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Operator-aware tensor offloading approach for large language
model inference in resource-constrained scenarios

ZHANG Jianfeng, XIE Dong, JIAN Songlei™ , LI Bao, WANG Xiaochuan, GUO Yong, YU Jie
(College of Computer Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract ; Efficient inference deployment of large language models faces severe challenges in resource-constrained scenarios. Although current
mainstream inference optimization techniques have improved model inference efficiency to some extent, they still suffer from issues like coarse-
grained deployment and poor inference accuracy. Based on the discovery that different operators exhibit varying degrees of GPU affinity, an OATO
(operator-aware tensor offloading) approach was proposed. OATO could extract operators’semantic knowledge and used it to design an intelligent
scheduling algorithm, which further yielded a globally optimal model-deployment plan. Meanwhile, the OATO approach was integrated into the
latest large model inference framework Llama. cpp to implement an operator-aware tensor offloading enhanced inference engine, referred to as
OALlama. cpp. Experimental results show that compared with the state-of-the-art inference engines Llama. cpp and FlexGen, OALlama. cpp
achieves the best inference performance on three large models. Notably, in the scenario where 75% of the LlaMA3 — 8B model weights are loaded
on the GPU, the first-token generation speed of OALlama. cpp is nearly doubled compared with FlexGen and Llama. cpp.
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Alg. 1 Smart operator scheduling algorithm

HIN: R4 GPU W74 gpu_cap

%‘- ?ﬁ 'J %3 operators

1] F GPU 174 i available_gpu_memory
i 57413 operators

1. Function Operator Placement ( gpu _ cap, operators,
available_gpu_memory) .
/7RI IR GPU EFIEE
for op in operators
op. B = (op. Tc-op. Tg) /op. M
end for

[ NS I S ]

operators = normalize_and_sort_operators ( operators )
/A
while true:

prev_affinities = [ op. gpu_affinity for op in operators ]

for op in operators:

O 00 9 N

op. B = (op. Te-op. Tg-op. T") /op. M
10.  end for
11.  operators = normalize_and_sort_operators ( operators )
12. if [ op. gpu_affinity for op in operators | = = prev_
affinities ;
13. break
14.  end if
15. end while
/ST S
16. memory_limit =0. 90 = available_gpu_memory
17. total_mem =0  gpu_count =0
18. for op in enumerate ( operators ) :
19. total_mem + =op. m

20. if total_mem > memory_limit;

21. break

22.  end if

23.  gpu_count + =1
24. end for

25. for i in range( gpu_count) ;//JUETE GPU

26. operators[ i|. backend =" GPU"

27. end for

28. for i in range ( gpu_count, len ( operators ) ) :// il &
1 CPU

29. operators[i]. backend =" CPU"

30. end for

3

—

. return operators
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