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Transformer

Output sequence
(Deep Learning)
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Sequence to Sequence Learning with Neural Networks,

https://arxiv.org/abs/1409.3215
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Overview: Transformer

Equal contribution.
Listing order is random.
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Self-attention

A‘“O I.". o"'o". o2 ’Alo “'m‘
. 0‘ 2 I ¥ " - LN * * M * “‘ . . =
] - ~ Say &~ ] § ¢ ... “‘ R ] ‘Y «s* «* L L]
n 2 L - * . - ., «* & . A .s® . o =
[ ] '3 L [ ] * . ] . [ ]
. ' o, * LS . * * ® . *

n * Y .’ n 0’ TP * n o g ** * [}
n * * ... u . (3 * ] ¥ * * u
- . ., * o, i PNTA * .t . *

. - g . ~ * o G e * .
= . LR S, *e* o e e * .
. - IS n e, OGNS v s%a . % .

o Y [ . s . . *
= A S . . L3 o, " n * S - .
n * A4 L ] * LY . * “ ] ** * »
S * % . ", - . LN . * *
u * o, " e L . o, " s LR B .
* o s .
n & Yome® .‘ .* Yomg® 0'0 n
n "‘ otte, RS Ya, “’.. AN n
n * * ‘t ] s . * * o, . [ ] L Z * * ]
* . . . * L] . n s * *
. ~ * o " .““ - “e? ., s e .
[ - . [ ] . n
u ’0’ "““ ) ““ .O.‘o’ 0"‘$‘ '..} * o K "
n “ L} n
= o R Ve B sy RN o+ w ¥ RN *e =
n * “‘ 0‘“ n * h. ‘t 0‘ . o 2z & " a
= o . P S = of ARG ‘. - e’ Te, e a
" o * 5% e *e . o “‘ .'. * = * Ya, e . "
. * e S te s < = < o ‘e e Ll % Sk %
* % o . . s * L0
[ ] * . Y * | ] * L & * ] * N 'S * ]
* AP e . ", o - ade, o

IR ““‘ 0’ L] .0 * % " o ..z o N
X LR X .':2.0’ i.‘i

m—l
QD
N
QD
w
1)
1S

— _/

Can be either input or a hidden layer
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Self-attention
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Find the relevant vectors in a sequence
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Self-attention

attention aq,2 a3 a4
score

q' query k? key k3 4
" | I Y
Bl a2 as a’

q' = Wia' k2 = Wk a2 k3 = Wka3 k4 = Wkat
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ay,; = exp(as, )/zj exp(au )

aqq aqo aq3 an 4

Soft-max

q1 — W93 k2 = Wk a2 k3 = Wka3 k4 = Wkat
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Self-attention
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Self-attention
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Self-attention
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Self-attention
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QK'
Vi

J Attention(Q, K, V) = softmax (

Parameters
to be learned

-

Attention Matrix
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Q Layer:| 5 5| Attention:| Input - Input —
The_ The_
T T T didn_ didn_
: ’ t t
[ Self-attention ] Cross_ cross_
the_ the_
street_ street_
because_ because_
it_ it
too_ too_
T T T T tire tire
el d_
[ Self-attention ]
When the model is processing
T T T the word “it”, self-attention allows

it to associate “it” with “animal”.
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Multi-head Self-attention
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Different types of relevance

gl it kil k2 il iz

iinnni
'y

q' = Wia' . (2 heads as example) .
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* The model's representation of the word "it" bakes in some of the
representation of both "animal” and "tired”

Layer:| 5 4| Attention: | Input - Input 4 Layer:| 5 3| Attention: | Input - Input :
N HE B R
The_ The_ Be. The_
animal_ animal_ animal_ animal_
didn_ didn_ didn_ \ \\ didn_
t t t \\ t
Cross._ Cross._ Cross_ \”‘w.:. \;\ \:'1.__\ Cross_
the_ the_ e “x{“_-_.:;;\;\'?\\ the_
street_ street_ street_  ~_ T~ street_
because_ because_ because_| “ :‘“*Q\ because_
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d_ d_ o d_

2 heads / heads
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itional Encoding

* No position information in self-attention

* Each position has a unique positional
vector e

 hand-crafted
* learned from data

Each

qg k' v column
t ot 1 represents a
| positional

el + a vector e’
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Self-attention

Self-attention v.s. CNN

CNN: self-attention that can only
attends in a receptive field

» CNN is simplified self-attention.

Self-attention: CNN with learnable
receptive field

» Self-attention is the complex
version of CNN.
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Self-attention v.s. CNN

( Multi-Head Self-Attention Layer h
Lh
% Rl
y ALE? - = p D MHSA{X)
e —— R ) sl
i Elﬁ Ifﬁjx % 5_ ______ g 1 |
H - 1 | 'g' * - = 1 1 ‘ﬁ 1
F-I".f_‘i i A 8 T
| | : : : : [ '
B g Wit oy - - - W,
_ D x | On the Relationship between Self-
< Attention and Convolutional Layers
ALY ] EH%I:».:A.T.*- Filter matrices .
__Attention maps for ixel q J https://arxiv.org/abs/1911.03584
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Self-attention

Self-attention v.s. CNN

~ Good for more data

1Good for less data Z - | Self-attention
CNN

|
o=

S
=

An Image is Worth 16x16 Words:
Transformers for Image Recognition at Scale

https://arxiv.org/pdf/2010.11929.pdf

Lh
o

N

] & -+ ViT-L/16 -=-ViT-B/32 -=-ResNet50x1 (BiT)
| --ViT-L/32 - ViT-b/32 -®-ResNet152x2 (BiT)

Linear 5-shot ImageNet Topl [%]

el
[

10M C30M  100M ©300M
Number of JFT pre-training samples
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Self-attention v.s. RNN
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Recurrent Neural Network (RNN

memory — RNN —| |~ RNN —| |-~ RNN —-{ = RNN
4 _ W B LT TTr N N 1
hard to B R
consider ||| - - nonparalle
Transformers are RNNs: PR bbbl bbb bbbl I
Fast Autoregressive I li
Transformers with parallel:
Linear Attention “evens Forrnrnnnnnnnnnnnas: Foeeennnnnnnnnnne, RN <
https://arxiv.org/abs/2006.16236 _
Self-attention
1 1 1
easy to
consider
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Encoder

Transformer’'s Encoder
You can use RNN or CNN. — 7 i \

Add & Norm
Feed I

h' h2 h3 h4 Forward
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] I I v | s

( A Multi-Head
Attention
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Encoder

| use the same network architecture
as transformer encoder.

— 7 i
Add & Norm )l

h'! h2 h3 h* Foog Ia

Forward
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3 ) NXx Add & Norm |+,

Encoder - oo
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Encoder

To learn more......

 On Layer Normalization in the
Transformer Architecture
https://arxiv.org/abs/2002.04745

 PowerNorm: Rethinking Batch
Normalization in Transformers
https://arxiv.org/abs/2003.07845
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coder

Post-LN Pre-LN
LN(x + Module(x)) x + Module(Norm(x))
Normalization is aﬁpli_ed after the Normalization is aﬁpli_ed before the
Definition  self-attention mechanism or self-attention mechanism or feed-
feed-forward network. forward network.
Training (I\)/ml‘qcﬁgiﬁ}r?blebm mg egggos'ﬁeges May be unstable in the early stages
Stability unstable?éter. y of training, but becomes stable later.
Gradient  Prone to gradient vanishing, Alleviates gradient vanishing,
Behavior  especially in deep networks. making it suitable for deep networks.
Suitable for relatively shallow Suitable for dee
o ! p hetworks and
Applicability ’ggI?sSfr%rqrEﬁfirn%r(i:rrm]il’;[igclztcl#;ier?ir?gr Iargde-lscale pretraining language
stability. MOUEIS.
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® Batch Norm. batchF7[@ff/3—1, EN*H*WHHE

® Layer Norm. channelFEfifl3—1, EC*H*WHHE

® Instance Norm. —“channelifigl3—1k, EH*"WHHE

SchannelJElsrgroup, IAEEgroupfigi3—1k, HE(C/G)*H*WHIIHE

® Group Norm. °

Batch Norm Layer Norm Instance Norm Group Norm

H. W
H, W

LUl

LI LT
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U
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Decoder

Autoregressive (AR)

/,}nnputsequencé\\

|

(3 ) & )

Encoder —_— Decoder
— Z

Input sequence

Transformer
https://arxiv.org/abs/1706.03762
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Autoregressive (AR) distribution
— 2 0.0
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...................................... R - (common
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Decoder

Autoregressive (AR)

R B * ~

A A A A

max | max : max i max :
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¢l 2) i B

Encoder — Decoder

U . J

TTTT I I I T

AW - ~
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START S I 2
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Decoder

Autoregressive (AR)
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Encoder BN eboter
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Autoregressive (AR) We do not know the correct output length.

S E = >] (1
A A A A A
max max : max max max :
1@@1 I i | | |
~ R ~ ™

Encoder > Decoder
& & %)

HTT [ I [ I I

/7I<r_ ?—j .~ ae
START S = o2 >
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distribution
N
. o 0.0
Adding “Stop Token” s 0a
s% .
Iﬁ 0.0 Vocabulary Size
= : (common
(rrnmsssaarernnany : > 0.1 characters)
SR S )
1@@1 t softmax =2 90
(i %) &) )
Encoder = Decoder
\_ . 37

TTTT 1
WWM

REFS])
START
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Decoder

Autoregressive (AR) Stop at here!
R E 5 >? ETd
max? max? max max max
1@@1 t 1 T T T
& N 4 ~
Encoder — Decoder
\ & k)

TTTT 1 1 1 f f
WWWW v ® -
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START R B s 3
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Probabilities
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Decoder

Output

Probabilitias

l Linear [

[ Add & Norm ]--O
s i "\ Feed
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Decoder

Self-attention —» Masked Self-attention
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Decoder
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Self-attention —» Masked Self-attention

> b2 p
a, 3 ay 4
k .
¢ k3 v q* k* vA
1 } ] 1 } ]
al a2 a°® at

Why masked? Consider how does decoder work
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Decoder

Attention Mask

Regular Causal

Query Token

Key / Value Token

Shanghai Jiao Tong University | 2026 | yangxue.site
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Decoder
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Attention Mask

Regular Causal Sliding Window

Chunked

Query Token
Query Token
Query Token

Key / Value Token

Key / Value Token

Key / Value Token
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Decoder @) X EAdLE

Gutput

Non-Autoregressive (NAR)

/,}nﬂputsequencé\\ (A0 s N

Feed

T Forward

(3 ) (3 )

Multi-Head
Attention

[

I

Encoder —_ Decoder 1

I

Add & Norm

Masked

\ T / \ ) _

\

{L

J

Positional

Input sequence ) Encoding

Output
Embedding

Transformer f

Outputs

https://arxiv.org/abs/1 706.03762 (shifted right)
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Decoder

AR v.s. NAR

Wi W5 W3  END Wi Wy Wy
| | | | | | |

(% B 3 A

AR Decoder V. NAR Decoder

. J S. . y,
] ] ] ] ] ] ] [

START W, W, Ws START START START START

» How to decide the output length for NAR decoder?
* Another predictor for output length
* Qutput a very long sequence, ignore tokens after END

Shanghai Jiao Tong University | 2026 | yangxue.site 53



Decoder

AR v.s. NAR

Wi W5 W3  END Wi Wy Wy
| | | | | | |

(% B 3 A

AR Decoder V. NAR Decoder

. J S. . y,
] ] ] ] ] ] ] [

START W, W, Ws START START START START

» Advantage: parallel, more stable generation (e.g., TTS)
» NAR is usually worse than AR (why? Multi-modality)
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Contents

® Encoder-Decoder




Encoder-Decoder

-

~

.

Encoder

Y,

I

\ Input sequence

output sequenca

|

r

Decoder

~

Y,

[ b &

AaY) Y H XA AL
d7=Z0)) &~ /A A LN T
X &)

/”/!a mNF‘“‘X

&/
/' SHANGHAI JIAO TONG UNIVERSITY

/
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Transformer
https://arxiv.org/abs/1706.03762

Gutput
Probabilities
. ~\ Cross
Add & Norm .
Food attention
Forward
' 1 I, Add & Norm
Add & Nomm Multi-Head
Feed Attention
Forward ( Nx
] \ —_
N)-( orm
f-" Add & Norm | Mesiad
Multi-Head Multi-Head
Attention Attention
U 1
L_ J \ —
Positional D @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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Encoder-Decoder

1

Cross
attention

—

. 6 | o |
"QX —X —X
k1 ! k2 v? k3 v?
1 _1
s B
al a’ a°
] | ]
[ Encoder

Self-attention (Mask) ]
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Encoder-Decoder

a; a,
‘*A\EZ‘
k' v! k? v
T_l_T T_I_T
a' a? al
| | 1 t t
[ Ehcodar ] Self-attention (Mask) ]
I ]

1 |
W Aot ol STARTG 1L @
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oder-Decoder

Cross Attention

Listen, attend and spell: A
neural network for large h
vocabulary conversational 0
L.
>

speech recognition

<space

https://ieeexplore.ieee.org/do

This is not
cument/7472621 u ( SIS NO

transformer.)

<space->
W
0
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Encoder-Decoder

Cross Attention

Source of image:
https://arxiv.org/abs/2005.08081

Shanghai Jiao Tong University | 2026 | yangxue.site

Target
. Y
il N
Transformer = T:ansfnfmaf
Encoder . o
+ I\
- -
[ ] *._‘l [ ]
S AN
Transformer \' Tmnsfnrrne: :
Encoder \I\
: 1
Transformer Trans.fmmgr
Encoder Decoder
b I Y
Source

(a) Conventional Transformer

/ﬁ)\ﬂ)ﬁ%
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ncoder-Decoder
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Cross Attention

Source of image:
https://arxiv.org/abs/2005.08081

Tafget | Target

¥
- . - -,
6™ Encoder Layer .‘:{E"DemderLayerl
et
ﬂs"‘l:la-mder Layer

5™ Encoder Layer

‘;
e
21~
-

¢

4* Encoder Layer |——rr
I
g b d

3 Encocder Layer —1# 3= Decoder Layer
||'I.
[ A
i
{1

™ Encodes Layer 2 Decoder Layes
1“‘EﬂmdafLa'_.nerl 1™ Decoder Layer

L. r . A

(a) Granularity Consistent Attention (b} Granularity Parallel Attention (c) Fine-Grained Attention (d) Full Matching Attention (e) Adaptive Matching Attention
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20 S distribution
w1 Ground - 00 “
- rrssssssansnanananEnEnEnnnnnn - truth -
E O o 7 0.8 |
3 0 minimize 4 = 0.0 Vocabulary Size
cross entropy - ' — (common
................... > 01 characters)
................... >
: END 0.0
e e f.i T softmax <
(i ) (4 B
Encoder > Decoder
J \_ T Y,
«H«m w .
REFS)
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laining

Teacher Forcing

Gy X F XA A%
YAXALZ

\'¢, y
) e/ SHANGHALI JIAO TONG UNIVERSITY

\(]
7]

e
G AT

e[
s
o |

minimize cross entropy

-+
—
—l |-
—

—>

J
T T T T Using the
MM M J ground truth
MY ® as input
(REZS) P
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Inference
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Beam Search

The red path is Greedy Decoding.
The green path is the best one.

Not possible to check all the paths ... - Beam Search

A B OéBZE;ABA B
y ~ 0.9

04 A B06 A B 0.9

06 A B 04 Assume there are
only two tokens (V=2).
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Beam Search

® Beam size = k = 2. Blue numbers score(y;, ..., y;) = ZL] log Piy(Yily1, - Yie1,X)

<START>

Calculate prob

dist of next word
Shanghai Jiao Tong University | 2026 | yangxue.site 65




Beam Search

® Beam size = k = 2. Blue numbers score(y;, ..., y;) = 2:;1 log Piy(Yily1, - Yie1,X)

-0.7 = log P,,,(he| <START>)
he

/

<START>

N

/

Take top k words

and compute scores
Shanghai Jiao Tong University | 2026 | yangxue.site 66




Beam Search

® Beam size = k = 2. Blue numbers score(y;, ..., y;) = 2;1 log Pey(Yily1 - Yiz1, X)

@) X Fdr¥

% &)
s/ SHANGHAI JIAO TONG UNIVERSITY

-1.7 = log P, (hit| <START> he) + -0.7

-2.9= log P, (struck | <START> he) + -0.7

-1.6= log P, (was|<START> 1) + -0.9

he <
/ struck
<START>
\ was
] <
-0.9 got

Shanghai Jiao Tong University | 2026 | yangxue.site

-1.8= log P, (got | <START> ) + -0.9

For each of the k hypotheses, find top
k next words and calculate scores
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Beam Search

® Beam size = k = 2. Blue numbers score(y;, ..., y;) = 2;1 log Pey(Yily1 - Yiz1, X)

o

he <

struck

/ 2.9
<START>
\ -1.6
was

: <

got

1.8

1.9

Of these k2 hypotheses, just

. _— . keep k with highest scores
Shanghai Jiao Tong University | 2026 | yangxue.site 68




Beam Search

- X A4
FRAAE

® Beam size = k = 2. Blue numbers score(y;, ..., y;) = 2:.;1 log Pey(Yily1 - Yiz1, X)

-2.8 = log P, (a| <START> he hit) + -1.7

-1.7 a
he < me
/ struck 2.5 = log P, (me| <START> he hit) + -1.7
-2.9
<START> -2.9 = log P, (hit|<START> | was) + -1.6
\ T hit
was <
| < struck
got
-0.9 -3.8 = log P, (struck|<START> | was) + -1.6
-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

For each of the k hypotheses, find top k
next words and calculate scores
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Beam Search

® Beam size = k = 2. Blue numbers score(y;, ..., y;) = 2:.;1 log Pey(Yily1 - Yiz1, X)

-2.8
-1.7 a
he < me
/ struck 25
-2.9
<START> -2.9
\ 1.6 hit
was <
/ < struck
0.9 got -3.8
-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

Of these k2 hypotheses, just
keep k with highest scores

- X A4
FRAAE
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Beam Search

® Beam size = k = 2. Blue numbers score(y;, ..., y;) = 2,; log Pey(Yily1 - Yiz1, X)

K

-0.7
he

<START>

\I

C

-0.9

Shanghai Jiao Tong University | 2026 | yangxue.site

-4.0
tart
2.8 / ,
ie
1.7 & p4
hit < o
— me 3.3
struc 5 B with
2.9
2.9 on
1.6 hit 3.5
was <
struck
gOt 3.8
.8

- X A4
FRAAE

For each of the k hypotheses, find top k
next words and calculate scores
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Beam Search

- X A4
FRAAE

® Beam size = k = 2. Blue numbers score(y;, ..., y;) = 2,; log Pey(Yily1 - Yiz1, X)

-4.0
tart
2.8 Z _
1e
2.7 a P
0.7 hit < 3.4
he< me 3.5
/ SEPHCK 2.5 with
2.9
<START> 2.9 on
\ 16 hit 35
was |
| < struck
0.9 gat 3B

1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

Of these k2 hypotheses, just
keep k with highest scores
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Beam Search

® Beam size = k = 2. Blue numbers score(yq, ..

i

K

< hit
struck

0.7
he
/ 2.9

<START>

\ -1.6
wdas
/

< got

2.9

-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

-4.0
tart in
-2.8
/ pie with
a
-3.4 4.5
me -3.3 37
-2.5 with a
-2.9 on one
hit -3.5 -4.3
struck
-3.8

t
2 Yt) 4=82,-=1 log P (YilY1sees Yie1, X)

For each of the k hypotheses, find top
k next words and calculate scores

- X A4
FXALY
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Beam Search

® Beam size = k = 2. Blue numbers score(yq, ..

-4.0
tart in
ie wi
A7 a p
0.7 hit < -3.4 -4.5
he < me 35 A7
/ struck o5 with 5
-2.9
<START> -2.9 on one
\ 1.6 hit 3.5 43
was <
| < struck
0.9 got 3.8

-1.8

t
°rYt)4:8 2109 Pem(yilys, - Yiz1,X)

s 2 4 40
FRAAE

g/
s/ SHANGHAI JIAO TONG UNIVERSITY

Of these k2 hypotheses, just

. _— . keep k with highest scores
Shanghai Jiao Tong University | 2026 | yangxue.site 74
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Beam Search

® Beam size = k = 2. Blue numbers score(yq, ..

t
-,yt)4=8 2. log Py (yilys - Yic, X)

-4.0
tart in
-2.8
17 Z pie with 4.3
; a pie
0.7 hit < -3.4 -4.5
he < me 3.3 -3.7 tart
/ struck 2.5 with a 4.6
-2.9
<START> -2.9 on one -5.0
\ "l hit 3.5 4.3 pie
was <
/ < struck tart
0.9 - 3.8 5.3

1.8

’// i\‘\\\ - /». 4 X %

\%, g)
€/ SHANGHALI JIAO TONG UNIVERSITY

For each of the k hypotheses, find top
k next words and calculate scores
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Beam Search

® Beam size = k = 2. Blue numbers score(y, ..

ol I

-4.3

<

< hit
struck

pie

-0.7
he
/ 2.9

<START>

tart

-1.6
\ was
[

-4.6

-5.0

< got

-0.9

-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

-4.0
tart in
-2.8
/ pie with
a
-3.4 -4.5
e 3.3 4.7
-2.5 with a
-2.9 on one
hit -3.5 -4.3
struck
-3.8

pie

tart

-5.3

This is the top-scoring hypothesis!

B)) X AXELZ

\% g)
€/ SHANGHALI JIAO TONG UNIVERSITY

t
2 Yt) 4=82,-=1 log P (YilY1sees Yie1, X)
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Beam Search

® Beam size = k = 2. Blue numbers score(yq,...,v;) = ZL log Poy(Yily1 - Yie1, X)
4.8

-4.0
tart in
-2.8 . :
17 Z pie with 4.3
- a pie
0.7 hit < -3.4 -4.5
he | me \ as a7 /[ e
/ struck 2.5 with a 4.6
-2.9
<START> -2.9 on one -5.0
\ o8 hit 3.5 4.3 pie
was <
/ < struck tart
0.9 got -3.8 e
1.8

Backtrack to obtain the full hypothesis
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Tips

Sampling
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e/ SHANGHAI JIAO TONG UNIVERSITY

The Curious Case of Neural Text Degeneration

https://arxiv.org/abs/1904.09751

Context: In a shocking finding, scientist discovered a herd of unicorns living in a remote, previously unexplored valley,
in the Andes Mountains. Even more surprising to the researchers was the fact that the unicorns spoke perfect English.

Beam Search, b=32:

"The study, published in the Proceedings of the
National Academy of Sciences of the United States of
America (PNAS), was conducted by researchers from the
Universidad Nacional Auténoma de México (UNAM) and
the Universidad Nacional Autonoma de México

(UNAM/Universidad Nacional Auténoma de
Mexico/Universidad Nacional Autonoma de
Mexico/Universidad Nacional Autonoma de

Meéxico/Universidad Nacional Autonoma de ...

"

Pure Sampling:

They were catﬂe called Bolivian Cavalleros; they live in a
remote desert uninterrupted by town, and they speak huge,
beautiful, paradisiacal Bolivian linguistic thing. They say,
'Lunch, marge.' They don't tell what the Ium:% is," director
Professor Chuperas Omwell told Sky News. "They've only
been talking to scientists, like we're being interviewed by TV
reporters. We don't even stick around to be interviewed by
TV reporters. Maybe that's how they figured out that they're
cosplaying as the Bolivian Cavalleros."

Randomness is needed for decoder when generating sequence in some tasks.
Accept that nothing is perfect. True beauty lies in the cracks of imperfection. ©

Shanghai Jiao Tong University | 2026 | yangxue.site
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[ Decoder
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----------------------------------------------------
A

e *

. o 0

........... .. S
i BLEU score?

.......... L

[ Decoder ]

1. & n-gram RUFEHRILECER:
ITEIRIEEIFEHE n-gram
ESEFNFEFPHMIRES
(REEFEF1Z n-gram SUR

HILLE

__ Y min(count¢(n-gram),countp (n-gram))
Prn = > count¢ (n-gram)

2. it& Brevity Penalty (BP):
TR ERTE

lengthp
length,

3. ZE1t&® BLEU

N
BLEU = BP x exp (Z Wy, logpn)

n=1

BP = exp (1

79



Tips

(%EEE (C) : “thecatsatonthe mat” Z&EFhE (R) : "the catis on the mat"

1. it8 n-gram 5 (p,,): 2. it8 Brevity Penalty (BP):

o RIZEIERE: 6

« ZEFEKE: 6

« AAKEMRFE, FILABP =1,

o 3F n=1 (837):
o ﬂ;ﬁgﬂﬂﬁﬁ{] 1_gram §Ui€ ["the”, "Cat”, "Sat", "OI"I", "the", ”mat"]

& %%@‘]ﬁﬁ’\] 1_gram §Ui€ ["the“, "Cat", "iS“, uonu, "the”, I'matlt] 3 i.l.% BLEU Score:

N 1_ ram: "the", "Cat", uonu' "the", “mat" 5 /I\)
= IRy =g ( . BIREBA n=2, B wy = wy = 0.5

« BLEU = BP x exp (wl Inp; + ws lnpg)

o 34F n=2 (3F4H): « RARE:

o {RIEENFEM 2-gram FlFR: ["the cat", "cat sat", "sat on", "on the", "the mat"]

o BLEU = 1 x exp (0.5 x In(0.8333) + 0.5 x In(0.6)) ~ 0.549
o BEFNEMN 2-gram FlFEK: ["the cat" "catis", "is on" "on the", "the mat"]

o PLECHY 2-gram: "the cat", "on the", "the mat" (3 1)

Tt

0 Py = = (0.6
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1. i85 n-gram FREHRDTHACER:

R OE % 3 <EOS> 3{ g & 3 <EOS: bt shenet
x E 2 3 #E 7 3 HEIREBHEHEA n-gram
o @ ; rﬁ%ﬂw¢mnmwwa
® | - ® o {EIEEDIFFiZ n-gram UK
, § B9 e, B 8 8 HLLfe
: BLEU Soore? _ > min(count¢(n-gram),count g (n-gram))

v v v v Y e T seesesessssasases s nasanesseresasanes, : Pn S~ countc (n-gram)

2. it&E Brevity Penalty (BP):
1 1 1 1 1 T ......... T .......... T .......... I ......... ot IE_'l:jj'%é % —_]'%I:I

B _ lengthp
BP = exp (1 lengthc)

[ Decoder

3. Z81itHE BLEU
BLEU = BP X exp (iw log pn )

When you don’ t know how to optimize, just use reinforcement learning (RL)!
https://arxiv.org/abs/1511.06732
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NG

Exposure bias?

—_— ;_B

i

— ik
. 4
O IR

There is a
" mismatch! ®

44
_>-j_>
<
— |
<

r ™
Decoder
1 K e J

PR |

START 3§ i

< >
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Scheduled Sampling

* Original Scheduled
Sampling

https://arxiv.org/abs/1506.03099

« Scheduled Sampling for

Transformer
https://arxiv.org/abs/1906.07651

e Parallel Scheduled
Sampling

https://arxiv.org/abs/1906.04331
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Gutput
Probabilities

Sotmax_]
( (Fae Nom ) | [ rrr rrr
i Time r FT 1 r
Forward - |
N == e I ’ I*‘ L I*m

e 1 an
w Multi-Head SITow
Feed Attention Tokenized  Token Token Positional  Encoder Hidden
Eorviand 7 7 Nx text  encodings embeds embeds  stack states
O
Nix Add &' Norm
—~{Add & Norm J Masked
Multi-Head Multi-Head
Attention Attention -
S T L T
R y € — Die
Positional D & Positional ﬁl;':lﬂtt 4 3 RS » -}Jl“l_-} Peil
Encoding y Encoding wie
Input Output ein
SRR Sl Tokenized Token  Token Positional Decoder Hidden Clossification  Token
1 T text encodings embeds embeds stack states head predictions
Inputs Outputs
(shifted right)
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® NLP/Vision Transformer
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Evolutionary -
Tree uLzte] - EEE GPT-4® urassic-2|A2! @.
L,
@ZE) OPT-IML2N e
o [ChatGPTI® BLOOMZ| %] Gab'lm:ti cale\] ﬁ k-',
we Sparrol©
S| Y oo fimrac
/%8s e
InstructGPT|E} GPT-NeoX|
 Encoder-only (BERT) SET o il @G [ 955

NL,@ (Gopher) O [ERNIES . 0)5{ v |-
¢ EnCOder-DeCOder (T5) K5 Jurassic-

GPT-J[8]
* Decoder-only (GPT) i pe s el
DeBERTaf - %ju GPT-3®
@s=) -\ R, = - i ;é
@ BWET i T2 o
FastText Glove T ﬁm*f:j

Word2Vec

Shanghai Jiao Tong University | 2026 | yangxue.site https://arXiV.Org/a bS/2304 1 371 2 86



NLP Transformer YFEZALE
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 Focuses on understanding and analyzing Input

. i i ] sequence
input information rather than creating new

: 12

content
- | | L .
- = = ‘ smefarmar ancAado k-
- Good at understanding and classifying BERT,,,. : Iransformer encode
information, such as determining the : :
: 4
sentiment tendency (positive or negative) of ool e Lo
a text or topic classification Contextualized i v

word embeddings -]:I EI:I:. B

Shanghai Jiao Tong University | 2026 | yangxue.site
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NLP Transformer

 They excel at tasks that require
understanding input and producing

relevant output

* Good at translation or question-

answering systems

Shanghai Jiao Tong University | 2026 | yangxue.site
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Input | I | love |Ilam35|
SEQUEHEE‘
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: Encoder (RNN) | :

Neural : Task: representing language :
machine : :
translation Decoder (RNN) Ol .
; Task: generating language
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NLP Transformer

OpenAl chose the Decoder-Only (e.g. GP1

Effective for natural language generation

Better at understanding and predicting

language patterns

Particularly suitable for handling open-

ended, generative tasks (e.g. Caption)
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Input
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Transformer l l -
+  decoder :
GPT-1 -
. [ Masked self-attention ]

= cm - 112
[ Feedforward neural network ] :

Next generated
word
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Why Decoder-only?

Efficiency first: dual optimization of training and reasoning (KV-Cache)
Parameter reuse: capacity maximization

Full-rank attention: stronger theoretical modeling power (Causal Mask)
Unified tasks: the king of zero-sample generalization

Ecological promotion: the victory of the open source community (LLaMA,

DeepSeek, Megatron)
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ansformer

Structure

Advantage Disadvantage

Inductive bias:
translation Limited receptive field

equivariance, locality

Sutsampiing Convolutors  Subsampling

Buppsqus ]
uonusiy
pE3H-JNY
gy ) | .

Wnduy

|

ndgy

uojuapy

PRI

SACEqRZ

nding

Fippequi

|

Training is difficult, more
Long-range data is needed.

receptive field Large amount of
calculation
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Vision Transformer

Transformer Encoder

, A
L x (:>

MLP

Vision Transformer (ViT)

)

Class

Bird | MLP ViT
Car | Head https://arxiv.org/abs/2010.11929

Norm

Transformer Encoder

%MW+J iﬁéiidéé

* Extra learnable
[class] embedding Linear Projection of Flattened Patches

R |

Multi-Head
Attention

13

Norm ]

- — s — — o — — — — — — — — o= — -
|'
7 ) F ~, F “ .
* ( ‘ ]
.
-
. 7 \ 7

Embedded
Patches
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Transformer

Patch Embedding

® Input: 2-D image, mark as xeRH*WxC

® Patch size: P x P, mark as x,eR"*F*¢

® Patch num: N = HW /P?

Shanghai Jiao Tong University | 2026 | yangxue.site
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!ision Transformer

Position Embedding

® No positional embedding ® 2-D positional embedding: consider the
® 1-D positional embedding: consider 2-D 2-D position of patches (x, y)

patches as 1-D sequences (used in ViT) ® Relative positional embeddings

i
: i I
I‘.::?‘l"{ Illllll'-"'_"'
F‘“’_‘—Jf 41-1. .I,.‘....:L.,.._ul .
--:: p—— ﬁ—-—iﬂ
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Transformer

Position Embedding

® No positional embedding ® 2-D positional embedding: consider the

® 1-D positional embedding: consider 2-D  2-D position of patches (x, y)

patches as 1-D sequences (used in ViT) ® Relative positional embeddings

ViT-L16
7 epochs, LR=0.0002, WD=0.01

ViT-L16
7 epochs, LR=0.0004, WD=0.1

ViT-L16
14 epochs, LR=0.0004, WD=0.1
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e L LD T R AN

el T T e FERECECTR TSI Y S el P E T ]

s AEENNNNNNNEEES T ‘AN
CIATESSHNSSSSEEE  -SFFSSEEEEEEEEE @ CISddEHEEEEEEEE N
cATESSHNNEEEEEE :© ‘SESSESEEEEEEEE ©-IEdENNEENEEEEEEN C
ATESCSOOOEEEEERE 'ESSEEEEEEEEEEE © 'ESEEESEEEEEEEE N :
s:ATEECOOOEEEEEE ©-EEEEEEEEEEEEEE S :EFEEESSEEEEEEERE N -
o ANEEEONNNEEEEE - -EEEESEEEEEEEEE :-IEEEENEEEEEEEEN ¢

i Lo felelolololol o f ey bbbl o oy |of [ fefefef el ] o] o

2y Lofedeelolololololof o oy bbb L Jelelololof o g oy | L L L p bl

g LoLoffeleelalal ol o J » BRRRRRPEINFFEEE AR

& L L L L Ll L L L] 13 W I IR IR RT R R A &) L L L L L fe bl b ]
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1 2 3 4 5 6 7 8 9 1011 12 13 14
Input patch column
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Class Token

® A learnable embedding (class token) is prepend to the sequence of embedded
patches, whose state at the output of the Transformer encoder serves as the

image representation.

LU

* Extra learnable
[class] embedding Linear Projection of Flattened Patches

T
Y
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Vision Transformer

Transformer Encoder

Zo = [Xclass; x;)E; XfDE; R xgE] + Eyasn E e R(PZ'O)XD, Byus € RWN+1)xD
z'y = MSA(LN(z;_1)) + 2,1, £=1...L

z; = MLP(LN(z'y)) + Z’¢, {L=1...L

y = LN(z})
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Transformer Encoder

, A ,
L x < : )
[ wmp |
i
Norm ]

Attention

[ Multi-Head ]
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Norm ]
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Vision Transformer

Parameters and Calculations

Layers: the number of blocks;

Hidden size D: hidden layer features, D is always the same in each block;

Heads: the number of heads in MSA;

®

®

® MLP size: generally set to 4D;

®

® Patch size: The patch size of the model input, this only affects the amount of calculation;

Model Layers Hiddensize D MLPsize Heads Params
ViT-Base 12 768 3072 12 86M
ViT-Large 24 1024 4096 16 307M

ViT-Huge 32 1280 5120 16 632M
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Vision Transformer

Performance

® Vision Transformer models pre-trained on the JFT-300M dataset outperform

ResNet-based baselines on all datasets, while taking substantially less
computational resources to pre-train.
Ours-JFT Ours-JFT Ours-121k BiT-L Noisy Student
(ViT-H/14)  (ViT-L/16)  (ViT-L/16) (ResNetl152x4) (EfficientNet-L2)
ImageNet 88.55 +0.04 87.76+0.03 85.30+0.02 87.54 +0.02 88.4/88.5*
ImageNet RealL 90.72 +0.05 90.54+0.03 88.62+0.05 90.54 90.55
CIFAR-10 99.50 +0.06 99.42+0.03 99.15+0.03 99.37 +0.06 —
CIFAR-100 94.55 +0.04 93.90+0.05 93.25+0.05 93.51 £0.08 —
Oxford-IIIT Pets 97.56 +0.03 97.32+0.11 94.67+0.15 96.62 +0.23 —
Oxford Flowers-102  99.68 +0.02 99.74+0.00 99.61+0.02 99.63 +0.03 —
VTAB (19 tasks) 77.63+023 76.2840.46 72.72+0.21 76.29 +1.70 —
TPUv3-core-days 2.5k 0.68k 0.23k 9.9k 12.3k
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nsformer

Performance

90 1 —
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5 | @ g
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& ® ® ViT-B/32 ViT-L/16 - - ViT-L/16 -*-ViT-B/32 -= ResNet50x1 (BiT)
5 0l @ © VIT-B/l6 (0 ViT-H/14 £ 0] T VIT-L/32 e ViT-b/32 = ResNet152x2 (BiT)
L | T ' '_] | —r— T T T T — T T T
ImageNet ImageNet-21k JFT-300M 10M 30 M 100 M 300 M
Pre-training dataset Number of JFT pre-training samples
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Vision Transformer
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Limitations of ViT

® In existing Transformer-based models, tokens are all of a fixed scale, a
property unsuitable for these vision applications.
® Computational complexity of its self-attention is quadratic to image size,

causing problems in vision tasks with dense predictions at the pixel level.

Shanghai Jiao Tong University | 2026 | yangxue.site 103



Swin Transformer YHAXIAE

s/ SHANGHAI JIAO TONG UNIVERSITY

® Hierarchical feature maps for convenient utilization of techniques like
feature pyramid networks (FPN) or U-Net for dense predictions.
® Computing self-attention locally within non-overlapping windows equal

number of patches to achieve linear complexity.

segmentation

classification  detection ... classification
T

/L/ o T __7/£X ////6X
4
ST, Tl
= 4 / // %
G S
W// 4x — 16x )
L Swin

https://arxiv.org/abs/2103.14030

(a) Swin Transformer (ours) (b) ViT
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Swin Transformer

- segmentation o
Arc h Ite ct ure classification detection ... ClaSSIflcatlon
T s
/ = 16x / e 16x
Novel Components g = -
ST g m
® Patch Merglng B ==
i s s 4% 16x
: W A LT
® Swin Transformer Block , -~ .
(a) Swin Transformer (ours) (b) ViT
_——d e —_ -
" I Me \\ |, 1+1f\‘ “
, 1z e v | g B i
] 1 1
H W H H W H W H W 11 ' ' !
T X x48 =x—-xC X5 x20 35 X %40 T X3z X8C | ! MLP : : M1]:P !
o R o e e D e = T T 1
~ ~ 4 ] 1
f Stage 1 d # Stage 2 ; ! Stage 3 ‘: :’ Stage 4 \\. I E - : : . :
v (w0 N ! 4 N i 4 N 4 AV y co 7 "
gl ! |8 'Vl e L I 1| oeo ! 1 A 1 ! N 1
HxWx3 4% 1 % L g N = 11 | .E [ - o g : Al+1\“/< ]
g : 2 Swin y %‘0 Swin + %D Swin i | % Swin P! ! : ' '
Images [P & —:—) E > Transformer—:—:) = P> Transformer—:—:) = PP Transformer Fr»| = | Transformer ") I | w-MSA 1 : SW-MSA 1
Sl | = Block it | S Block i1 | S Block N i Block |, '} 5 ' 1 £ ¢
= | 8 R = 1 | & A T R . ! 1
al I 0 b e =~ T s ' 1 1 | LN i |2 LN '
' . v, 1 . / : i . S " |‘ J \, J : 1 : [_11\ 1 1 11\ :
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(a) Architecture (b) Two Successive Swin Transformer Blocks
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NN Transformer

Patch Merging

® To produce a hierarchical representation, the number of tokens is reduced by

patch merging layers as the network gets deeper

| |
1] | perce L i

Concat sl
H —I—I = W

" I-—..,'._nl
w wi2

Hi2
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Swin Transformer

Swin Transformer Block

A
® W-MSA: Regular Window based Multi-head Self Attention ,~ 'l' Ao # —z+—1 ST,
1 Z 9(_ I 9‘7 [

® SW-MSA: Shifting Window based Multi-head Self Attention E - : ) 6 '
' | MLP | v mLp :

4 vy 1 :

2! = W-MSA (LN (z71)) + 272, L B

r . 1 1

z' = MLP (LN (2')) + 2, F e | P
i+l SW-MSA (LN (Z ) E W-MSA : | [SW-MSA E
+1 2zl 1 A :

' =MLP (LN (z1)) + 2'* o o ]

: Zl—lﬁ ,' '\ zzA ,:
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Swin Transformer

W-MSA

® The computational complexity of a global

MSA module and a window based one an

Layer 1+1

Layer |
image of h x w patches are:
Q(MSA) = 4hwC? + 2(hw)>C,
Q(W-MSA) = 4hwC? + 2M?*hwC, >
® Global self-attention computation is
generally unaffordable for a large hw, W-MSA

while the window based self-attention is

scalable.
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A local window to
perform self-attention

A patch
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Layer 1+1

A local window to
perform self-attention

[

A patch

window partition
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Position Embedding

® No positional embedding
® 1-D positional embedding: consider 2-D patches as 1-D sequences
® 2-D positional embedding: consider the 2-D position of patches (x, y)

® Relative positional embeddings/bias

Attention(Q, K, V) = SoftMax(QKT/\/c_i + B)V,
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Swin Transformer

Detailed Architecture Specifications

downsp. rate
(output size)

Swin-T

Swin-S

Swin-B

/ ” ) \ > > A %

C &
N/ SHANGHAI JIAO TONG UNIVERSITY

Swin-L

concat 4 x4, 96-d, LN

concat 4x4, 96-d, LN

154 concat 4 x4, 128-d, LN concat 4 x4, 192-d, LN
stage 1 win. sz. 7X7, win. sz. 7x7, win. sz. 7x7, win. sz. 7X7,
(56x56) dim 96, head 3| X2 | |dim96,head3| X | |dim 128, head4| X% | |dim 192, head 6| < °
8 x concat 2x2, 192-d ,LN | concat2x2, 192-d , LN concat 2x2, 256-d , LN concat 2x2, 384-d , LN
stage 2 win. sz. 7x7, win. sz. 7x7, win. Sz. 7x7, win. sz. 7x7,
(28%28) | | 4im 102, headd 6] %~ | |dim 192, head®| ¥ % | |dim 256, head 8| ¥= | |dim 384, head 12| ¥ 2
concat 2x2, 384-d, LN | concat2x2, 384-d, LN concat 2x2, 512-d , LN concat 2x2, 768-d , LN
stage 3 i win. sz. 7x7 win. sz. 7x7 win. sz. 7x7 win. sz. 7x7
(%1 | | gim 382, head 12| *° | |dim 388, hes 12| * 1% | | i 512, head 16] * 1° | |dim 768, heatt 22| *1°
concat 2x2, 768-d , LN | concat2x?2,768-d, LN | concat2x2, 1024-d, LN | concat 2x2, 1536-d , LN
stage 4 - win. sz. 7x7 win. sz. 7Xx7 win. sz. 7x7 win. sz. 7x7
& (7x7) SR BV SR BV 2

|dim 768, head 24 |

dim 768, head 24| *

dim 1024, head 32| ~

Table 7. Detailed architecture specifications.
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P e I'fO rmance (a) Regular ImageNet-1K trained models

method image #param. FLOPs tl.n‘oughput TmageNet

size (image / s) [top-1 acc.
RegNetY-4G [44] 224> 21M  4.0G 1156.7 80.0
RegNetY-8G [48] | 224° 39M 8.0G  591.6 81.7
. . RegNetY-16G [48]( 2242 84M 16.0G  334.7 82.9
(b) ImageNet-22K pre-trained models EffNet-B3 [58] |3002 12M 1.8G  732.1 81.6
image throughput ImageNet EffNet-B4 [58] |380° 19M 4.2G 3494 82.9
method digp TP FLORS e P liop-1 e, EffNet-B5 [58] |4562 30M 99G  169.1 | 83.6
R-101x3 [38] |384° 388M 204.6G - 84.4 EffNet-B6 [58] |528% 43M 19.0G  96.9 84.0
R-152x4 [38] |480% 937M 840.5G . 85.4 EffNet-B7 [58] | 6002 66M 37.0G 55.1 84.3
ViT-B/16 [20] |384% 86M 554G  85.9 84.0 ViT-B/16 [20] |384° 86M 554G  85.9 77.9
VIiT-L/16 [20] |384%2 307M 190.7G  27.3 85.2 ViT-L/16 [20] |384% 307M 190.7G  27.3 76.5
Swin-B 2242 88M 15.4G 278.1 852 DeiT-S [63] 224 22M  4.6G 940.4 79.8
Swin-B 3842 88M  47.0G 847 36.4 Deil-B [63] |224° 86M 17.5G 2923 81.8
Swin-T, 3842 197M 103.9G 42.1 7.3 DeiT-B [63] 3842 86M 55.4G 85.9 83.1
Swin-T 224* 20M 4.5G 1932 81.3
Swin-S 224> 50M 8.7G 4369 83.0
Swin-B 224> 88M 154G  278.1 83.5
Swin-B 3842 88M 47.0G  84.7 84.5
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Swin Transformer

ADE20K val test
Performance Method Backbone |mloU score rpaaa, (S (s
DANet [23] ResNet-101 | 45.2 - 6OM 1119G 15.2
- DLab.v3+[11] ResNet-101 | 44.1 - 63M 1021G 16.0
(a) Various frameworks ACNet[24] ResNet-101 | 459 38.5| -
Method  Backbone|AP™™ APst* AP%S* [#param. FLOPs FPS DNL[71] ResNet-101 | 460 56.2| 69M 1249G 14.8
Cascade R-50 463 643 505 | 82M 739G 18.0 OCRNet [73] ResNet-101 | 45.3 56.0| 56M 923G 19.3
Mask R-CNN Swin-T | 50.5 69.3 549 | 86M 745G 15.3 UperNet [69] ResNet-101 | 449 - 86M 1029G 20.1
R-50 (435 619 470 | 32M 205G 28.3 OCRNet [/3] HRNet-w48 | 45.7 - 7IM 664G 12.5
ATSS o T 1472 665 513 | 36M 215G 22.3 DLab.v3+ [11] ResNeSt-101| 46.9 55.1| 66M 1051G 11.9
ReoPointsV2 R-50 | 465 64.6 503 | 42M 274G 13.6 DLab.V3+.}[._. I RBSNeSt-Zioo 484 - 88M 1381G 8.1
P Swin-T | 50.0 68.5 54.2| 45M 283G 12.0 SEIR[81]) TLarge' |503 617 308M - -
Sparse R-50 |44.5 634 482 106M 166G 21.0 gpziz: ‘gg}ﬁ j;‘-‘l) - Zgﬁ 19‘19595’ }gi
R-CNN  Swin-T |47.9 67.3 523 | 110M 172G 184 U}I:erNet s s 1203 - | 8IM 1038G 159
Table 2. Results on COCO object detection and instance segmen- UperNet Swin-Bf 1516 - | 121IM 1841G 8.7
tation. 'denotes that additional decovolution layers are used to UperNet Swin-LY | 535 62.8| 234M  3230G 6.2

produce hierarchical feature maps. * indicates multi-scale testing. Table 3. Results of semantic segmentation on the ADE20K val

and test set. ' indicates additional deconvolution layers are used
to produce hierarchical feature maps. i indicates that the model is
pre-trained on ImageNet-22K.
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Mixture of Experts

What is Mixture of Experts?

® A technique that uses many different sub-models to improve the LLMs.

® Two main components definea MoE: .. ... ... ... ... .I ...................

Router

v Experts - Each FFNN layer now has a

set of “experts” of which a subset can

be chosen. These “experts” are

typically FFNNs themselves.

<+

v" Router or gate network - Determines

which tokens are sent to which experts. l
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What is Mixture of Experts?

® |In each layer of an LLM with an MoE, we find (somewhat specialized)

experts:

Layern @ @ @ _Expertd
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What is Mixture of Experts?

® Know that an “expert” is not specialized in a specific domain like “Psychology” or
“‘Biology”. At most, it learns syntactic information on a word level instead:

® More specifically, their expertise is in handling specific tokens in specific contexts.

Layer 1 . - Expert 1 | . ~ Expert 2 | N | Expert 3 | Expert £
 Punctuation  Verbs Conjunctions Visual
(,.:&-7, etc.) (said, read, (the, and, if, not,  Descriptions
miss, etc.) etc.) (dark, outer,

yellow, etc.)
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of Experts

What is Mixture of Experts?

® The router (gate network) selects the expert(s) best suited for a given input:

® Each expert is not an entire LLM but a sub-model part of an LLM'’s architecture.
Input

evern (RN m _Expert3 J Expertd

Output
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Why are MoEs getting popular?

® Same FLOP, more param does better
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Sparse Model Parameters
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of Experts

Why are MoEs getting popular?

® Faster to train MoEs

=D
39 Training loss Validation loss (C4) HellaSwag
-1.31
3.0 i k0
-1.44 I et 2.8 50 ~3x less FLOPs
- - or tokens
-
P 2.6 3.0
X _1.5- 7X Speedup
Lo’ 30
S —» 2.4
00-_3 10 40 70 100 130 10 40 70 100 130 10 40 70 100 130
-1.61 32 Tokens (B) Tokens (B) Tokens (B)
U} %
S
—
1.7+ 9 °
1. 3.5 e
- 28 50 ~2% faster
—1.81 40
——— Switch-Base: 128e 26 3.0 —— MoE
; ~— Switch-Base: 64e 24 30 Dense
-1.9 ~—— 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 5'0 160 1éO 260 260 360 SéO 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
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Mixture of Experts

Why are MoEs getting popular?

® Highly competitive vs dense equivalents
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Mixture of Experts

The Experts: Dense Layers

® Mixture of Experts (MoE) all start from a relatively basic functionality of LLMs,

namely the Feedforward Neural Network (FFNN).

[Dgﬂ sl |<*>.J

Position Embedding ( Layell' Norm |

v v v \ [ Masked Self-Attention |

Decoder Block — d—)

( Layer Norm )
Decoder Block |

Decoder Block o T

o T ...... R [ i i
. HNRENER "H) BN |
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The Experts: Dense Layers
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® An FFNN allows the model to use the contextual information created by the

attention mechanism, transforming it further to capture more complex

relationships in the data.

/ ( Layer Norm )
|
[ Masked Self-Attention
. ®
( Layer Norm ]/

Dense Model | | |

OOO] 512 ~.
000000000000 s
. OOO] 512 values

\ —»43 [
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The Experts: Sparse Layers
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® |n contrast, sparse models only activate a portion of their total parameters

and are closely related to Mixture of Experts.

Dense Model

000000000000
vy vy
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Sparse Model

Expert1 Expert 2 Expert 3 Xpert 4

OO0 000 0OOE@

not activated O%acﬁvated
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Mixture of Experts

The Experts: Sparse Layers

® The underlying idea is that each fwhat[is [1]+]1]7]

Sparse Model ;

expert learns different

information during training.

Punctuation Verbs Conjuntions Numbers

iOg)Ol iOCBOl iO(?Ol \?O\

’ Wh e n aS ked a q U eStI 0 n y We Ca n not activated not activated not activated activated

select the expert best suited for

a given task:
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Mixture of Experts

The Experts: What does an Expert Learn?

® As we have seen before,
experts learn more fine-
grained information than
entire domains. As such,
calling them “experts” has
sometimes been seen as

misleading.

Shanghai Jiao Tong University | 2026 | yangxue.site

Expert specialization

Punctuation

Conjunctions and articles

Verbs

Visual descriptions
color, spatial position

Counting and numbers
written and numerical forms

Expert position

Layer 2

Layer 6

Layer 3
Layer 6

Layer 1

Layer O

Layer 1

Routed tokens

llfl!lfllll’fll)')

ffflf:':l&f&&?&_”?”l'

The the the the the the the the The...

a and and and and and and or and ...

died falling identified fell closed left
posted lost felt left said read miss
place struggling falling signed died...

her over her know dark upper dark
outer center upper blue inner yellow
raw mama bright bright over open your
dark blue

after 37 19. 6. 27 1 1 Seven 25 4, 54 |
two dead we Some 2012 who we few
lower
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Mixture of Experts

The Experts: What does an Expert Learn?

® Experts in decoder models, however, do not seem to have the same type of

specialization That does not mean though that all experts are equal.

............................

se fargs =! moe args

An example in the Mixtral 8x7B paper, where each token is colored with the first expert choice.
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The Experts: The Architecture of Experts

® Although it's nice to visualize experts
as a hidden layer of a dense model

cut in pieces, they are often whole

FFNNs themselves:

Shanghai Jiao Tong University | 2026 | yangxue.site
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Sparse Model ; -------------------------
4 experts E_

(each an FFNN) +
Pyn_cn:_lat_iqn ___Verbs __ Conjunctions _ Numbers _ !
00 1 00 1l 00 i 80
0000 0000 0000 00 e 0
. 00 OO0 ' 0O o0 |

v & v v
not activated not activated not activated activated
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The Experts: The Architecture of Experts

fwhat]is [11+]1]?]

® Since most LLMs have several 1| Decoderiock m

decoder blocks, a given text will [ oecodermook | m
pass through multiple experts |

3 DecoderBlock | Expert 1 m Expert 3

before the text is generated:

:::::: ) ()
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The Experts: The Architecture of Experts

® The chosen experts
likely differ between
tokens which results
in different “paths”

being taken:

Shanghai Jiao Tong University | 2026 | yangxue.site

[iwharlis IMoE 2}

First pass

 Whatlis [MoE| ? [MoE |

Second pass

'/,,.Dm SHANGHAI JIAO TONG UNIVERSITY

 What[is [MoE]| ? [MoE] is |

Third pass
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The Experts: The Architecture of Experts

Decoder Decoder

® |f we update our (dense model) | (sparse model)E

Visualization Of the [ Layer Norm ] [ Layer Norm ]

. Masked Self- Masked Self-
deCOder bIOCk, |t [ Attention [ Attention
would now contain ” é’) ” G)

. Rgplace the FFNN
more FFNNs (one (LayerNom ) | sach reprasenting (LayerNorm )
| | an “expert’. - | sl |

for each expert) S Bl 5T EENIU2 | EENAS | EE
- —© | ® -
Instead:

v ;
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The Experts: The Architecture of Experts

Typical: replace MLP with MoE layer Less common: MoE for attention heads
Decoder Decoder .
(dense model) | (sparse model)]
( Layer Norm ] ( Layer Norm ]
Masked Self- Masked Self-
Attention Attention
Replace the FFNN
with many FFNNs
(_Layer Norm ) each representmg ( Layer Norm )

an “expert”. "
—> mmmm:
: 1 qD ’ Layer Norm

v !
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The Routing Mechanism

® Now that we have a set of experts, how does the model know which

experts to use?

® Just before the experts, a router (also called a gate network) is added

which is trained to choose which expert to choose for a given token.
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The Routing Mechanism: The Router

MoE Layer
® Step1: The router (or gate -
network) is also an FFNN and is Sofimax
used to choose the expert based e 75 i o
on a particular input. It outputs £ =1 _ foreach expert
probabilities which it uses to ' ‘f;l R e ey — Movactited
select the best matching expert: " 1

seep=.45.-cana-- )? Weighted
activation
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Mixture of Experts

The Routing Mechanism: The Router

MoE Layer
Router
® Step2: The expert layer returns rr—
the output of the selected | L = ’
expert multiplied by the gate N el

ST IErT
A& — A AT
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Probabilities

for each expert

Not activated

value (selection probabilities). | N g
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Weighted

activation
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The Routing Mechanism: The Router

® The router together with the experts (of which only a few are selected)

makes up the MoE Layer:

Decoder

( Layer Norm ]
1

MoE Layer

[ Masked Self-Attention ]

Router |

=l

( LayerNorm ] ,

: A
' MoE Layer | m[ | I |
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Mixture of Experts

The Routing Mechanism: The Router

® A given MoE layer comes in Router Router

two sizes, either a sparse or — —l

a dense mixture of experts.

® \When you see a "MoE" it will ﬁg ﬁ) C’F éf %D
7 7

typically be a Sparse MoE as it

iIs computationally cheaper Dense MoE Sparse MoE
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The Routing Mechanism: Selection of Experts

® The gating network is arguably the most important component of any MoE as
it not only decides which experts to choose during inference but also training.

® |n its most basic form, we multiply the input (x) by the router weight (W):

router weights

output input

=
H(x) X *x W
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The Routing Mechanism: Selection of Experts

® Then, we apply a SoftMax on the output to create a probability

distribution G(x) per expert:

probability
distribution per expert

output

._l

®(x) = Softmax( H(x) )
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The Routing Mechanism: Selection of Experts

® The router uses probability distribution to choose the best matching expert.
® Finally, we multiply the output of each router with each selected expert and

sum the results.

Sparse MoE Output per
output Router Output Expert
. selected

Expert

Tnl
y = )2.( @x * Ex )

(only T expert is chosen in this example)
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éixture of Experts

The Routing Mechanism: Selection of Experts

MoE Layer @ X MoE Layer @ X
[ ) [

® | et's put everything Router Cgw Router
together and explore EHM EH(x)
. Sofimax Sofimax
how the input flows
P s ﬂﬂmﬂ@w e ﬂmﬁﬂ@m

through the router *T GG Gt i | G | N
and experts: EWME(XQ m
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The Routing Mechanism: The Complexity of Routing

Moe Layer
1 2 3 4 S 6 7 8

® However, this simple function
often results in the router F.l._. —

choosing the same expert

since certain experts might

learn faster than others: —

same set of experts chosen
regardless of the input
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The Routing Mechanism: The Complexity of Routing

® Not only will there be an uneven distribution of experts chosen, but some
experts will hardly be trained at all. This results in issues during both
training and inference.

® Instead, we want equal importance among experts during training and

inference, which we call load balancing. In a way, it's to prevent overfitting

on the same experts.
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Load Balancing: KeepTopK

® One method of load balancing the router is through a straightforward
extension called KeepTopK. By introducing trainable (gaussian) noise, we

can prevent the same experts from always being picked:

router (small amount of)
- weights gaussian
(somewhat noisy) .

=
H(x) = X +x W + n
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Load Balancing: KeepTopK
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® Then, all but the top k experts that you want activating (for example 2) will

have their weights set to —oo:

Shanghai Jiao Tong University | 2026 | yangxue.site

(updated)
ou prt

._l

H'(x) =KeepTopK ( H(x) 2)

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

sets the weights of all but
the top k (2) experts to —eo

(somewhat noisy)
@, utput

._l
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Load Balancing: KeepTopK
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® By setting these weights to —, the output of the SoftMax on these weights

will result in a probability of O:

probability
distribution per expert

@(x) .= Softmax( H'(x) )

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

sets the probabilities of all but
the top k (2) expertsto O
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(updated)
OUprf

-00

._l

-00
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Mixture of Experts

KeepTopK: Token Choice

® The KeepTopK strategy
routes each token to a
few selected experts. This
method is called Token
Choice and allows for a
given token to be sent to

one expert (top-1 routing):

Shanghai Jiao Tong University | 2026 | yangxue.site
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is
B 00 Top-1Routing I 1T

Router

Router

[ 1

| — R N E—

-----------
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KeepTopK: Token Choice

® Or to more than one expert | is
B 0 Top-2 Routing I 1T
(top-k routing):
Router Router

1
|
{1

--------

® A major benefit is that it | Pt

allows the experts’

respective contributions to ﬁ‘) ﬁ‘)

be weighed and integrated. ?
BT
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Other routing type

® Many of the routing algorithms boil down to ‘choose top K’

Tokens Tokens Tokens
T1 T2 T3 TT T2 T3 T T2 T3
1 1 | |
L L phoose Topﬂ o | @ 72)
TS =1 — i -
Q| i i
e telL U e — @ | Globally |
® o o S o - Decugle Expert
s Yllo g U g W || Assignment
LLI T T L : i L I 1
n | |O o ¥
= 1 - - : : L =
(i 0 (0
1 1 \ | 1 /
Token chooses Expert chooses Global routing via
expert token optimization
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Other routing type

® Almost all the MoEs do a standard ‘token choice topk’ routing.

35 Training loss Validation loss (C4) 60 HellaSwag MMLU Var

5 3.5 50 -

[ .

s 3.0 S

E 40 -

't 35 3.0 261

9 30 —

10 50 100 150 200 10 50 100 150 200 10 50 100 150 200 10 50 100 150 200
Tokens (B)
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Mixture of Experts

KeepTopK: Auxiliary Loss

® To get a more even distribution of experts during training, the auxiliary loss
(also called load balancing loss) was added to the network’s regular loss.

® [t adds a constraint that forces experts to have equal importance.

sum probability
distributions per expert over entire batch

|_||—||_||—[|_| .—IH|_||—|,_, Hi=lli=in .—.]_I.—.l—ll_l HI_'[_]I_I]_I
mporance = (KTETR + (ER + (TR + SN + 0D

(per expert)
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KeepTopK: Auxiliary Loss

® This gives us the importance scores per expert which represents how likely a
given expert will be chosen regardless of the input.
® \We can use this to calculate the coefficient variation (CV), which tells us

how different the importance scores are between experts.

standard deviation (o
Coetficient Variation (CV) = (o)

mean (M)
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KeepTopK: Auxiliary Loss

® Forinstance, if there are a lot of differences in importance scores,
the CV will be high:

8
2 2
N e
1 .30
CV (Importance) = — = 111
: -27 :

High variance in expert
importance result in high CV
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KeepTopK: Auxiliary Loss

® |n contrast, if all experts have similar importance scores, the CV will be

low (which is what we aim for):

3.3 3
2.2
CV (I t ki
mporitance —
(Imp | ) 6 19

Low variance In expert
importance result in low CV

Shanghai Jiao Tong University | 2026 | yangxue.site 155



Mixture of Experts ®) X FAdLE

€/ SHANGHAI JIAO TONG UNIVERSITY

KeepTopK: Auxiliary Loss

® Using this CV score, we can update the auxiliary loss during training such that it

aims to lower the CV score as much as possible (thereby giving equal importance

to each expert):

(constant)
scaling factor
- i E = 2
AuxiliaryLoss = W % CV (Importance)
. importance .

A high variance in expert importance (CV)
results in high loss and vice versa

® Finally, the auxiliary loss is added as a separate loss to optimize during training.
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Load Balancing: Expert Capacity

® I[mbalance is not just found in the experts that were chosen but also in the

distributions of tokens that are sent to the expert.

s e

Router

b Lo peoo oo Pl oaf

Received majbrity of tokens undertraining

ES
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Mixture of Experts

Load Balancing: Expert Capacity

® Solution: limit the amount FFNN 1 has reached capacity so this

tokens are send to FFNN 4 instead.

of tokens a given expert can NF ? m ? -------------- ?
handle, namely Expert — I

Capacity. By the time an !D !I] bole oo Hﬂf ﬂmf

expert has reached capacity,
the resulting tokens will be |w| m

Expert Capacity = 3

sent to the next expert:
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Mixture of Experts

Load Balancing: Expert Capacity

FFNN 1 and FFNN 4 have reached capacity.
® If bOth expe rtS have The token is sent to the next layqr instead.

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

reached their capacity, !
the token will not be | i ? ‘ ? I ? |

Router

!Fll_ll—l !.—.HI‘I ’I‘Iﬂl‘l O[] |_|I_II ﬂﬂ.-.l

] m
-

to as token overflow. | v

processed by any expert

but instead sent to the

next layer. This is referred

Shanghai Jiao Tong University | 2026 | yangxue.site 159



/7 ; AN - > A
" \ < X %
BY) Y F ALY

% &
e/ SHANGHAI JIAO TONG UNIVERSITY

Mixture of Experts

Load Balancing: Switch Transformer

® The Switching Layer is a Sparse MoE layer that selects a single expert for

each token (Top-1 routing).

Encoder
[ self-Attention |
( Layell' Norm ) Switching Layer | probability router weights
/ ( Router ] distribution per expert
T input
—  V|eflnan
A | I Ay E N . J| I Il J |_|
Layer N N |
(_LayerNorm ] \ [ N v @(X) = Softmax( X » W )
v
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Switch Transformer: Capacity Factor

® The capacity factor is an important value as it determines how many tokens
an expert can process. The Switch Transformer extends upon this by

introducing a capacity factor directly influencing the expert capacity.

tokens per batch

expert capacity = ( ) k capacity factor

number of experts
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Switch Transformer: Capacity Factor

® The components of expert capacity are straightforward:

S What | is | Mixture J of | Experts § 2
SHEENE [ ] [ — ] [ ENN ]

capacity factor 1.0

6
expert capacity = (?) * 1.0 = 2

Shanghai Jiao Tong University | 2026 | yangxue.site 162



/ AN )— A %
[ = \
Z EEE &£

C &
N mme€s/  SHANGHAI JIAO TONG UNIVERSITY

Mixture of Experts

Switch Transformer: Capacity Factor

® A technique that uses many different sub-models to improve the LLMs.
v if the capacity factor is too large, we waste computing resources.

v if the capacity factor is too small, the performance will drop due to token overflow.

capacity = 2 capacity = 3 unused capacity

E--: -C -- lll lDé. _IIC.

[N SA N S

capaC|ty factor (1.0) capamty factor (1.5)
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Switch Transformer: Auxiliary Loss

® Instead of calculating the coefficient variation, this simplified loss weighs the fraction

of tokens dispatched against the fraction of router probability per expert.

\What | is J Mixture J of J Experts | 2

ool ool Do, o 1

Laux = a@* N~ 2 fipi

Auxiliary D.D

Loss = o * N * P %
tune-able number of fraction of -
parameter  experts  router probability

per expert
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3 1 2

tokens tokens tokens

316, 1/6, 2/6

f

fraction of
tokens dispatched
per expert
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Example from deepseek (v1-2)

® Per-expert balancing — same as the switch transformer

N}
LExpBal = Z fiPi,

i=1

T
= T rz;‘ 1(Token t selects Expert i),

T
=7 2w
t=

"ili—1

® Per-device balancing —the objective above, but aggregated by device.

D
LpeyBal = @2 Z fiP;,

2.

J I8IJ€€

P’ :ZPJ,

JE&;
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DeepSeek v3 variation — per-expert biases

® Set up a per-expert bias (making it more likely to get tokens) and use online learning

, iz, Sip+b; € Topk({s;j:+bj|1 < j<N:},K),
8it = )
0, otherwise.

® They call this ‘auxiliary loss free balancing’

Complementary Sequence-Wise Auxiliary Loss. Although DeepSeek-V3 mainly relies on the
auxiliary-loss-free strategy for load balance, to prevent extreme imbalance within any single
sequence, we also employ a complementary sequence-wise balance loss:

N;
Laai = ¥, iPi (17)

i=1

N. T
i — : ] j < . < rfrir))

B 2111 (i € Topk({s;¢|1 < j < N:}, Ky)) (18)

Sit
=t (19)

ot Z;\il S
1

(20)
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What happens when removing load balancing losses?

Training loss Load balancing loss Validation loss (C4) Validation loss (Pile)
o 0.4 - |LBL
g4.5 e 4.5 — No LBL
© 0.3
§4.0 4.0
2 0.2 4.0
@ 3.5 3.5 —
o 0.1
1: 5 10 1 B 10 1 5 10 1 5 10
Tokens (B)

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--Vml1ldzo40TkyNDg4

£ No load balancing Load balancing

£ T 100

g & —— Expert 0 Expert 4

g0 Expert 1 —— Expert 5

EE 50 —— Expert2 —— Expert6

73 ——— Expert 3 Expert 7

o C

7 L-sm—

8 o L \

RN 1 5 10 i 5 10
Tokens (B) Tokens (B)

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--Vml1ldzo40TkyNDg4
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Fun side issue — stochasticity of MOE models

® There was speculation that GPT-4’s stochasticity was due to MoE.

® \Why would a MoE have additional randomness?

(1) Routing (2) Permutation (3) Computation (4) Un-Permutation
Assign token feature vectors to experts |, Group tokens by expert. Drop tokens that |, Compute the expert layers for the setof | Un-permute the results and scale each by
based on probabilities. ! exceed expert capacity. : tokens they were assigned. ! its expert probability.
hidden_size : capacity_factor=1 : - :
— ’ AN A R - 5 I S S
crev -S> Al (unused) : ! !
o “quick” 1 I = .
g “brown” : : : — : ol Expert-1("the”)
S ox'_ \ : ! I ! z Expert-0('quick)
= “jumpes ___"the” ° e ] I Expert-2("brown")
“over” i E _______ jumped” 1 | 3 . | & Expert0(for) | |=|
1 o I - 1 =1 Expert-1("jumped”)
* [ - 1 S 1 il 0
I " I p— I
Expert Indices : S : | o e /
I ______:'QE‘IE;E ________ '—’ E — |
— [1]2]e]z]1]z]— “fox T 3 i
S 1 Tt ] Cll """"""""""" I
Probabilities : : :
—> [se]a3]31]37] 5] 75 i I |

Token dropping from routing happens at a batch level — this

means that other people’s queries can drop your token!
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ixture of Experts

More routing variants

Top-2 Routing Hash Routing
wEI:I%EIII y[TTTT1T1 wIIl%EEEI szEE;EEI
F 3
‘;{ Add + Normalize }1 Y . :{ Add + Normalize }<

A L.

B e i s 7 )

f[FW”FMHFWSHW]‘l'f"[FF'””FF“”““”““‘J} (Fewt] (e (eews) (ewa] (et (o] (eews) (e
W ba e i T X

LE_ ! J Hash Hash
outer Functi Functi
uter: / \ unf‘:\mn unﬁ ion /

O a [CTITT] [TTTTT]
“The" “The" “Dog"
Top-K, used in most MoEs:

Mixtral (2), Qwen (4), DeepSeek (7), DBRX(4)
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More routing variants

Reinforcement Learning BASE Routing
asesss T v LLLITL L
‘;{ Add + Normalize ]: \ . ‘:{ Add + Normalize }1
A 2 L
il N 4 ( ______ ) )\
|FFN1 FFN 2 [FFNS][FFNd] [FFN1][FFN2][FFN3][FFN4] [M FFN 3 ﬂ] ,:?
" |
\ Lﬁj—fi" \ A h /
[T I TTTT] x[TTTTT]
r.l‘.rhen H‘The!f h‘DogH
RL to learn routes: Solve a matching problem:
used in some of the earliest work linear assignment for routing, used in
Bengio 2013, not common now various papers like Clark ‘22
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Recent variations from DeepSeek and other Chinese LMs

® Smaller, larger number of experts + a few shared experts that are always on

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

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

Output Hidden OO Output Hidden |OO|

e o

W -

&) - @B E - e (= EE - e
: >y >
| I

Output Hidden |OO|

7

(over )l =
Input Hidden m

(a) Conventional Top-2 Routing == (b) + Fine-grained Expert Segmentation =) (c) + Shared Expert Isolation
(DeepSeekMOoE)
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Various ablations from the DeepSeek paper

® More experts, shared experts all seem to generally help

1.2
B 0 shared expert + 2 out of 16 routed experts (GShard)

= 1 shared expert + 1 out of 15 routed experts (+ shared expert isolation)

1.1 Bl 1 shared expert + 3 out of 31 routed experts (+ fine-grained expert segmentation)
8 B 1 shared expert + 7 out of 63 routed experts (+ finer expert segmentation)
c 1.0 - | _
m
=
S
=09
(17}
o
ks
I 0.8
g
o 0.7
=
0.6
0.5 -~ ;
HellaSwag PIQA ARC-easy ARC-challenge TriviaQA NaturalQuestions
Metrics
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Ablations from OIMoE

® Gains from fine-grained experts, none from shared experts

Performance

Performance

g
-~

3

b
0o

I
(2)]

il
~8

w
o

rJ
8 a]

M
[#3]

0

Training loss
| 3.50

3.25
h, W 3.00
T 2.75

b
10 40 70 100130

Training loss

Validation loss (C4)

60

\\ 40

HellaSwag

’ # experts
f— 32 routed

31 routed,
1 shared

35

30

MMLU Var
Y
" ,_ffﬁ

v
J

/

/

10 40 70 100130
Tokens (B)

Validation loss (C4)

60

40

10 40 70 100130
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# experts

— ]
32

p—

35

30

10 40 70 100130

MMLU Var

10 40 70 100130

Tokens (B)

10 40 70 100130

10 40 70 100130
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Mixture of Experts in Vision Models

® MoE is usable in both language

Sequence Tokens

and VISIOn mOdeIS (eg VIT) “What is Mixture of Experts?” — Bmm

® As a quick recap, ViT is an
architecture that splits images

iInto patches that are

processed similarly to tokens. Images Patches

(tokens)
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Mixture of Experts in Vision Models

l Flatten input

. I e [
I N R

Linear Projection of Flattened Patches

® These patches (or tokens) are

then projected into embeddings ﬁ#+#$$¢$$$
v

(with additional positional
£ ( Layer Norm )
. . add po_srtronal
embeddings) before being fed S emsesa: oo |
_ EoDED | .o
Into a regular encoder: , Encoder
( LayerINorm )
[ 4) ]
v
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Vision-MoE

® Vision-MoE (V-MoE) is one of é’ﬁi’@—@ﬁ:cﬁ:ﬁﬁ:ﬁmﬁ
the first implementations of MOE ~ freeser -
in an image model. It takes the le,t::?::m:on MoE Layer |
ViT as we saw before and —® :__________[_Fr:merﬂ ]
replaces the dense FFNN in the e — -
encoder with a Sparse MoE. —’é o _%)
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Vision-MoE

® A small pre-defined expert capacity was used for each expert to reduce hardware
constraints since images generally have many patches.

® However, a low capacity tends to lead to patches being dropped (akin to token overflow).

Processed Patches

(white boxes are
InPUt unprocessed patches)

LA F A
)
| ! i 1" g
| Niv |
| '-.‘. _'.'.
Ik
|..
b (- |
L -
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Vision-MoE

® To keep the capacity low, the network assigns importance scores to patches and processes
those first so that overflowed patches are generally less important. This is called

Batch Priority Routing. Brosassad Patches
(white boxes are
unprocessed patches)

Priority | [
Scorer
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ixture of Experts

Vision-MoE

® \We should still see important patches routed if the percentage of tokens decreases.
® The priority routing allows fewer patches to be processed by focusing on the most

important ones.

No dropped patches Keep 80% Keep 50% Keep 10%
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Active vs. Sparse Parameters with Mixtral 8x7B

® Although a given MoE has
more parameters to load
(sparse parameters), fewer
are activated since we only

use some experts during

inference (active parameters).

Shanghai Jiao Tong University | 2026 | yangxue.site

( Layer Norm )
1

Masked Self-
Attention

®

( Layer Norm )

NN 3]Frnn 4] FFNN 1

( Layer Norm )
1

Masked Self-
Attention

®

( Layer Norm )

(i|~)4 _;_

@ 1 e
:

Sparse Parameters
(loading model)

v

) (CMRead ) ) (CMRead )

Active Parameters

(using model)

D+MO+d+O°
4 experts loaded

2 experts used
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Active vs. Sparse Parameters with Mixtral 8x7B

1
Mixtral 8x7B @ embeddings
32000 x 4096 = 131.072.000
|

. . |
o embedding shared parameters

Decoder size

® In other words, MoE

Attention
32 x 41.943.040 =1.342177.280

( Layer Norm )
1

models need more ) [ Maskedseir deéii’,_il‘?—ﬁicks @ shared parameters
Attention Houfter
VRAM to load in all —»(-:l-) 8 x 4096 =
D = [ Layenl' Norm ] ) # experts shared parameters
experts but run faster @ .
o Sl i : - EXperts total parameters

. ] H 1|2 (3|4a|5|6|7]|8 8 x 5.637.144.576 =|45.097.156.608|
during inference. = . |
< ) active parameters
: ‘ q-) %x 5.637144.576 =|11.274.289.152 ]
|

oo + # experts expert size

(2 LMHead
32000 x 4096 = 131.072.000
shared parameters
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Active vs. Sparse Parameters with Mixtral 8x7B

® Here, we can see that each expert is 5.6B in size and not 7B (although there

are 8 experts).

-Shared parameters

o Embeddings 131.072.000 o Embeddings 131.072.000
@ Attention  1.342.177.280 @) Attention 1342177280 |
i Router Router :
| Experts 45.097.156.608 | Experts
| ) LMHead 131072000 () LMHead  121.072.000
Sparse Parameters 46.7B Active Parameters 12.8B
(all parameters) (activated parameters)
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MoE summary

® MoEs take advantage of sparsity — not all inputs need the full model
® Discrete routing is hard, but top-k heuristics seem to work

® |ots of empirical evidence now that MoEs work, and are cost-effective
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Thanks

Welcome to join VisionXLab
yangxue.site

Output
Probabilities

Add & Norm

LAdd & Norm ) Mut-Head
Feed Attention
Forward Nx
Nx Add & Norm
Add & Norm Vs
Multi-Head Muiti-Head
Attention Attention
A ) L. ’
_ —y
Positional ) Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
(shifted right)
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