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Background ‘.:::5:‘..‘

GPU Memory Size Trend (2017-2025)

MoE vs Dense Model Parameter Scaling Trend (2023-2025) 6718
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The growth rate of large model parameters far exceeds the current growth rate of GPU memory.
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Background

MoE vs Dense Model Activation Parameter Comparison (2023-2025)

=== Dense Models
| == MoE Models

Activation Parameters (Billion)

For Token

Only a small fraction of parameters are required for

inference on a single token.
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Expert Index

For Sequence

A large number of tokens are routed to specific

devices, increasing their memory pressure.
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For DeepSeekV3

Token [1,7168] Expert Parameter [2048,7168] & [4096,7168]

The memory usage of Expert Parameters is equivalent to 6k tokens. (Without considering the buffer)

Cold Expert Parameter

. Hot Expert Parameter
. Hot Expert Token

Offload Cold Expert

)

Extra Hot Expert Token . x OOM! Good
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Related Work

System Type Granularity MoE Offload Strategy
FlexGen [1] Dense - -
DeepSpeed Inference MoE Naive LRU Cache + Dependency Prefetch.
Mixtral-Offloading MoE Activation | LRU Cache + Speculative Prediction.
BrainStorm [2] MoE Dataset | LRU Cache + Model Count Prediction.
ProMoE [3] MoE Activation | Training a predictor to prefetch experts based on predictions.
MoE-Infinity [4] MoE Iteration Request-level for Cache Iteration-level for prefetch(LFU).

[1] FlexGen: high-throughput generative inference of large language models with a single GPU. ICML 23

[2] Brinstorm:Optimizing dynamic neural networks with brainstorm. OSDI 23
[3] MoE-Infinity: Offloading-Efficient MOE Model Serving. arxiv2024

[4] ProMoE: Fast MoE-based LLM Serving using Proactive Caching. arxiv2024
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DeepSpeed Inference [Naive]

® Cache LRU used Expert

® Prefetch Expert activated at last iteration[dependency]

BrainStorm
CPU + Router Weight Loading
On-demand ) )
_ GPU | Pre-routing Weight Loading -Eﬁ+§:g
Loading
> g A
% > /
< P
Predict = 0,2
Rout .
CPU Wei r?tuLciurdin } ______ > Actual =0,2
Speculative = v
Loading GPU Pre-routing | Weight Loading —g'rg%:‘?z—g— g
(1]
E E A & o 1 2
© = L_.-——//’ | Branch ID
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ProMoE

- Predict - Prefetch - Transformer Layer D Embedding/LM Head

Iteration-wise Prefetch

28 N
output
token
. |
input output
token | token
|
Stride Prffetch
1
input output
token | token

Stride Prefetching with Neuron Predictor
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[_]inference  [___} wait for copy [ high pri. task I low pri. task

apy _[Gate] (7] [Ea] [E5] [ 2]
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cru I Fetch 2
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: Improvement

Chunked and Reorder prefetch shedule to overlap prefetch
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Related Work (MoE Infinity) ":::;:;'

Expert [teration level EMC

1. Maintain multi-level data structure EMC

layer

2. Cache router results

Request level EMC

3. Prefetch and Cache Expert Based EMC

layer

Expert
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Prefetch
(1) Find prior matched EAMs From EAM Collection
(2) Compute activation probability for each expert

(3) Adjusts the value in each cell through the formula (1 = (i - I)/L) [1]

lteration-level

-
EAM Collectionl | Matched EAMs Aggregated EAM Predicted EAM

! |
1AM = | | 7
1 o1 o1l '@ |02 0[3]1¢g o L0 1
: | | 1 0 1 0
1{o 1|0l 2{o] [3]0
I - I
I oo ol v Til2]o] [Oof3 ] : 04 06 _"N 03 | 045
L [oTo ol | JCEER R ES A 02 .08 0.1 |4 04)
e el L e u
@ Search @ Aggregate @) Layer Proximity 0.45>0.4 so E[3,2] prefeteched first than E[4,2]

[1] where i is the future layer ID, | is the current layer ID and L is the layer number.
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Catching schedule L | o
Reserve a portion of the slots for prefetching.
P P J + Prefetching Schedule + 0o 3
Cache the highest priority expert initially by the request-level EAM
0 3

Replace the lowest priority slots by the request-level EAM
request level EAM

Previous Iteration Buffer Replacement After R2 Buffer Replacement After R3
’ State State Prefetched State State
Current Iteration After E[1,1] AfterR2 \ After E[2,2] AfterR3
/ ] = )
el [ERIR s [ea)]i B2y
[Eal]i Em]i g2 [E21]i i[ER.2]} 3,2]
I Experts in Buffer (a) LRU + Dependency Risk!
\ Y
H , J
S iOHE[3,2] 4
[EBA1]i H[ERL]} ER,2) [ER,11]] lE2.21K7E[3,2]

(b) LRU + Model-level Count

-

(CTEVEN] | CTEPEY] [E)li_ilE2.21)] it
21l i[eR2lie2  [ER2 {[EB2R s

(c) Our Cache + Our Prefetch
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Problems in Current Expert Offloading “:' },':}

O Existing expert offloading solutions prefetch experts using inefficient guide data

** Naive/Model level offloading solutions rely on coarse-grained expert patterns(e.g
dataset level), but “global hot” doesn’t equal to “local hot”!

(dataset level)

Coarse-grained expert heatmap
el

3 I L
R e ]

Layers <

Fine-grained expert heatmap
(iteration level)
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Problems in Current Expert Offloading ::" :-‘.::'

O Existing expert offloading solutions prefetch experts using inefficient guide data

** Naive/Model level offloading solutions rely on coarse-grained expert patterns(e.g.,
dataset level), but “global hot” doesn’t equal to “local hot”!

» Iteration level offloading solutions like MoE-Infinity only record expert hit counts,
diminish the contained possibility information assigned to each expert by gate

0.1]0.1] 0.1 . 0.11] 0.1 . 0.1 = 0 0 0 E 0 . 0

Router Possibility Hit Count
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Problems in Current Expert Offloading “:' :5,.::'

O Existing expert offloading solutions prefetch experts using inefficient guide data

O Ignorance of input prompts’ heterogeneity

¢ To overlap model inference with expert transmission(CPU - GPU), existing offloading
methods will prefetch [ + d layer’s expert parameter at layer [, d is the prefetch
distance

Prefetch (_{_\

N——

Layer [ Layerl + 1 Layerl +d
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Problems in Current Expert Offloading ":" :b‘_::'

O Existing expert offloading solutions prefetch experts using inefficient guide data

O Ignorance of input prompts’ heterogeneity

¢ To overlap model inference with expert transmission(CPU - GPU), existing offloading
methods will prefetch [ 4+ d layer’s expert parameter at layer [, d is the prefetch
distance

** For layers € [1, d] that don’t have predecessor, existing methods (e.g., MoE-Infinity)
prefetches the most popular exports from history, ignoring the unigue semantic
iInformation of input prompts
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fMoE Overview

O Track fine-grained iteration-level expert activation information (Moti.1)

<+ Expert Map Store

 Use semantic/trajectory info of current batch to match best expert map (Moti.2)

< Semantic/Trajectory Expert Map Matcher
O Expert prefetching guided by matched expert map
O Cache management & Expert map deduplication

Request prompt | “Summarize this paper” 7

o~ =
C| FMoE EE
& fMo E@EContexts ‘_®_ Inference

|
Expert Map Expert Map Matcher L Prefill

___Store .- < 2 — [J) Semantic A

E.@) §5

(@) _E Tty | D

.0 8 w18 e
L@i Guide¥

Expert Cache @

® ®® — Prefetch —>» (]4
<«— Offload — ©
CPU Mem GPU Mem ‘J

Generated answers | “Thjs paper is about..
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Expert Map & Expert Map Store % :-‘;'

O Expert Map

 Data structure that tracks expert activation possibility (router result) in each model
layer [ at iteration level i

“ Recording every iteration’s expert activation possibility makes it fine-grained and

lossless

map; := {Pgi),...,Pgi),...,Pg)}, le[L].

@) ._ g (@) (1) (1) _ (7)

P, .—{pljl,...,pl’j,...,pljj}, Zp =1, ‘v’plj>0
JEV]
abb. full
i iteration
L layer num
Expert num in layer
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Expert Map & Expert Map Store % :b‘;'

O Expert Map

 Data structure that tracks expert activation possibility (router result) in each model
layer [ at iteration level i

“ Recording every iteration’s expert activation possibility makes it fine-grained and
lossless

map, = {P\" .. PV P} 1e[L]

PEJ)::{p}f},...,pl(j.,...,pl(f}}, Zp =1, ‘v’plj>0
JEV]

J Expert Map Store

* Dynamically keeps the most useful and unique expert maps for real-time queries
during inference by deduplication (later)
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Expert Map Matcher ::::s::;;

L When a request prompt arrives, Expert map matcher searches the expert map
store for appropriate expert maps to guide expert prefetching before inference

L Expert map matcher works in two scenarios divided by prefetch distance d
< for layer [d + 1, L], how to efficiently choose the expert map?
= Solution: Trajectory Similarity
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Expert Map Matcher E::E::;

L When a request prompt arrives, Expert map matcher searches the expert map
store for appropriate expert maps to guide expert prefetching before inference

L Expert map matcher works in two scenarios divided by prefetch distance d
< for layer [d + 1, L], how to efficiently choose the expert map?
= Solution: Trajectory Similarity

% for layer [1, d], how to choose the expert map without sufficient distance?
= Solution: Semantic Embedding Similarity
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Matcher — Trajectory Similarity

O Trajectory Similarity
“* Record (I — 1) layers expert activation probabilities (router result) as trajectories to
search expert map for [ + d layer

< Given trajectories map™®” € RE *(=1J and historical expert maps map°®'¢ € R¢* (-7 |
compute pairwise cosine similarity:

mapnew ) mapofd — -
- \lmap?j”’l\ : ||ma;§fd||? x € [B], y€|[C].

map . __
xy

score batch size

map store capacity

one prompt

< |X |O |

one history iter
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Matcher — Trajectory Similarity » :b‘;;

O Trajectory Similarity

“* Record (I — 1) layers expert activation probabilities (router result) as trajectories to
search expert map for [ 4+ d layer

< Given trajectories map™®” € RE *(=1J and historical expert maps map°®'¢ € R¢* (-7 |
compute pairwise cosine similarity:

new old
map, "~ -map abb. full
map , __ y
score ¥ = x € [B], ye|[C]. :
X,y ) Idu? ’ B batch size
lmape”|[ - |lmapg|| .
C [map store capacity
X one prompt
y one history iter

 Matching Method
y

< Select historical iteration y with the highest similarity, use P’ 4 € mapgld to guide the
expert prefetching for target layer [ + d
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Matcher — Semantic Embedding Similarity '.:" :.‘;‘

1 Semantic Embedding Similarity

¢ Record input layer's embedding as semantic input embedding to search expert map
for [1,d] layers both in collecting expert(historical) maps and inference(new)

< Given embedding sem™" € RE*" and historical embedding collection sem® € R¢*"
compute pairwise cosine similarity:

com sem " - Sem;‘"d [B] [C] abb. full
score)’) = : X € yE batch si
T semter [ [[semgid]) | ER——

one prompt

< [x [O |o

one history iter
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Matcher — Semantic Embedding Similarity E" :.‘;;

1 Semantic Embedding Similarity

¢ Record input layer's embedding as semantic input embedding to search expert map
for [1,d] layers both in collecting expert(historical) maps and inference(new)

< Given embedding sem™" € RE*" and historical embedding collection sem®¢ € R¢*" |
compute pairwise cosine similarity:

com sem " - Sem:‘;’,”'d B c abb. full
score, . .= “ng”ewﬂ . ||T€m0!‘d‘| , XE [ ]: yE [ ] B batch size
X y C [map store capacity
X one prompt
y one history iter

J Matching Method

< Select historical iteration y with the highest similarity, use {Pl(y), ...,Péy)} € mapy'® to
guide the expert prefetching for target layer [1, d]
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Expert Prefetching ::::E::;;

O Expert Map Guided Prefetching
% Select experts that have the highest probability score from the expert map of one
layer

» If the similarity score from map matcher is high, prefetch less experts(but no less than
TopK), if similarity score is low, prefetch more experts. Practical number is controlled by
a threshold 6.
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Cache Management “:":AS‘.;‘

O Cache Management — Latency

¢ For prefetching experts to cache, prioritize experts that have higher probability and are
closer to the current layer :

Pl.j

l o lHOW

refetch .
PRI = L Le[L], jel)]
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o
Cache Management ::::‘:::.:}

O Cache Management — Latency

¢ For prefetching experts to cache, prioritize experts that have higher probability and are
closer to the current layer :

Pl.j

l o lHOW

refetch .
PRI = L Le[L], jel)]

% For evicting when cache is full, prioritize experts that have lower probability and are less
frequently hit: {

p1,j-Jreq

PRI} = , lell], jelJ]

2025/3/25 31
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Expert Map Deduplication % :-.;'

O Expert Map Deduplication — Memory

< Compute the pairwise redundancy score RDY, ,, to determine which old iterations to
drop, update the old one with the expert map from new iteration

d L—d
RDY,, := T -scorey’y + 7 -scoreP.  x € [B], y€|[C]

Xy 2
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Expert Map Deduplication ::::s::;;

O Expert Map Deduplication — Memory

< Compute the pairwise redundancy score RDY, ,, to determine which old iterations to
drop, update the old one with the expert map from new iteration

d L—d
RDY,, = 7 - scorey’)' + - -scorel, xe[B|, ye|[C]

X,y

** 50K expert maps take 200MB CPU memory which is considerably memory efficient
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Evaluation

Hardware
® 6 x NVIDIARTX 3090 (24GB memory)
® Interconnect: NVIink(NVBridge) Host: PCle 4.0 (32GB/s)

® 32 AMD Ryzen Threadripper PRO 3955 with WX480 GB CPU memory

Model

® Mixtral-8x7B
® Qwenl.5-MoE (8 x 2.7 B)

® Phi-3.5-MoE (16x3.8 B)



Evaluation

TTFT § TPOT ! Expert Hit Rate 1
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Offline Serving
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Online Serving
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Evaluation

8 Speculate & Map (T) Il Map (T+S+d) 8 LRU & fMoE

% H|t count & Map (T+S) ° % LFU

= | Z _f

< osF R 881§ BBl = 050

) ] :

a S :

5 ot A2 L —
M‘x\(a\ qwen P \\I\'\ﬁ“a\ qwen e

(a) Expert pattern tracking approaches. (b) Prefetch and caching.

Ablation Study

2025/3/25

Mean traj. \ Sem. scores 1

-+ Mixtral-8x7B -¢- Qwen1.5-MoE 8 Mixtral-Off. & MoE-Inf.

S = Phi-3.5-MoE _ _ ProMoE_ & fMoE
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5 500 1000 1500 1 2 3 4

= Expert Map Store capacity Inference batch size
(a) Expert Map Store capacity. (b) Inference batch size.

Sensitive Analysis
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Collect context Map match i3
& Inference ) Expert prefetch & Map update

Mixtral-8x7B [iH
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Qwen1.5-MoE PRI
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Latency (ms)

Different Model with different Expert number
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