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Large-Language Models (LLMs)
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Mixture-of-Experts (MoE) Based LLMs
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Pros & Cons of MoE-based LLMs

Compute Efficiency

Serving Memory Inefficiency
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https://medium.com/chivian-technology/mixture-of-experts-moe-vs-
chatgpts-algorithm-a-technical-comparison-a692d533bbc4
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Pan, Bowen, et al. "Dense training, sparse inference: Rethinking training of
mixture-of-experts language models." arXiv preprint arXiv:2404.05567 (2024).



Existing Works on Efficient MoE Serving
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Existing Works on Efficient MoE Serving

MoE Serving
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Existing Works on Efficient MoE Serving

MoE Serving
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MoE-Infinity [52])
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Expert Tracing and Offloading
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Leyang Xue; et al. MoE-Infinity: Efficient MoE Inference on Personal
Machines with Sparsity-Aware Expert Cache. arXiv:2401.14361v3
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Pattern-Based Expert Predictions
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Key Problem: Aggregated Hot is Misleading
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Problems of Coarse-Grained Offloading

Coarse-grained expert (Request-level)
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Problems of Coarse-Grained Offloading

Coarse-grained (request-level) expert patterns diminish predictability!

N Coarse-grained % Fine-grained

> 4 ? > 4
O . ) n
g © 3
& 2 S ol
S c o — ;
% %) 1 LMSYS-Chat-‘IM ...... .......... ShareGPT ...........
O : : : : : : : : B | | | | | | | | | | | | |
Mixtral Qwen Phi Mixtral Qwen Phi 0 50 0 50
LMSYS-Chat-1M ShareGPT Inference iterations Inference iterations
(a) Mean entropy per layer (b) Mean entropy per layer through iterations

Higher entropy means lower predictability

Serving Mixtral-8x7B, Qwen1.5-MoE, and Phi-3.5-MoE
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Coarse-Grained vs. Fine-Grained Offloading
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FineMoE: Fine-Grained Expert Offloading
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» |teration-level expert selection

Fine-Grained Expert Map » Probability distributions rather

than hit count
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Fine-Grained Expert Map Search
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Expert Semantic & Trajectory Similarity
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Fine-Grained Expert Prefetch & Cache
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Expert Map Store Deduplication
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Implementation Baselines -
. Evaluation
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MOE-INFINITY: Efficient MoE Inference on Personal Machines with Sparsity-Aware Expert Cache. arXiv

ProMoE: Fast MoE-based LLM Serving using Proactive Caching. arXiv

Fast Inference of Mixture-of-Experts Language Models with Offloading. arXiv

DeepSpeed-Inference: Enabling Efficient Inference of Transformer Models at Unprecedented Scale. SC’22

ShareGPT: Share Your Wildest ChatGPT Conversations. https://sharegpt.com/ 29
LMSYS-Chat-1M: A Large-Scale Real-World LLM Conversation Dataset. arXiv



Models and Testbed

Parameters Experts Per Layer Num. of

Mok Models (active / total) (active / total) Layers
MoE (LLM) Models Mixtral-8x7B [23] 12.9B /46.7B 2/8 32
Qwenl.5-MoE [60] 2.7B/ 14.3B 4 /60 24
Phi-3.5-MOoE [1] 6.6B / 42B 2/16 32
e Sl T S il GPU Testbed
‘i f .. 6 NVIDIA RTX 3090
1\ LA VAN - us 3 i Pairwise NVLinks
% . . | 144 GB GPU memory
I R e N Y <$10K USD
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Serving Performance
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Limited Memory Budget
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Expert Tracking, Prefetching, and Caching
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Expert hit rate

30%

Expert Hit Rate Improvement

N LRU & FineMoE
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System Overheads
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Fine-grained
Expert Pattern Tracking

Fine-grained
Expert Map Search

Fine-grained

Expert Prefetch & Cache
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FiIneMoE
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