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Low-Rank Adaptation, LoORA

Critical challenges that existing approaches still face:
* Weight-loading Inflexibility

 Task Imbalance

 Downtime During Switching
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Introduction

We introduce Loquetier, a unified virtualization framework that integrates
fine-tuning and serving of LLMs with LoRA-based PEFT.

Our main contributions:
* Virtual Module
* An optimized computation flow with an SMLM kernel design

« Extensive experiments show that Loquetier outperforms existing systems
across diverse scenarios.
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Workflow Diagram
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Framework Diagram
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Figure 1: The framework diagram of Loquetier. o
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Models: Llama3-8B

Hardware: NVIDIAA6000 48G GPUs (infer-only); NVIDIAH800 80G GPUs
(other tasks).

Tasks: Inference-only;

Fine-tuning-only;

Unified fine-tuning and inference;

Mutable capacity allocation simulation;

Simulated real-world workload (based on BurstGPT [2] datasets)
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i,

3* "' NEURAL INFORMATION
2% PROCESSING SYSTEMS

Loquetier: A Virtualized Multi-LoRA Framework for Unified LLM Fine-tuning and Serving Rid




3,000
2,000

2=
S 2
- QO
S 2
~ o
H =
g s
2 £
B‘bﬂ
=
L o
g 5
s

1,000 |-

- ‘ ‘ ‘ l ‘ ‘ fme—tux‘ling to eva‘luatio : 1900 é
8
- 1600 £ Z
= 2
Res =) RPS T35 (300 B &

| | | | | | | L
50 100 150 200 250 300 350 400 450 s
Time ()
Fine-tuning —— Evaluation —— Decoding

Figure 5: Performance of Loquetier under dynamic load in unified task.

Finetune or Evaluate
Throughput (tokens/s)
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Conclusion

We present Loquetier, a virtualized multi-LoRA framework that runs fine-
tuning and inference tasks uniformly.

Loquetier performs well in the inference task, maintaining comparable
efficiency in the fine-tuning task.

In the unified task and 2 simulations, inference efficiency is maintained as
much as possible, well balancing the performance of fine-tuning and inference
tasks.
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Thank you for your attention.
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