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Techniques for Performance Improvement of Convolutional
Neural Networks using XOR-based Data Reconstruction
Operation
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Abstract The various uses of the Convolutional Neural Network technology are accelerating the evolution
of the computing area, but the opposite is causing serious hardware performance shortages. Neural
network accelerators, next-generation memory device technologies, and high-bandwidth memory
architectures were proposed as countermeasures, but they are difficult to actively introduce due to the
problems of versatility, technological maturity, and high cost, respectively. This study proposes
DRAM-based main memory technology that enables read operations to be completed without waiting
until the end of the refresh operation using pre-stored XOR bit values, even when the refresh operation
is performed in the main memory. The results showed that the proposed technique improved

performance by 5.8%, saved energy by 1.2%, and improved EDP by 10.6%.
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Configuration Value
Number of cores 4
Processor clock speed 3.2GHz
Processor ROB size 192

Processor fetch/retire width 4
Last level cache (shared) 1MB, 8-way, 64B lines

Memory size 16GB
Memory bus speed 800MHz
Banks, Ranks, Channels 8,2 2

Rows per bank 64K

Cache lines per row 128
Page allocation policy Random
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Table 2. Number of memory accesses per Kilo Installation

Workloads Read-PKI Write-PKI Footprint(GB)
AlexNet 17.9 16.7 0.3
DarkNet19 33.7 24.2 0.2
DartNet53 34.9 28.5 0.4
Extraction 35.6 22.6 0.2
ResNet152 27.0 24.8 0.7
ResNet18 39.3 26.2 0.1
ResNet50 28.8 22.9 0.3
ResNext50 164 9.6 0.4
ResNext152 22.1 19.5 1.0
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