map's 62.70% and Polling Migration's
70.20%; its average access delay and migration response
time are also reduced to 7.4 ms and 0.15 s, respectively,
demonstrating advantages over other algorithms. The
variance and 95% CI reflect the algorithm's robustness
under different load conditions, among which the
proposed algorithm performs the most stably.

I Pcak metadata access response time (s)
Post migration access load balancing improvement rate (%)
Task completion time improvement (%)
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The proposed algorithm

Hash Map Polling Migration

Category

Figure 6: Comparison of diverse algorithms for periodic
large-scale access task scheduling scenarios

In Figure 6, the proposed algorithm demonstrates
improved performance in periodic large-scale access task
scheduling scenarios. The algorithm's peak metadata
access response time is only 0.0112 seconds, 55.9% and
37.1% lower than hash mapping and round-robin
migration. Regarding load balancing performance, this
algorithm increases the access balance rate after migration
by 42.6%, which is 3.77 times and 1.55 times that of hash
mapping and round-robin, respectively. At the same time,
the task completion time is improved by 18.1%, and the
improvement range exceeds that of the two baseline
algorithms by 48.6% to 178%. Experimental data reveal
that through the collaborative optimization of association
rules and dynamic load balancing, this algorithm achieves
breakthrough improvements in three dimensions: system
response speed, resource allocation balance, and task
processing efficiency. Thus, these can effectively meet the
performance requirements in enterprise-level high-
concurrency scenarios.
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Table 3: Performance comparison of different algorithms
in periodic large-scale access task scheduling scenarios
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In Table 3, the proposed algorithm achieves 0.0112s,
42.6%, and 18.1% in peak access latency, load balance
improvement rate, and task completion time improvement
rate, respectively, all of which are better than those of
Hash Map and Polling Migration. The variance and 95%
Cl indicate that the proposed algorithm has higher stability
and reliability in dynamic task scheduling scenarios.

5 Discussion

The proposed metadata migration management
algorithm integrates data correlation with cluster load
balancing principles. It outperforms traditional Hash Map
and Polling Migration algorithms in scenarios involving
high-frequency synergetic access and periodic large-scale
access. Experiments show that the algorithm achieves a
hot metadata recognition accuracy of 93.5%, which is
49.1% and 33.2% higher than the latter two methods; the
average metadata access dealy is 7.4 ms, with a reduction
range of 32.1%-49.3%; the migration trigger response
time is 0.15 s, shortened by 61.5%-75.8%; in periodic
scenarios, the peak access latency is 0.0112 s, reduced by
37.1%-55.9%, and the load balance improvement rate is
42.6%, which is 1.55-3.77 times that of traditional
methods. The advantages stem from the algorithm
breaking through the limitations of traditional single-
dimensional approaches. The proposed algorithm realizes
the aggregation of strongly correlated metadata through a
weighted correlation graph to avoid access fragmentation;
it combines node comprehensive load calculation and
dynamic variance evaluation to solve the problems of
insufficient adaptation of static mapping and delayed
response of periodic scanning; thus, it achieves the
coordination of access optimization and load balancing.
This algorithm provides an adaptive solution for
distributed storage metadata management and is
especially  suitable for enterprise-level complex
concurrent scenarios. Future work should optimize the
weight adaptation of heterogeneous clusters and the
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efficiency of large-scale metadata correlation subgraph
partitioning to improve its universality and engineering
value.

6 Conclusion

This study focuses on the issue of metadata management
in distributed storage systems and proposes a migration
management optimization algorithm based on data
correlation and cluster load balancing strategies. In high-
frequency synergetic access scenarios, the proposed
algorithm can accurately identify strongly correlated
metadata under the same task or directory. Concurrently,
it reduces cross-node access delay and improves the
efficiency of multi-file joint access in big data analysis
platforms by aggregating storage. Its hot spot recognition
accuracy (93.5%) and average delay (7.4ms) can support
the real-time response requirements of high-concurrency
services. In periodic large-scale access tasks, the
algorithm effectively alleviates node overload through
dynamic load sensing and associated data aggregation.
The 42.6% improvement rate in load balancing and shorter
task completion time make it suitable for periodically
fluctuating scenarios such as machine learning training
tasks and log batch processing, ensuring system stability
during load peaks. In enterprise-level distributed storage
systems, the proposed algorithm can optimize the dynamic
distribution of metadata, reduce scheduling delays caused
by data dispersion, and improve storage resource
utilization. It is particularly suitable for complex
environments with multi-user and multi-task concurrency,
providing technical support for efficient operation and
maintenance of infrastructure such as cloud storage and
data centers.

The limitations of this study are mainly reflected in
the fact that most experimental data are based on the actual
operation and maintenance environment and simulated
loads of a single enterprise. The number of cluster nodes,
hardware configuration, and network topology are fixed in
the experiment, so the universality of the results may be
limited. Its adaptability in heterogeneous clusters, extreme
load fluctuations, or multi-cloud environments has not
been fully verified; the algorithm may need further
adjustment in edge scenarios or under extreme real-time
constraints. The dynamic adjustment mechanism of
weight coefficients in data correlation modeling still needs
to be improved; the mining of implicit correlations across
tasks and directories is not in-depth enough, and the
potential of "semantic correlation development” has not
been fully exploited. To enhance the generalization ability
and practicality of the study, future work can conduct
multi-load mode tests under different hardware
specifications and cluster topologies; deep learning is
introduced to optimize the dynamic adaptation ability of
correlation weights to improve the accuracy of complex
semantic  correlation  perception; the algorithm's
application in heterogeneous cloud environments is
expanded to enhance its universality; real-time stream
processing technology is combined to reduce the response
latency of migration decisions, realizing more refined

J. He et al.

dynamic scheduling, thus improving overall performance
and system stability.
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