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Era of Large MoE Models
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Many large models employs the Mixture-of-Experts (MoE) techniques.

Duke



Era of Large MoE Models

/A nactivated experts
Word embedding
Router: () Activated experts

Usually, a linear classifier (
to decide which expert
will be selected.

Self-attention

Activated experts:

Only selected experts will participate
in the current round of inference,
combined by a weighted sum.

Add & Normalize

Z@z( )fz(X 0 )

Expert:
Usually, a MLP model.

Add & Normahze
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Big Models and Small Devices
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Devices: Geforce GTX Mobile Series, Apple A Series, and Qualcomm Snapdragon.



Big Models and Small Devices

Efficient serving for large MoE models with limited resources.

DUke Devices: Geforce GTX Mobile Series, Apple A Series, and Qualcomm Snapdragon.



Motivations
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Sparsely-activated Experts
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* Teaser on SST2.

* Up to 80% experts are idle on Switch-base-256.
 Up to 80% GPU memory are ineffective for the inference on Swicth-base-256.
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Sparsely-actlvated Experts
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MoE Overhead on Resource Limited Devices
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e Teaser on SST2

* MoE Overhead: expert selection, expert invocation, additional communication costs.

* |n resource constrained scenarios, the invocation overhead surpasses the computation,
meaning the number of experts called dominates the overall inference time.
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SIDA-MoE

Duke



SiDA: Sparsity-inspired Data-Aware

All batches
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SiDA: Sparsity-inspired

On GPU

MoE layer -

{ =)
—

/ All experts GPU in original MoE layer.

Hash table for the i + 1-th batch:
Stores which experts will be activated
for the i + 1 batch.

lOfﬂoad to

RAM based ot

—> |n SIDA-MOE layer, only activated experts are on GPU.

Others are on RAM.



SiDA: Sparsity-inspired

x Il

This is ex?mple

Layer 1

SiDA-MOE layer 1
[Experts H; [, 1]}

Layer L

SiDA-MoE layer L
[Experts H;[:, L]]

v
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On GPU

Inference with the SiDA-MoE
layer which only contains the 1
activated experts.

Memory
Consumption

Reduce up to
80% GPU
memory

Off GPU

Memory
Consumption

/

Could reduce up to 80% GPU memory.
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SIDA: Data-Aware

The hash function:
Takes batch of data as input.

Output the index of expert to be activated for each token in each layer.

Can be predefined (such as the Hash Layer MoE) or offline trained.
We offline trained a LSTM with L classification heads.
Trained on (sample, expert activation pattern) pairs.

The hash table:

Stores the prediction S

results.

The j-th batch.

Qffline trained predictor b
Pre¥efiped-heshfunction

Optimize the sparsity
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Suppose we have L MoE layers.

Tokens.
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Our System

All batches

Inference II|:| II|:| 5
batch X - X; ---X . Xg

This is example Optlmlze the sparsity

The inference thread and the hash - —
building thread are run in parallel. —(_Hash building thread

This is ex?mple

The hash building thread is

working on later batches.

(

~orwarding the i-th batch.

Dequeue: .

The offloading module is S
i+1

working on the next batch.
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Experiments
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Memory
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* SiDA saves up to 80% memory for Swith-base-256 on short sentences.

 SiDA saves over 40% memory for Swith-base-256 on Long sentences.
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Throughput and Latency
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* SiDA achieves up to 3.93x speed up on throughput for short sentences.

e SiDA achieves at least 1.57x speed up on throughput for short sentences.
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Memory-limited Scenarios
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Accuracy Preservation

Backbone SST2 MRPC  MultiRC
Switch-base-8 99.00% 97.41%  91.74%
Switch-base-128  98.78% 98.65%  90.49%

Top-3 hash hits rate (prediction accuracy of the hash function).

Backbone Pretrained ppl. () SiDA-MoE ppl. ({)
Switch-base-8 6.68 18.49
Switch-base-64 4.93 11.84
Switch-base-128 4.86 11.73
Switch-base-256 4.59 8.11

Accuracy compromise as a pretrained model.
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Backbone SST2 MRPC  MultiRC

Finetuned 92.20 89.14 56.70
SiDA-MoE  90.59 86.91 56.11
Fidelity 98.25% 97.49%  98.95%

Switch-base-8

Finetuned 93.57 89.66 59.95
Switch-base-128  SiDA-MoE  87.04 83.01 55.49

Fidelity 93.02% 92.59%  92.56%

Accuracy compromise on downstream tasks.



Summary

* The Mixture-of-Experts technique is getting popular in the era of large
models.

* We propose SiDA-MOoE, a sparsity-inspired data-aware serving for
MoE models.

* SiDA-MoE achieves huge amount of GPU memory save and significant
speed up, while compromising little accuracy.
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Thanks for your attentions!

If you have further questions, please feel free to contact me:
zhixu.du@duke.edu
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