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HELIX: Heterogeneous LLM Inference with Flexible and Fine-Grained Partitioning

HELIX is a new framework that dynamically partitions LLM inference workloads across different accelerators, improving performance by adapting to hardware and model architecture.

Key points


	HELIX allows fine-grained partitioning of LLM inference at the operator level, rather than fixed partitions like attention/FFN.

	It uses dynamic programming and piecewise compilation to optimize execution latency across heterogeneous hardware.

	HELIX automatically determines hardware-specific operator placements during engine initialization.

	It enables accelerators with partial operator coverage to participate in inference without predefined model partitions.

	In tests, HELIX reduced multi-query decoding latency by up to 3.5× for hybrid state-space models compared to standard approaches.

	HELIX provides an open-source framework for integrating heterogeneous accelerators into LLM inference pipelines.



Why it matters

As LLM inference becomes more complex and hardware more diverse, the ability to dynamically adapt workloads to different accelerators is critical for performance and efficiency. HELIX offers a new way to optimize inference by leveraging heterogeneous hardware without rigid partitioning strategies.

Counterpoint

HELIX requires careful integration with existing frameworks like vLLM and may have higher complexity in deployment compared to fixed partitioning approaches.

Sources


	HELIX: HEterogeneous LLM Inference with FleXible and Fine-Grained Partitioning (arXiv)
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