LLMShare: Optimizing LLM Inference Serving with
Hardware Architecture Exploration

Hongduo Liut, Chen Bai¢, Peng Xu', Lihao Yin3, Xianzhi Yu3 Hui-Ling Zhen3, Mingxuan Yuan3, Tsung-Yi Ho', Bei Yu*
'The Chinese University of Hong Kong “Hong Kong University of Science and Technology SHuawel

Background Designh Space Deep Tree Kernel (DTK)
, Parameter Notation Value Range i . .
= L[ Ms are getting smarter, but also larger. Server Count - 12345678910 10 = Fach configuration is represented as a tree
. . . . Device Count dc 4 8 12,16 4 . . . .
Serving LLMs require substantial hardware resources. ik Count Per Device | Ic 613 18, 24 . A hierarchical MLP is used to aggregate features
= ; ‘ ‘ . : : Main Memory (GB) mm 40, 64, 80, 96, 112, 128 6
Serving requires strict service-level objectives. Global Buffer (VB) | b |20, 30, 40, 50, 60, 70. 80, 90, 100, 110 | 10 ecode pool
Core Count cC 72,96, 108, 132, 156, 180 6 global buffer
Local Buffer (KB) Ib 64,128, 192, 256, 320, 384, 448, 512 8 System< server count local buffer size
LLM Inference Process Overview recam |k W | t
rray Heig a , 32, 64, core coun .
Vector Width vw 16,32, 64, 128 4 prefill pool pectopwidih
- . e server device core lane <
Prefill Phase: Process the entire input prompt to set up context. Table 1. Design space of the prefill and decoding pools. The entire design space array height
= Decoding Phase: Generate output tokens autoregressively of an LLM serving system is nearly 9 x 10'%. link count main memory size lane count
using KV cache.
= Prefill and Decoding pose different computation and memory Multi-Obiective Bavesian Optimization
LLMShare Overview J y P

requirements.

= Surrogate model: Gaussian Process with Deep Tree Kernel
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Design Space Exploration Framework
Exploration Steps

Can we find a hardware configuration to achieve

1. Initialize with a set of sample designs.
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18: end for
19: return D,
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