GPU Power Management Enables Rapid

Deployment of Large Language Models

Characterizing Power Management Opportunities for LLMs in the Cloud

Power is a key bottleneck for LLM deployments at scale Background: LLM inference has two distinct phases
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Power supply cannot keep up with the explosion in demand for LLMs Phases are fundamental to transformer-based generative LLM inference
Prompt phases are power intensive, token phases not Production LLM inference clusters underutilize power
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GPUs account for nearly Token phases underutilize
half of the allocated power allocated GPU power Prompt and token phases are statistically multiplexed across the cluster
GPU power throttling knobs have different trade-offs GPU power throttling is effective for LLM inference
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and mainly throttles prompts and throttles the entire request Frequency scaling reclaims power with low performance impact

POLCA manages GPU power to safely deploy ~30% more servers in existing and upcoming LLM inference clouds

Cha"enge 1: SIOW OUt-Of-band GPU management ApproaCh: Conﬁgurable and proaCtive 100<yA. ....................................................... P ower brake
priority-aware throttling ’

Row

Virtual Machine

Row

1. Historical power traces
Server c e
_ 2. Workload priorities Rack
‘ = 3. Row-level power draw ‘ High priority server
~40 seconds . >
Time

HyperV|sor

Cluster Power Utilization

Virtualized GPUs cannot be Power throttling delay far exceeds |

controlled with in-band knobs the 10s deadline to shed power Result: Deploy 30% more servers with < 1.5% — Low priority High priority | Power brake incurred

p99 impact on high-priority workloads s 1 = g > -

e N1 H a (. 3 I

Challenge 2: Diverse and evolving LLMs £ o S o
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In the paper: in-depth training and inference characterization, design implications for LLM clusters, etc.
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