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| ast Week: LLaMA-style Models

. Pre-vs-post norm
—veryone does pre-norm

- Layer vs RMSnorm
RMSnorm has clear compute wins, sometimes even performance

. Gating
. GLUs seem generally better, though
differences are small

. Serial vs parallel layers
No extremely serious ablations
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| ast Week: Hyperparameters

. FEN Size: Factor-of-4 rule of thumb (8/3 for GLUSs) is standard

. Head Dim:d_head * num_head = d_model is standard

. Aspect Ratio: Wide range of 'good' values (around 100-200)

. Regularization: You still 'regularize' LMs but its effects are primarily on
optimization dynamics
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L ast Week: Reducing KV-Cache
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| ecture Overview

. Introduction to Mixture-of-

. Deep

Dives Into Mixture-of-
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Mixture-of-Experts

. A new architectural trend since late 2024 and early 2025

Y Mistral Al
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DeepSeekMoE: Towards Ultimate Expert Specialization in
Mixture-of-Experts Language Models Deepseek_v3 Technical Report

GPT4 (?)

0 & E: Open Mixture-of-Experts Language Models
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Leading Multimodal Intelligence
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Mixture-of-Experts

MoOE Is g technigue that uses ma
(or "experts") to Improve the gua

Ny different sub-models
ity of LLMs

. TWO malin components:

. EXperts:
Router:

Dense Model Sparse Model
yp L1 1] y2 LLL yr L] y2 LLLL1 1 1]
* P[ Add + Normalize }1 ¥ -7 >[ Add + Normalize J(
, T
[ Add + Normalize ] l [ Add + Normalize J // /
f | FFN FFN 1 » (FFN 1) FFN 2) [FFN 3| [FFN 4] FFN 1) [FFN 2| [FFN 3] [FFN 4
FFN Layer ‘ 7'y 7'y Sparse FFN Layer \ \
r L t L X <
[ Add + Normalize J [ Add + Normalize ] \ S
) >[ Add + Normalize }4 ) >[ Add + Normalize ]<
Self-Attention 1 ) Self-Attention ) 1
1 . Self-Attention 1 Self-Attention
x ) N = ~ - * x A A
' x (LTI X, CTTIT1] x, (LTI X, CTTITT]
“The" “Dog” “The" “Dog”

Replace big

-FEN with many (but smaller)

NS

Determines which tokens are sent to which experts
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EXperts

. |INneach F

Layer 1

Layer 2

Layer n

-N with Mo

- We have (somewhat specialized) experts

BuUt experts are not specialized in a specific domain!

. Rather it learns syntactic information on a word level instead

Layer 1
Punctuation Verbs Conjunctions Visual
(,.:&-7? etc.) (said, read, (the, and, if, not, Descriptions
miss, etc.) etc.) (dark, outer,
yellow, etc.)
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Router

. The router selects the expert(s) best suited for a given input
Input

Router

Layer 1

Layer 2

Layern

Output

—ach expert is not an entire LLM but a submodel part of an LLM
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Dense FFN

-FN without MoE Is called a dense layer

i N |
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Dense FFN to Sparse Layers (Experts)

Dense Model Sparse Model

000 o0
000000000000 0000000000
XX 4
g
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VWhat Experts Learn?

Expert specialization Expert position Routed tokens
Punctuation Layer2 | s snrve I ). )
Mixtral example
Layer 6 oy, &, &&7&,7,,,.
Conjunctions and articles Layer 3 The the the the the the the the The... C|aSSM0€Layer(ﬂn MOdUIe) **********************************************
Layer 6 a and and and and and and or and ... definlt ....... (Self eXpertS LISt[nn _MOdUIe] ______
' super() __init_()
Verbs Layer 1 died falling identified fc.all closed.left Eassert |en (eXpertS) > O
posted lost felt left said read miss B -~~~ = <+~ e o O . S RIS - pgennn e e e snaaan: -0
place struggling falling signed died... self. experts nn. Modulel_lst(experts)
Visual descriptions Layer O her over her know dark upper dark Self gate -------- gate ----------------
color, spatial position outer center upper blue inner yellow Self argS — mOe argS
raw mama bright bright over openyour
dark blue
Counting and numbers Layer 1 after 37 19. 6. 27 | | Seven 25 4, 54 |
written and numerical forms two dead we Some 2012 who we few
lower
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INnference Example
Elami fuunatlis Jwoe 2 [Moc}

E@lmﬂ

First pass Second pass Third pass
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ROuter MoE Layer

Router
Router Is used to choose the expert FFENN
based on an INput " softmax
. |t outputs probabilities which It uses
to select the best matching expert SECEEETREE ES 2
. Router isalso a FFN actvate ||| ¥ or ach xper

selected
expert -
| | Not activated
: | 1 |
1 : :
|
|
|
|
|
t-=p=.85:mnun=n- > Weighted
activation

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Router

Dense MoE Sparse MoE
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Why MoEs?

O I m O mm
. MoOE Is used because of Its p E— p—
Com outational requirements o) [ Mo ser- o [ Vaseasar
. Since only a subset of experts are . ® SR
used, we have access to more — —
oparameters than we are using w Tee w |
— v v
. MoE has more parameters to load O T o
than dense models (sparse params)
_ : : Sparse Parameters » Active Parameters
—ewer are activated since only some (loading model) (using model)
experts are activated at inference it i B e i
(active params) 0+O+0+Q D+
4 experts loaded 2 experts used
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i
h IXtral 6% /b Embeddings
Why M O ES? o 32000 x 4096 = 131.072.000
o -:. embedding shared palrameters

. E -------- D S|Ze
. Parameter calculation scoder . © Attention
: 32 x 41.943.040 =1.342177.280
rep;l;ed (q, |! V) shared palrameters

decoder blocks

Router
8 x 4096 =
i # ex-!)-erts shared parameters

x32§ | ([ Layer Norm |

Uo0000Ud

4 Experts total parameters
_?_ X 5.637144.576 =|45.097.156.608

| # experts
‘ J

active parameters
2 x 5.637144.576 =[11.274.289.157]
AN # ex—pl)_erts experlt size

‘- ((_LMHead

2 LM Head
32000 x 4096 = 131.072.000

shared parameters
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Why MoEs?

. Same
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Why MoEs?

. Faster to train Mok

-1.2
37 Training loss Validation loss (C4) HellaSwag
—1.3-
— 3.0 60
3.5
—1.4 2.8 50
> 40
2 2.6 3.0
X —1.5- /X Speedup N,
o —- 2.4
&J 10 40 70 100 130 10 40 70 100 130 10 40 70 100 130
®)) -1.6- 3.2 Tokens (B) Tokens (B) Tokens (B)
O
q) _1 .7-
< > 8 50
—1 .8- 26 40
- Switch-Base: 128e ' ——— MOoE
19 - Switch-Base: 64e 24 30 —— Dense
S Switch-Base: 32e 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7
= T5-Base Training time (h) Training time (h) Training time (h)
—2.0° 5'() 1(')() 1(')() 2(')0 25')0 3(')() 3éO Figure 4: MoE vs. Dense. We train a 1.3B parameter dense model and a 1.3B active, 6.9B total

Training Time parameter MoE model, each on 128 H100 GPUs. Apart from MoE-related changes, we train both

OLMoE [Muennighoff+ 2024]
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Why MoEs?

. Highly competitive vs. dense models

Generative Computing Lab

80 1
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Why MoEs?

. Parallelizable to many devices

Generative Computing Lab

N MoE Transfomer
VvV
Encoder
Encoder
output
,”;——P Add & Norm N\

Feed Forward
FFN

| f
|

—> Add & Norm
[
Multi-Head
Attention
A
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—> Add & Norm
[

Multi-Head

Attention

Input embeddings +
Positional embeddings

MoE Transfomer Encoder

with device placement

[

Encoder
output (shard 1)

I

Encoder
output (shard E)

] [

/ f_>

Add & Norm , Add & Norm
\ |
1 N \
Feed Forward Feed Forward
FFN FFN
. J /
\ T - T
—~> Add & Norm —> Add & Norm
| |
Multi-Head Multi-Head
Attention Attention
A
. ~ T
(N/2)x (N/2)x
—> Add & Norm Add & Norm
S - _‘\‘| ——y
( C_All-to-All Combine 2 ~
Model-parallel FFN
[ FFN1 MoE [ E
T All-to-All Dispatch —
Q Gating— R —Gating y
= -

—> Add & Norm * o o —> Add & Norm
Multi-Head Devices Multif-Head
Attention 1...E Attegtion

Device 1 / \\ Device E /}
Input embeddings + Input embeddings'+
Positional embeddings Positional embeddings
(shard 1) (shard E)
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Typical MoEs

Replace dense FEN with MoE  Less common: MoE for attention

yvpical:

Sparse Model

Y1 LLLT_LLI Y2 LLLT_LLI
MLP | | MLP
¥ .7 - >[ Add + Normalize ]1 \ ] [ 4 ]
[ Add + Normalize ] // //
: 1 \ [ [FFN 1/ [FFN 2] [FFN 3] [FFN 4] FFN1! [FFN 2| [FFN 3| [FFN 4] J
Sparse FFN Layer ] \ : ‘
t L N << J
[ Add + Normalize ] \ ~N
) - >[ Add + Normalize }1 ~
Self-Attention 1 )
T .~ Self-Attention
X
xq CCTITT] x, CCTITT]
“The" "Dog”

Router

Layer Norm
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Deep Dives iInto MoEs
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Router

. Many of the routing algorithms to choose top-k

Expert Weights
( N N
Expert 1 Expert 2 Expert 3 Expert 4 Expert 5
\_ J J
Router Weights Token :
Representations
-0.3|-1.6/ 01 | 0.8 -0.1 022317
0.5 |-0.6/-1.1 -0.2-0.4 1.3 |-11/0.9
1.2 (1.3 /0.7 |15 -11 -0.7/ 01 |0.4

Router Scores Normalized
Router Scores
1 T2 T3 M To 13

Dot Product 313 | 014 | 0.74

Ll
)

N | 0.51 [-0.25 | 1.58
0.2
1.3 ™

L

q

L

N

L

0.67 | 0.05 | 0.22

E1

E2

0.05 |1 0.03 | 0.5

A
S0
€0

-1.32 1 1.97 | 0.1 ’m“ 0.01 | 0.31 | 0N
-0.7

E4

2.25 | 2.61 | 0.02 0.27 | 0.59 | 01

~—/

ES

-2.81 |-0.68 | -0.41 0.00 | 0.02 | 0.07
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Router lype

Tokens Tokens Tokens
T T2 T3 TT T2 T3 T T2 T3
R R — E— I I | |
L] \T @hogse Top-j 5|6 72)
| - - l ] - —
Al : QA QA
o _§'_ 11 | L | » || Globally ||
S - || 5 . [ ] s . Decide Expert
3 o < < Assignment
LLJ e T LLJ — — — LLJ H .
Y ||of 3| | N
- - s - } l ] ! - —
Token chooses Expert chooses  Global routing via
expert token optimization
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Router Type: Token Choose

—or each Input token, it chooses expert

Tokens

. .= Straightforward implementation e
. .= Good performance I

. 7 Load balancing

Unbalanced expert selection
Reqguires auxiliary load balancing loss

E2 E1
p-K

I

I

I

Choose To

Experts
E3

E4

ES

N? | N— | N/

Token chooses
expert

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Router Type: Expert Choose

. For each expert, it chooses token

Tokens
T1 12 13
. .= Good load balancing - phoglseT:,p_ﬂ
. 2= Variable token computation N [ E— J
Multiple experts compute important tokens ¢ | ——
2 @ || |
e . LlJ - [ I .
. < Harder to implement 3 || |
-xpert should see all the input tokens o [ — |
Difficult to adapt into autoregressive models —
Expert chooses

token
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Router Type: Global Routing

. Solve this as an optimization problem

Tokens

T1 T2 13

. & Optimal case e
. [0} - |
. - Computational overheaao o | Globally ||
5 o | Decide Expert

S || Assignment
Lu — —

N

N |

- L

Global routing via
optimization
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Router lype

. Almost all the MoEs do standard token choice top-k routing
. Some recent ablations from OLMoE

35, . Training loss Validation loss (C4) 60 HellaSwag MMLU Var
g | 2l | 0 - 30 | JM ,
c . | \ . AR |
© 3.0 B | 28 " fvl !
l ~ . |
£ . 40 .MNN
O e | _ — TC )
tos > - - 26
o J

10 50 100 150 200 10 50 100 150 200 10 50 100 150 200 10 50 100 150 200
Tokens (B)

OLMoE [Muennighoff+ 2024]
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Common Routing Variants

vialL L 11111

yoL L1111

>[ Add + Normalize

SIHEERER oL L1111
lITheII IlDogll
val, L L1111 oL L T 11 1
A
s >[ Add + Normalize ]( \
/ /f \\ \

[FFN1] FFN 2 [FFNs] [FFN4

Hashing L

Hash )

‘ Function
\_ A
.

] [FFN1

| [ Fenz | [FFN3]! FFN 4

Hash

x L1111
llThell

Generative Computing Lab
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Function <‘//
J

oL, L1 1 1 11
"Dog"

. Used In most MokEs
Different models use different k

. Common baseline
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Routing Variants |

Generative Computing Lab
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Top-1 Routing
I TITT]

yol 1 1] 1

A

Add + Normalize

FFN1

Top-2 Routing
yiC T T T 111 2L TTTT11]
A A
:[ Add + Normalize ]4
A A
:' FFN 1 '
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A Y
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-
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Hash Routing

vil L L E 11 oLl 11111
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s 7
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\
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A
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FFN2 FFN3 FFN4 :
'Router (| Router | |Router Route?
[ Hash 1 | Hash |
Function | . Function
_ : VAR RN \ )
xL Lt 11 oL L 11111 xL L1111 oL LI 1111
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BASE Routing Reinforcement Learning
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A A A A
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P A @" ~~~~~~ s / /
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Solve Linear L
Assignment
SIHEEEEN
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Top-K Routing In Detall

. Most papers do the old and classic top-K routing

x L 11011 xolL 111 111
1

h) = » g FFNi(u;) +u;  zip = (w;) e
i€ A,
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Top-K Routing In Detall

. Most papers do the old and classic top-k routing X -
l _I_ l "The" "Dog"
h; = Z git FEN; (ui) T uzlt zit = () €
€A "\ 1 ™ router weight

top-k FEN -~ gating routing logit
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Top-K Routing In Detall

. Most papers do the old and classic top-K routing

x L 11011 xolL 111 111
1

h) = » g FFNi(u;) +u;  zip = (w;) e

1€ Ay
. Pre-Softmax (DeepSeek v1/2, Grok, Qwen)
pre ) Sity if 1 € Ai)re S; ;= eXp(zi,t)
9+ — : ¢ N
’ 0, otherwise 29:1 eXP(Zj,t)

A" = TopK ({s;,t}j=1, K)

Note: Sum of g; ,i1s not |
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Top-K Routing In Detall

. Most papers do the old and classic top-K routing

hi =Y gi FFN;(u}) +ul 2 = (ul) el

x L 11011 oL L 11111
uTheu MDOgu

i€ Ay
. Post-Softmax (Mixtral, DeepSeek v3)
— if 2 post
g£$8t — ZjéAfOSt exp(zj.t)’ if 72 € ‘A-t
O, otherwise

A$08t = TopK ({2, t}y 1, K)

Note: Now Sum of g; ;IS |
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Fine-Gralned Routed + Shared Experts

. Coarse-grained: Size of dense FFEN == MoE FFEN (e.g. Mixtral 8x7B)
. Fine-grained: Segment MoE FEN by m times

------------------

-------------------

Output Hidden |

Output Hidden [

[ Router ][I{ﬂ K =2
1 1
Input Hidden |O O ' InputHidden |O O

(a) Conventional Top-2 Routing === (b) + Fine-grained Expert Segmentation == (c) + Shared Expert Isolation
(DeepSeekMoE)

\\ Y

' Input Hidden
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Fine-Gralned Routed + Shared Experts

. Recent trends of Chinese Mo

Output Hidden [

- models (e.q.

alaa)

[2

[ Router ][I{ﬂ K =2
1
Input Hidden OO

| —

' Input Hidden [

| Router |[iffkdl =

1

(o

DeepSeek, Qwen, etc)

-Ine-grained experts + a few shared experts

------------------

-------------------

Output Hidden |

—
oS
N
<
=
—
N
=

188

[ Router | 4llflx =3

Input Hidden

(a) Conventional Top-2 Routing === (b) + Fine-grained Expert Segmentation == (c) + Shared Expert Isolation

Generative Computing Lab
Inha University

(DeepSeekMoE)
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Fine-Gralned Routed + Shared Experts

. Ablation from the DeepSeek paper
. More experts and shared experts generally helpful

1.2
Bl 0 shared expert + 2 out of 16 routed experts (GShard)
Bl 1 shared expert + 1 out of 15 routed experts (+ shared expert isolation)

1.1 B 1 shared expert + 3 out of 31 routed experts (+ fine-grained expert segmentation)
o Bl 1 shared expert + 7 out of 63 routed experts (+ finer expert segmentation)
O
c 1.0
©
=
o
< 0.9
)
o
D
N 0.8
©
3
o 0.7
pd

0.6

0.5

HellaSwag PIQA ARC-easy ARC-challenge TriviaQA NaturalQuestions
Metrics

Figure 3 | Ablation studies for DeepSeekMoE. The performance is normalized by the best perfor-
mance for clarity in presentation. All compared models have the same number of parameters
and activated parameters. We can find that fine-grained expert segmentation and shared expert
isolation both contribute to stronger overall performance.
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Fine-Gralned Routed + Shared Experts

. Ablation from the OLMOoE paper
. Gains from fine-grained experts, but not from shared experts

30 Training loss Validation loss (C4) HellaSwag MMLU Var
o . 3.50 60 35
U .
£ 3.25 # experts
§2 6 3 00 40 — 32 routed 30
- 31 routed,
g 2.4 2.75 1 shared
10 40 70 100130 10 40 70 100130 10 40 70 100130 10 40 70 100130
Tokens (B)
30 Training loss Validation loss (C4) HellaSwag MMLU Var
| 3.5
02.8 o0 35
g ' 3.2 # experts
£ — 64
2
g 2.4 2.8 — 8
10 40 70 100130 10 40 70 100130 10 40 70 100130 10 40 70 100130
Tokens (B)
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Expert Setting for Recent MoEs
Model  |Routed | Active | Shared | Fine-grained ratio

GShard 2048 2 0

Switch Transformer 64 1 0

ST-MOE 64 2 0

Mixtral 8 2 0

DBRX 16 4 0

Grok 8 2 0
DeepSeek-MoE 64 7 ] 1/4
Qwen 1.5 60 4 4 1/8
DeepSeek v3 256 8 1 1/14
OIMoE 64 8 0 1/8
MiniMax 32 2 0 ~1/4
Llama 4 (maverick) 128 1 1 1/2
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How to Train MoEs?

. Major challenge
. We need sparsity for training-time efficiency
BUt sparse and discrete gating decisions are not differentiable

Under vanilla NTP loss, routing becomes a "rich-get-richer" process

-xpert Collapse: Early-performing experts receive more gradients,
while others remain under-optimized (so not used forever)

. Current solutions
. Add heuristic load balancing losses
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Heuristic Load Balancing Losses [Fedus+2022]

. Our goal: the router assigns experts evenly

N = # experts

N
loss:a-N-Zfz--Pi
i=1

fi = % z 1{argmax p(x) =4} - fractiOrj of to

&

. palancing hyperparameter

NS routed to expert |

x€B . non-differentiable (argmax|
1
P, = T sz'(ﬂ?)- . fraction of the router prob.
rEB (softmax) for expert |

. differentiable
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Heuristic Load Balancing Losses [Muennighoff+ 2024

Training loss Load balancing loss Validation loss (C4) Validation loss (Pile)
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Figure 9: Impact of applying a load balancing loss (LBL). The training loss plot excludes the
load balancing loss for both models. More results, logs, and configurations: https://wandb.ai/
ai2-11m/olmoe/reports/Plot-LBL-vs-No-LBL--Vml1dzo40TkyNDg4
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Figure 10: Expert assignment during training when using or not using a load balancing loss
for the first MoE layer. More results, logs, and configurations: https://wandb.ai/ai2-11m/
olmoe/reports/Plot-LBL-vs-No-LBL--Vml11dzo40TkyNDg4
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Issues of MoE: Instability (zoph+ 2022
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Stabilizing Sparse Models

1. Many methods stabilize sparse models, but at the expense of worse quality.
2. The router z-loss stabilizes models without quality degradation.

3. Transformer modifications with more multiplicative components (GEGLU, RMS nor-
malization) worsen stability, but boost quality.
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|ssues of MoE: Instability Muennighoff+ 2024

. Z-loss INn Mok helps a lot

Training loss Validation loss (C4) HellaSwag MMLU Var
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Figure 11: Router z-loss. We compare adding router z-loss with a loss weight of 0.001 versus no

additional z-loss. More results, logs, and configurations: https://wandb.ai/ai2-11m/olmoe/
reports/Plot-Zloss-vs-none--Vmlldzo4NDM4N jUz
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|ssues of MoE: Overfitting [zoph+2022]

. Sparse MoEs can overfit on smaller fine-tuning dataset

SuperGLUE CB Task 100- SuperGLUE ReCoRD Task
100.01 100- —
97.5- 08-
95.0+ 961
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D ) L -
S 90.0 S 92 Dense train_eval
- [Dense validation_eval
87.57 Sparse train_eval 901 e
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80.0 I I 1 84 T T T T 1
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Figure 3: Sparse models are prone to overfit. We plot train and validation curves for our ST-MoE-
L and a dense-L models fine-tuned on the CB task (250 train sequences) and ReCoRD (138k train
sequences). In both cases, the sparse model learns more quickly on the train partition (blue exceeds
green line). However, for the smaller CB task, the dense model outperforms the sparse model on the
held-out validation set (red vs. orange). In contrast, on the larger ReCoRD task, the sparse model
outperforms the dense model by several percentage points.
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|ssues of MoE: Overfitting [zoph+2022]

. Sparse MoEs can overfit on smaller fine-tuning dataset

. Solution?

-Ine-tune non-Mok MLP layers only
Regularization (expert dropout)

Jse |ots of dataset
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Spa rse U pcyCHﬂg Komatsuzaki+ 2022]

. Can we train Mok models from dense checkpoints? - Yes!

Upcycled MoE Block
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Summary

. MoEs take advantage of sparsity; not all iInputs need the full model

. Discrete routing is hard, but top-k heuristics seem to work

. Lots of empirical evidence now that MoEs work, and are cost-effective

. Although there are some issues of Mok
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