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[Abstract]

In this paper, we propose an efficient dynamic workload balancing strategy which improves the
performance of high-performance computing system. The key idea of this dynamic workload balancing
strategy is to minimize execution time of each job and to maximize the system throughput by
effectively using system resource such as CPU, memory. Also, this strategy dynamically allocates job
by considering demanded memory size of executing job and workload status of each node. If an nodes,
to another free nodes and reduces the waiting time and execution time of job by balancing workload of
each node. Through simulation, we show that the proposed dynamic workload balancing strategy based
on CPU, memory improves the performance of high-performance computing system compared to
previous strategies.
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Table 1. Some of Integrated Data
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Table 2. Experiment Result

Model Aoy | el | preckion | Precisio
Single KMBERT 0.4368 0.3735 0.4368 0.3757
Single KMBERT+XGBoost 0.9197 0.9027 0.9197 0.9085
Single KMBERT + XGBoost + PCA 0.9234 0.9093 9.9234 0.9146
Double KMBERT 0.4383 0.4034 0.4383 0.3868
Double KMBERT+XGBoost 0.9232 0.9084 0.9232 0.9130
Double KMBERT + XGBoost + PCA 0.9245 0.9107 0.9245 0.9157
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Table 3. Hyperparameters

max_length 512
dropout_prob 0.30
KM-BERT opt!mlzer Adam
learning_rate 2e-5
Ir_scheduler StepLR
batch_size 16
PCA n_components 0.95
L multi:
objective softprob
num_class 141
XGBoost max_depth 6
early_stopping_rounds 10
eval_metric mlog
loss
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Table 4. Comparison of Accuracy Based on Ensemble
Usage

Model Type Double Single
KM-BERT+XGBoost+PCA 0.9245 0.9234
KM-BERT+XGBoost 0.9232 0.9197
KM-BERT 0.4383 0.4368

Table 5. Comparison of Accuracy Based on XGBoost
Usage

Model Type Apply Not Applied
Single KM-BERT 0.9197 0.4368
Double KM-BERT 0.9232 0.4383
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Table 6. Comparison of Accuracy Based on PCA
Usage

Model Type Apply Not Applied
Single KM-BERT 0.9234 0.9197
Double KM-BERT 0.9245 0.9232
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Fig. 4. Rare Class Result
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