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Large language models (LLMs) such as GPT-4, Llama 3, and DeepSeek-V3 have
become a central component of modern artificial intelligence, enabling
conversational assistants, code generation, and knowledge retrieval. With models
now reaching hundreds of billions of parameters, serving them has become one of
the dominant workloads in datacenters, and LLM inference is now a first-class topic at
major systems venues [1, 2]. Inference consists of two distinct phases: a
compute-bound prefill phase that processes the input prompt, and a memory-bound
decode phase that generates output tokens one at a time. These phases are
increasingly served on heterogeneous GPU fleets that mix hardware generations with
different compute, memory, and power characteristics.

These demands translate into high power consumption and significant energy costs,
raising concerns about infrastructure capacity, operating expenses, and sustainability.
Recent studies show that inference servers often draw well below their provisioned
power and that substantial energy savings are possible without violating latency
targets [3, 4]. Exploiting this requires understanding the trade-offs among energy
efficiency, latency, and throughput.

This thesis will explore power capping and dynamic voltage and frequency scaling
(DVFS) to improve the energy efficiency of LLM inference. Because prefill and decode
stress different resources, they respond differently to frequency changes. This
motivates finer-grained management that tunes compute and memory frequencies
independently, per phase and per GPU type. The objective is to identify strategies
that reduce energy consumption while maintaining acceptable performance,
contributing to more sustainable deployment of LLM-based systems.
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