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Mﬂlz Mixture-of-Experts (MoE)

Released MoE models

- DeepSeek-MoE, Qwen-MoE, 5
Hunyuan-Large, Mixtral, Datalbricks... gT - I'B‘f‘('jc’i - » MLP Block
gl

« Model structure Embedding Dim

- MoE layer: MHA block + MoE block

_ . +

MoE block: gate + experts N eio \

 Prons _ MHA _’% L Expertl »—

- Improved model quality Block & .~ Expert2 -]

- Consistent serving cost - Expert3 -

MoE Block

Cons
- More memory requirements



W@Efz Fine-tuning after Pre-fraining

« Perform better on downstream tasks.
* Much less computing power compared to the pre-training phase
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domain-specific dataset

ﬂ ﬁ
pre-training fine-funing
large-scale dataset base model finetuned model
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w‘yﬁﬂfz Resourced-constrained Environments

Limited number of GPU nodes
iInNferconnected with PCl-e

Opportunity NVLin
- Cost-effective # #
ChG"engeS ?3(::1 ex R?D?’r: ex @ @
- Bandwidth-constrained (;,Clpl PCle PC'e ;i pl Pele PCle
- Memory-constrained PCle Switch PCle Swifch

(a) GPUDirect connect. (b) No GPUDirect connect.

Approaches
- Scale out: more GPUs
- Scale up: heterogeneous memory
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)



Mg@ﬂf}i Scale Out Appraoch: Parallelism

PP is more suitable for bandwidth-constraint environment

S

memory reduction |

split model along hidden split model along layer distribute optimizer states, gradients
dimention, intra-layer split dimention, inter-layer split and parameters across devices
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collective communication(":) P2P communication(".

collective communication ffﬁ

g

optimizer states, gradients, parameters




NBEEE’Z Scale Up Appraoch: Offloading

7 = Offloading can further expand the model size GPU | cCPU

Leverage heterogeneous memory
- GPU memory, CPU memory, Disk

Move weight/activation to CPU, prefetch when needed

y
L
Prons e
- Alleviated GPU memory pressure GPU BWD |
. |

Cons

- CPU-GPU communication overhead 0ffl0d! params update.
(can be overlap) '
- CPU parameter update overhead parameters activation

( can not be overlap, but it is slight)

gradients optimizer states
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Mﬂlz Combination of PP and Offloading

« Divide layers info multiple stages, each stage consisting of multiple consecutive layers

« One GPU is respondsible for multiple pipeline stages

« Prefetch the next stage while the current stage is executing

« Offload the stage (weight and activation) after execution

FoolFor [ FoolFoa | Fao|Fan|Fan|Fus Byo|Ba1 | Bao[Bas|BoofBoi|Boo|Bos
Load Stage 4] _ Load Stage 0] _
Fol Pl Fio | Fis | FsolFsn | FsofFss Bso | Bsi | Bso|Bss|Bio]Bii|Bio]Bis
Load Stage 5 _ ____|Load Stage | }
Fool o [ Foo [ Feof FaofFari [ Feo] Fes Bso | Bs1 | Bso|Bss]|Boo]Boi|Bos|Bos
Load Stage 6] _ Load Stage 2 _
faolFan | Fsa | Frol Fro [P [ Fro | 7o | Bro | Bri [Bro| BraBso|Bsi[Bso] Bso
Load Stage 7 Load Stage 3




Mﬁlz Challenge: Computation Blocking

 Increased ratio of data to computation in MoE models

 Need more time for loading the next stage

« Computation blocking, wasted computational resources

Blocking
Foo | Foa [ Foz | Foa fe===>] Fao | Fao | Fao| Fas Bao| Byt [Baz| Basfe----- M Boo | Boi [ Boz | Boz
_Load Stage 4 . Load Stage 0 _
F1,o Fm F1,2 F1,3 = Fs,o F5,1 F5,2 F5,3 Bso [ Bs,i [ Bso Bs,s D > Bl,O Bii[Bio B1,3
_Load Stage 5 Load Stage 1 _ _
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_Load Stage 6 _ _ Load Stage 2 _
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MEQ Opportunity1: Expert Popularity

I = Leverage the expert popularity for system-side optimization

« Skewness
- Most input tokens will select a small portion of experts.

« Real-time
- Dynamically decided by the gate operation located right before experts.
- Real-time expert popularity

« Predictability

- Using approaches (neural networks, statistics,hashing function) to make prediction
- Predicted expert popularity

 Temporal Locality

- A few experts are always activated with high intensity within a fime period.
- Historical expert popularity



MVEEEX Opportunity 2: Computation Affinity

.\?. Opportunity to leverage CPU computiation

« Skewed expert popularity -> variations in computational intensity

* Pre-experiment
- loading, CPU computing, and GPU computing of a single expert
- Intel Xeon Gold 6348 CPU with 28 Cores and Nvidia A800 GPU

(a) d=1024, h=4096

=eo-: CPU(7 cores) ff’ 1
— —e-+ CPU(14 cores)
EZDO‘ >+ CPU(28 cores) i P
15 e < |2| | vastgap
€ 100 Load et
[ 4
comparable _L_

)y

Number of Tokens ¢
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Jii:  APTMOE Design

+ Key ldea: allocate expert computation across both GPUs and CPUs based on affinity

 Benifits
- Improved computational efficiency
- better memory management

**® Challenges
- which experts to load -> hierarchical loading strategy
- when to load -> demand-priority scheduling scheduling

loading loading
decision execution
4 A s N 4 A
Hierarchical Demand-priority
Loading |:> Priority Queues <:| Scheduling
Strategy Strategy
. J \. J \_ J




dbmf’f Hierarchical Loading Strategy

= Which experts to load ?

« Three hierarchies: inter-stage, inter-layer, inter-expert

* Loading decision management

- Three queues, each for one loading hierarchy with different priorities
- Manage load decisions by adding or removing the names of model blocks

loading
decision
4 — ‘ D) r — ™)
= p— Historical Popularity 1 Inter-Stage | > | Lowest Priority
opulari
Prgdic’ror >l Predicted Popularity > Inter-Layer | ——>{ | Second Priority
[ Realtime Popularity }—{ inter-Expert | —>1 [ Highest Priority ]
L Hierarchical Loading Strategy y | Priority Queves
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Mﬁlz Hierarchical Loading Strategy

* Inter-stage Phase
- Overlapping space between the s-th stage computation and the (s+1)-th stage loading
- Occurs when switching pipeline stages
- Decide to load MHA blocks and gate operations (high computational intensity)
- Decide to load historical high-demand experts

P00 | For | Foz | Fso | Fan | Fae B B B3, Bo,2 Bo,1 Bo,o
Load Stage 3 Load Stage O
Sol P | Fiz | Fao | Fan | Faz B2 By, B4o B - B Bio
Load Stage 4 Load Stage 1
To0 | Faar | F2e | Fso | Fs1 | Fs2 Bs o Bs,) Bs,0 B2 By, By,
Load Stage 5 Load Stage 2




Jitl: Hierarchical Loading Strategy

* Inter-layer Phase
- Overlapping space between the i-th layer computation and the (i+1)-th layer loading
- Occurs when executing different model layers within one pipeline stage
- Load predicted high-demand experts
- Loading decision: R metric

lower expert popularity

i
< Current layer i< Next layer . : .
Of pLexpert 0 £ pl<expert 0P load to GPU 1 keepin CPU
MHA | 9= expert | MHA | 5|5[Ce Stopbing loadi
Block |[®|®|excert2 | Block |of®[lexpert2 b opping loading
o expert 3 o exper
\ Load expert] J v ﬁ

keep in CPU




M[!fz Hierarchical Loading Strategy

* Inter-layer Phase: Predictor Design
- Location: one or a few layers ahead of the gate operation
- Structure: same as the gate operation
- Weight initialization: takes the weight of the corresponding gate operation
- Training: use same activation as input, and takes steps of training for better prediction

nth MoE Layer (n+1)-th MoE Layer

AN

~
Tl

| S
' Ul
—-+| Expert 0 |~ \ -| Expert 0 |-

< i g
S 3 g g
LB ek S C0~| Expert 1 |~ M = = ~| Expert 1 |- ]
< =I5l & < gl © .
g £ [ 1-| Expert 2 | »[_] % £ | Expert 2 |»—
|—-> Expert 3 |+ -+| Expert 3 |-
Compute k Load

Affinity aware




M[!fz Hierarchical Loading Strategy

 Inter-expert Phase
- Overlapping space between the 0-th expert computation and the last expert loading
- Occurs when executing different experts within one model layer
- After generating the real expert activation (gate operation)
- Load real-time high-demand experts

/’ \
load expertO

% expert 1 | expert 3] e 0
D d expert 2
keep in CPU



Mﬂlz Hierarchical Loading Strategy

« Backward: Inter-stage Phase Only
- All accurate expert popularity is already known

- Globally optimal allocation scheme

|:O,O FO,] FO,2 FB,O F3,1 F3,2 83,2 BS,] BS,O BO,2 BO,] BO,O
Load Stage 3 Load Stage O
F],O F],l F],2 I:4,0 F4,1 F4,2 B4,2 B4,I B4,O B],2 Bl,] Bl,o
Load Stage 4 Load Stage |
FQ,O F2,1 F2,2 I FS,O FS,] F5,2 BS,Q BS,] B5,O 82,2 BQ,] BQ,O
Load Stage 5 Load Stage 2 In the backward, both loading and

computation takes longer duration, while
the expert popularity becomes
deterministic.



MEQ Demand-priority Scheduling Strategy

A When to load ?

Three loading phases cannot execute concurrently (one PCle lane in the same direction)

Coordinating three loading phases

CUDA kernel scheduling to maintain priority

Inter-stream synchronization to maintain dependency

] Timeline ___
cpy _computestream L[ (L) L]
loading stfream P . P ,\
~ Demand-priority
Inter-expert » I ¥ | Priority Queues { ||  Scheduling
CPU  terlayer » TTLID) | Strategy
Inter-stage & [ 11 |
\_ v, | -
Inter-stream / CPU-GPU 7 Kernel CUDA
synchronization synchronization * Launch Event
High-Priority Medium-Priority Low-Priority Compute AR
L] Task L] Task L] Task [ Task "T



u;@[!fz Putting It All Together: APTMoE Workflow

( B
Layer-to-Stage Mapping APTMoE Static profiles memory usage
>| Computation Affinity | APTMoE Static [ and execution time on the targeted

L. model and devices, then generate
5 APTMoE Runtime

Memory profiling results

Time profiling results

W

layer-to-stage mapping and

MoE Model Hierarchical Loading Demand-Priority ; .
Fhi i Scheduling computational affinity lookup table.
Inputs E Predicted Popu. [ Infer-laver | |c) ‘ E a S 7
: |_Real-time Popu. 1 Inter-Expert | r \
Param. Setting O . ..
Popularity Predictor | - APTMoE runtime takes the affinity-aware
G GPU Servers ]9: Affinity-aware Offloading for Pipeline Parallelism OfﬂOOdiﬂQ for efficient ﬂne—’runing.

é
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NBEEE’Z Experiment Setup

Testbeds
- 4 nodes, 8 * A100(40GB) per node, 1024 GB main memory per node
- Every 4 GPUs connect to one Intel Xeon Gold 6348 CPU with 28 cores
- GPUs interconnectted with PCl-e

Experiment Design

. . model
# layers | expert size | # experts
. size
- Genelized case study

-> varying expert size and #experts MoE-5-8 4.98

-> simulated expert popularity MOE-5-16 64 [1024, 409¢] 16 8.8B

MOE-S-64 64 34.6B

- Real case study MOE-M-8 8 18.9B

- > model: NLLB-MoE, Mixtral-8 X 7B V= 64 [2048,8192] ” P
- > dataset: APP dataset

MOE-L-8 64 [4096,14336] 8 61.2B

Baseline: GPipe, GPipeOffload, Mobius

Metric: fine-tuning throughtput (sequences/s)

\ 9
\— )



Jll: Generalized Case Study

» Overall Perfformance
APTMOE vyields positive speedup compared to all baseline methods across all models

- 1.6 1.6 4 1.6
B = .- Az mm e = A 10 . -t =
E’§ 10; 1.4 _ ....--Ar-"“33 /'794 158 1.4 2
I - - P e = N 9
gg - FEO-S-REAS 5 {5 — K= 2 " 29 : _e—-Tg o
O o 5 -1.2 1.2 O = = 1.2 o
c v = = = = = = = = W
= 9 2 g < e S 2, 5. o
0- 1.0 oLt——=0t, = mml] g (L=t =0, =110
G=0 4 0.6 G=0102 03 04 G=0.0501 015 0.2
a 0E-5-8 bs= 128 {b) MOE-5-16 bs=128 (c) MOE-5-64 bs=128
4 1.4 1.4
5% 5.0 Q.
U I.U7 1.0
£5 WE L1 512 WE 123
J - -1 gy - 1.
2 523 . 0 0.5{ I _ Q
= ﬁﬁ'f‘-wﬂﬁ:- =] = = b= 0., lage (2]
= v ‘ of*= "0 5 5§ otr= «g;nraw*“e : 252
0.0 K& 11,0 oltE=_oR-= OR 11.0 0.0 CNES ONES OR 1.0
G=0.2 0 4 06 0.8 G=0102 03 04 G=0.2 0.4 06 0.8
(d) MOE-M-8 bs=128 (e) MOE-M-16 bs=128 (f) MOE-L-8 bs=64
GPipe GPipeOffload Mobius APTMoE -2~- over GPipeOffload =0-= over Mobius

)



Jll: Generalized Case Study

> Impacts of #experts on Performance (a)(b)(c)
#experts increases -> pronounced impact of expert popularity on the throughput
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NBEEE’Z Generalized Case Study

> Impacts of expert size on Performance (a)(d)
larger expert size -> decreased speedup
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u;@[ﬂﬁz Real Case Study

> Predictor Accuracy }é'g_ 055
- Token accuracy ® 06 0.64
« prediction accuracy per token § 0.4 Mixtral
» 85% for Mixiral-8x7B, 64% for NLLB-MOE < 0.2~ NU Ao
- Expert accuracy 0 200 t40(:- 600 800
« prediction accuracy of expert popularity order S ours
* 100% for Mixtral-8x7B , 94% for NLLB-MoE ® 2.39
oW 2.07
=t = 211.81 _ :
> Performance 93, s oee
- NLLB-MOE: 15%1 over Mobius, 32%?1 over GPipeOffload  © & APTMoOE
- Mixtral-8 X7B: 4%1 over Mobius, 20%1 over GPipeOffload 0 NLLB-MoE, bs=128
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M[!fz Conclusion

« APTMOE: affinity-aware pipeline fine tuning system for MoE models targeting aft
bandwidth-constrained GPU nodes

« Approaches
- Hierarchical loading strategy
- Demand-priority scheduling Strategy

« Enable fine-tune larger model under constrained resources, and improve
performance by 33%.

« Reconsider the role of CPUs in Al infrastructure
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