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Abstract: Traditional testing methods are inefficient in high-dimensional parameter space, dynamic load fluctuation and
heterogeneous hardware architecture, and it is difficult to meet the testing requirements of large-scale clusters. In this paper, an
Environment-Aware Adaptive Hybrid Algorithm is proposed, which can effectively solve the convergence stagnation problem of
high-dimensional parameter space through dynamic mutation rate adjustment and hybrid coding strategy. EA-AHA adopts a
master-slave island model, in which the master island is responsible for global exploration and the slave island is responsible for
local exploitation, and maintains population diversity through individual migration. The algorithm uses chromosome
representation coded by real numbers and integers, and uses adaptive mutation rate and crossover strategy to adapt to different test
scenarios. The multi-objective fitness function comprehensively considers task execution time, system resource utilization rate
and fault detection rate, so as to realize the synergistic improvement of test efficiency, resource utilization rate and fault detection
rate. In addition, EA-AHA models the optimization problem as a dynamic optimization problem, and responds to dynamic
changes such as background load fluctuation and hardware performance attenuation in the test environment through
environmental state awareness and adaptive response mechanism. The closed-loop mechanism of simulation and physical
verification further improves the optimization efficiency and practical effectiveness. The experimental results show that EA-AHA
is superior to Bayesian optimization and NSGA-II algorithm in convergence speed, comprehensive performance and dynamic

environment adaptability, which effectively solves the problem of large-scale Al server test optimization.
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1. Introduction

With the parameter scale of the generative Al model exceeding one trillion, the super-large-scale server cluster supporting its
training faces severe testing challenges. This surge in model complexity necessitates hyperscale data center architectures capable
of meeting unprecedented computational demands ™. Traditional testing methods have exposed bottlenecks such as combination
explosion, environmental mismatch and low optimization coverage when dealing with high-dimensional adjustable parameters,
dynamic load fluctuation and heterogeneous hardware architecture. The efficiency of existing optimization technologies such as
Bayesian optimization and NSGA-II is significantly reduced in high-dimensional or dynamic scenarios, and the expert system
lacks the ability of cross-platform migration, which makes it difficult to meet the requirements of efficient and stable testing of
thousand-node clusters. This study focuses on the optimization of Al server cluster test in ultra-high dimensional parameter space,
and realizes the synergistic improvement of test efficiency, resource utilization and fault detection rate. An adaptive evolutionary
framework based on environmental awareness is proposed, which solves the convergence stagnation problem of high-dimensional
parameter space through dynamic mutation rate adjustment and mixed coding strategy. Such frameworks are essential for
constructing automated testing processes that can scale with the increasing complexity of Al infrastructure [, Notably, the
advancement of such high-dimensional optimization frameworks is significantly propelled by government tax preferences, which

act as a vital catalyst for independent innovation within emerging technology enterprises .

2. Design of adaptive evolutionary algorithm
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2.1 Algorithm core framework

An Environment-Aware Adaptive Hybrid Algorithm (EA-AHA) is studied and designed. Based on the framework of the classical
differential evolution (DE) algorithm, this algorithm introduces the environment-aware feedback mechanism, hybrid coding
strategy and adaptive parameter adjustment to effectively deal with the test optimization problem of Al server.

As shown in Figure 1, EA-AHA adopts the master-slave island model as the basic framework, in which one master island is
responsible for global exploration and multiple slave islands (subpopulations) are responsible for local exploration for different

test scenarios. Individuals migrate regularly between islands to avoid premature convergence and maintain population diversity.
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Figure 1. Schematic diagram of EA-AHA algorithm framework
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2.2 Hybrid coding strategy

In order to solve the mixed optimization problem of heterogeneous hardware (CPU, GPU, NVLink, InfiniBand) and software
parameters, such as batch size, learning rate and MPI thread number, a chromosome representation with mixed encoding of real
numbers and integers is adopted. Optimizing performance across such distributed and heterogeneous systems requires addressing

unique bottlenecks in parallel computing environments 1%, An individual (chromosome) is represented as a mixed coding vector

. . Xz[xx--xx -x]
X , which represents a complete set of server cluster test configuration parameters. 12722 2 d>d+l> 2] Where

xl,xz,...’xd xd+l’...’x

is the real number coding parameter. " is an integer coding parameter, such as Batch Size, MPI

process number, GPU memory allocation strategy (enumeration type), network topology binding strategy, etc.
Adaptive mutation and crossover

The mutation rate ¥ is no longer a fixed value, but is dynamically adjusted according to the optimization progress of the

previous generation. This approach aligns with adaptive supervised learning techniques designed for handling data sparsity and

dynamic constraints in high-dimensional spaces [?],

Mg 1 1)
Fg+1 = Fmin +(Fmax _F:nin )e (1)
Among them, ., is the variation rate used by the next generation population. , is the preset upper and lower bounds

Af,

of the variation rate. 7 is the attenuation coefficient, which controls the sensitivity of adjustment, and is usually set to 1.

is the variation of the optimal fitness in the g generation population. is the average fitness of the g generation population.

A
When the optimization progress is significant ( fg is large), the exponential term approaches 0, F approaches , and the

A
algorithm tends to local fine search. When stuck in stagnation ( fg is small or negative), the exponential term approaches 1,
and I’ approaches . The algorithm increases the mutation rate to jump out of the local optimum and enhance the global
exploration ability.
For the real coding part, the binomial crossover of DE algorithm is adopted. For the integer coding part, uniform crossover integer
variants are used to ensure the generation of effective integer candidate solutions.

4- 8

LA

© Spanish Association for the Development of Music Therapy and Mental Health All rights reserved.



acse  International Journal of Computer Science and Engineering

ISSN 3107-7657 (Print) ISSN 3107-7657 (Online)

Multi-objective fitness function

The essence of test optimization is a multi-objective problem, and the fitness function F(X) is designed as the weighted

harmonic average of three key indicators to balance the needs of different test objectives.

F(X)=a_+ pR,,
exec (2)

+yF,

etect

T o . .
Where ~ % represents the task execution time. The total time required to run the standard benchmark program under
configuration X The goal is to minimize it, so take its reciprocal. = “ stands for system resource utilization. The weighted

average of cluster average CPU, GPU and network bandwidth utilization during the test period. The goal is to maximize. Feree

stands for failure detection rate. The number of potential hardware/system failures triggered or detected under this configuration

(to be normalized). The goal is to maximize. a,p.y stands for weight coefficient. It can be dynamically adjusted according to

the specific objectives of the testing stage. For example, Y can be increased in the stability testing phase and a,p can be

increased in the performance testing phase.

3. Large-scale Al server test scenario modeling

3.1 Test parameter space modeling
Large-scale Al server testing is defined as a high-dimensional, mixed and constrained optimization problem. That is, the algorithm

individual X , its dimension ”? may be as high as tens or even hundreds of dimensions, including all adjustable system BIOS

parameters, OS kernel parameters, deep learning framework parameters, distributed training library parameters and so on. Each

X € [Li ’ Ui] 271 s the lower and upper bounds of the

parameter has its feasible region, which is defined as , where

. . X .
technical permission of parameter ~ ', respectively.

In the optimization process, the constraints are integrated into the fitness evaluation by the penalty function method to ensure the

. . . . . 1X)<0 .
feasibility of the solution; Where the equality or inequality constraint is expressed as & ( ) , when the constraint is violated,

a quadratic penalty term is introduced:

Penally(X ) = pzj (maX(O,g j (X )))Z 3)

And deducted from the original fitness to form a modified fitness function:

F'(X)=F(X)~ Penalty(X)

Among them, the punishment factor P controls the punishment intensity of infeasible solutions, thus guiding the search to

converge to the feasible region that meets the resource constraints.

Dynamic environment modeling

In order to cope with dynamic changes such as background load fluctuation and hardware performance attenuation in the test
environment, this paper models the optimization problem as a dynamic optimization problem (DOP), and realizes continuous

optimization through environmental state awareness and adaptive response mechanism. Implementing fault-tolerant and real-time
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scheduling is particularly critical for maintaining stability in critical Al infrastructure under such fluctuations ['*I?7] The algorithm
collects the environment state vector including CPU, memory load, GPU temperature and other information before each
generation of evolution, and triggers the response strategy immediately when the significant change of  is detected. Firstly, the
fitness of the current population is re-evaluated to reflect the real performance in the new environment. At the same time, the
diversity restoration mechanism is introduced to retain elite individuals and inject random new individuals to enhance the
population's ability to explore the new environment, thus ensuring that the optimization process is still efficient and robust under
dynamic conditions.

Closed loop of simulation and physical verification

Firstly, EA-AHA algorithm is run in the digital twin simulation layer based on proxy model for low-cost and coarse-grained
search, and the model trained by historical data is used to predict the configuration performance and quickly screen out the
potential elite parameter subset. Then, these candidates are configured on real clusters for high-fidelity verification, and accurate
performance and resource indicators are obtained, and the actual results and newly discovered failure modes are fed back to the
simulation layer for dynamic calibration and optimization of the proxy model, thus forming a closed-loop iterative mechanism of
"simulation optimization-physical verification-model update", giving consideration to optimization efficiency and actual
effectiveness. Similar data-driven decision-making models have been successfully utilized to optimize resource allocation and
marketing budgets in other complex industrial contexts ?%1211, To ensure the long-term viability of this iterative cycle, it is
essential to implement an effective teamwork incentive mechanism—specifically one that accounts for participants' unfairness

aversion—to optimize the collaborative performance between hardware engineers and algorithm designers [®1,

4. Experimental results and analysis

In order to verify the effectiveness of EA-AHA algorithm, this study conducted experiments on an Al computing cluster with 256
nodes. The cluster is equipped with NVIDIA A100 GPU and InfiniBand HDR high-speed network. EA-AHA is compared with
two mainstream optimization algorithms-Bayesian optimization (BO) and standard NSGA-II algorithm.

The experiment is first carried out in a digital twin simulation environment to evaluate the convergence characteristics of each
algorithm at low cost. The optimization goal is to minimize the task execution time ( ), and the maximum number of
evaluations is set to 1000 times. As shown in Figure 2, EA-AHA algorithm shows the fastest convergence speed, and approaches
the global optimal region after about 400 evaluations, which is due to its adaptive mechanism of environment awareness and
effectively avoids the early convergence stagnation in high-dimensional space. BO algorithm shows obvious "dimension disaster"
in high-dimensional problems, and the cost of constructing its proxy model based on Gaussian process rises sharply with the
increase of dimension, and the search efficiency is the lowest. The convergence speed of NSGA-II is moderate, but its fixed

parameter strategy is not flexible enough in complex environment, and the later optimization progress is slow.
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Figure 2. Comparison of convergence curves of various algorithms in simulation environment

Run each algorithm for 300 iterations in the physical measurement environment to comprehensively optimize the three objectives

a=05,4=03,y=02

of , , (the weight is set to ). Table 1 below shows the performance data of the

solution with the highest comprehensive score in Pareto frontier found by each algorithm.

Table 1. Comparison of optimal configuration performance of each algorithm in physical measurement environment

Algorithm Task execution time System resource utilization Fault detection rate Comprehensive
OR ratio (%) 1 (%) fitness 1
EA-AHA 1123 92.5 5.8 0.842
NSGA-II 1256 89.1 3.2 0.781
BO 1386 85.7 1.5 0.723
Default 1685 76.3 0.1 0.572
configuration

In the final performance, EA-AHA has achieved the best performance in all three optimization objectives, and its
comprehensive fitness is significantly higher than that of the comparison algorithm. This proves the effectiveness of its hybrid
coding strategy and multi-objective fitness function. The configuration found by EA-AHA successfully triggered multiple

potential faults, and the fault detection rate ( Fieree ) far exceeds the comparison algorithm, which is very important for the
stability test of large-scale clusters. BO's performance once again proves that it is not suitable for such high-dimensional and
mixed variable optimization scenarios. The high detection rate is vital for ensuring the reliability of scalable storage and
computing systems in Al-intensive applications 711,

In order to test the adaptability of the algorithm to dynamic environment, two background load disturbances are artificially
introduced in the optimization process. Figure 3 below shows the fitness fluctuation of EA-AHA and NSGA-II in dynamic
environment. When the environment changes suddenly (gray area), the fitness of elite individuals of the two algorithms drops
sharply. EA-AHA quickly triggered population reassessment and diversity injection through environmental awareness mechanism,
and quickly recovered and found a new high-performance configuration within several generations, showing strong robustness.
NSGA-II lacks an explicit environmental coping mechanism, and its recovery speed is slow and its performance fluctuates greatly.
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Figure 3. Comparison of performance stability of algorithms in dynamic environment

5. Conclusion

In this study, an EA-AHA algorithm is proposed to meet the challenge of ultra-large-scale server cluster testing caused by the
parameter scale of generative Al model exceeding trillions. Based on the framework of classical DE algorithm, this algorithm
introduces environment-aware feedback mechanism, hybrid coding strategy and adaptive parameter adjustment, which effectively
addresses the problem of Al server test optimization. The experimental results show that EA-AHA algorithm has obvious
advantages in both simulation environment and physical measurement environment. In the simulation environment, EA-AHA
algorithm shows the fastest convergence speed, and can approach the global optimal region after about 400 evaluations, thus
avoiding the early convergence stagnation in high-dimensional space. In the physical measurement environment, EA-AHA
algorithm has achieved the best performance in the three objectives of task execution time, system resource utilization rate and
fault detection rate, and its comprehensive fitness is significantly higher than that of the comparison algorithm. In addition,
EA-AHA algorithm can quickly trigger population re-evaluation and diversity injection through environment awareness
mechanism, which shows strong robustness in dynamic environment and can quickly recover and find new high-performance
configurations. EA-AHA algorithm has significant application value in large-scale Al server test optimization, which can
effectively improve test efficiency, resource utilization and fault detection rate, and provide strong support for efficient and stable
testing of ultra-large-scale Al server clusters. Ultimately, the industrial adoption of EA-AHA must navigate the broader landscape
of business cycles and financial shocks, recognizing that "animal spirits" and economic stability are pivotal factors in the
widespread scaling of such computational innovations [?. From a broader perspective, such technological advancements must also

account for the volatility of business cycles and the incentive structures that drive independent innovation in emerging enterprises
[2115]
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