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ABSTRACT

With the rapid advancement of artificial intelligence (Al) technology, models are becoming larger and
computational demands are increasing. While this trend significantly enhances Al performance, it also raises
concerns regarding massive energy consumption and greenhouse gas emissions. These challenges not only
threaten corporate sustainability but also pose a critical issue for the competitiveness of the Al industry.

In this context, the emergence of DeepSeek has attracted attention as a positive example demonstrating that
generative Al can be implemented and operated using energy-efficient computing infrastructures. This finding
suggests the possibility of Al technology evolving in a more sustainable and eco-friendly direction.

Addressing Al's energy consumption problem requires various technological approaches. Key solutions include
model compression, mixture of experts, sparse computing, on-device Al, and edge computing. Additionally,
major companies such as Google are actively researching Al energy efficiency improvements by developing
power-optimized Al semiconductors (e.g., neural processing units), optimizing power management in cloud and
data centers, and enhancing the computational efficiency of Al algorithms.

This report focuses on analyzing Al energy efficiency technologies and industry trends while proposing strategic

directions for constructing sustainable Al systems.
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Improving Power Utilization and Efficiency
lllustrative
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Latest hardware Move to cloud On-edge Integrated Software

deployments systems

Increasing energy demands and workloads
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£X Emerging Tech: Strategies to Achieve Energy Efficiency Goals
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REMOVING LAYERS IN STRUCTURED PRUNING
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neural-network-model-pruning
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Al Artificial Intelligence

AlOps Artificial Intelligence for IT
Operations

ASIC Application-Specific Integrated
Circuit

CoWoS Chip on Wafer on Substrate

Cru Central Processing Unit

ESS Energy Storage System

FFN Feed Forward Network

FPGA Field Programmable Gate Array

GPU Graphics Processing Unit

HBM High Bandwidth Memory

HPC High-Performance Computing

LLM Large Language Model

MoE Mixture of Experts

MWh Megawatt-hour

NPU Neural Processing Unit

PIM Processing In Memory

RLE Research Laboratory of Electronics

SolC System on Integrated Chips

TPU Tensor Processing Unit
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