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MOE EA|RIE




Introduction: MOE BEAJRIH

.................... 1

Router

Mixture of Experts (MOE) is
a technique that uses
different sub-models

(“experts”) to improve the

/ quality of LLMs.
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Introduction: MOE BEAJRIH

Two main components define a MoE:
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Introduction: MOE BEAJRIH

Two main components define a MoE:

}

Experts

These “experts” are
FFNNs and at least
one can be activated
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Introduction: MOE BEAJRIH

Two main components define a MoE:

.................... .|

| Router |«

(gate network)
Determines which tokens are
sent to which experts.
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Introduction: MOE EAJRIH

In each layer of an LLM with a MoE, we find (somewhat specialized) experts
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Introduction: MOE EAJRIH

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

Layer 2
Layer n | B Expert4

Punctuation Verbs Conjunctions
(,.:&-7, etc.) (said, read, (the, and, if, not,
miss, etc.) etc.)
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The router (gate network) selects the 5
expert(s) best suited for a given input: outer

nak m _Expert2 J Expert3 J Expertd
el m _ Expert2 m m

bvies m @ “experts § Experts

Output
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Introduction: MOE BEAJRIH

To explore what experts represent and how
they work, let us first examine what MoE is
supposed to replace; the dense layers.
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Position Embedding

v v v v

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

Decoder Block

Decoder Block

Decoder Block

Remember that a standard decoder-only
Transformer architecture....
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Introduction: MOE BEAJRIH

...has the Feed Forward Neural Network
(FFNN) applied after layer normalization.

Decoder

( Layer Norm )
|

Masked Self-Attention

s

( Layer Norm )

k
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& zom

The FFNN uses the contextual information
created by attention to capture complex
relationships in the data.

Decoder

7

( Layer Norm )
|

Masked Self-Attention
B—

( Layer Norm )

k
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The FFNN in a decoder-only model is called
a dense model since all parameters are activated.

Dense Model

Decoder

OOO:] -
OOOOOOOOOOOO] 2048

(')OO] 512 values

“

vVVYY

& zom

( Layer Norm )
[

Masked Self-Attention

&

( Layer Norm )
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Introduction: MOE BEAJRIH

Dense Model
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notice how the input activates

Looking at the dense model,
all parameters to some

activated

)
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-
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Introduction: MOE BEAJRIH

Sparse Model

K \\
We can chop up our dense model
) i Expert 1 Expert 2 Expert 3 xpert 4
into pieces (so-called experts), = L PETSS =

retrain it, and only activate a OOO OOO OOO

subset of experts at a given time.

not activated

vy
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Introduction: MOE BEAJRIH

Sparse Model

This is called a Sparse model. Expert 1 Expert 2 Expert 3 xpert 4

. inf , ifi W
oumeece oot | (500000000

AV 4

not activated
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In practice, experts are typically
whole FFNNs themselves...

--.-

Sparse Model

4 experts ‘

(each an FFNN) +
_P_upc_tl_Jat_lc_)r!___Vgr_bs___ ........ 9 ggju_n_ctl_o_n_s__l!urppe[s__
00 i1 00 I 00 I 0
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A given text will
pass through

multiple experts... 3

12 :

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

Decoder Block

Decoder Block

Decoder Block

Decoder Block

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

- ﬂ.lll.
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... before the output
is generated.

12 :

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

Decoder Block

-----------

Decoder Block

Decoder Block

Decoder Block

ﬂ...-
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The chosen experts likely differ between tokens
which results in different "Eths" being taken.

First pass
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Each new token may result in a different path...

 What[is [MoE|[ 2  What[is [MoE| ? Mo

First pass Second pass
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... and may acti\@e a different set of experts.

—
 What[is [MoE] 2 |  What! is [MoE[ ? [MoE Rl What] is [ME| ? |MoE] is |

First pass Second pass Third pass
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This means that each time you run inference, a set of
experts is chosen that are best suited for the input.

 What[is [MoE[ 2 |  What] is [MoE[ 2 [MoE il What] is [MoE| 2 |MoE] is |

ME ﬂ
First pass Second pass Third pass
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If we update our visualization of the

dense decoder...

Decoder

(dense model) |

e

Layer Norm
| |

Masked Self-
Attention

&

Layer Norm |
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...with multiple FFNNs it would now be called a

sparse decoder.

Decoder
(sparse model)

Layer Norm
1

Masked Self-

Attention
——®
( Layer Norm
i e | AR L [
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Introduction: MOE EAJFIH

Decoder
( model)

Thereby capturing the first
part of MoE, the experts.
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The Router:
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Introduction: MOE EAJRIH

But there is still a piece
of the puzzle missing...

32
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How do you choose
which expert(s) to use?

2/AlInfra



That's where the
comes in!

/ | Router |

[ 1]
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.. it helps us decide —

which expert is best
suited for a given input.

/ | Router |

[ 1]
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The together with the experts...

_ g— —)

Router

2/AlInfra



... make up the MoE layer...

i
v
Sparse Decoder | MoE Layer |
(CLayer Norm ) __ Router
[ Masked Self-Attention ]
R é) 1
i
( Layer Norm ) ¢

: decoder and replace the single FFNN.
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Sparse Decoder '

MoE Layer

7

Layer Norm
1

Masked Self-Attention

S—s

Layer Norm

 MoE Layer

We can zoom in on
the MoE layer and
explore how the
works in

detail.
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......

Sparse Decoder .

MoE Layer

7

Layer Norm
1

Masked Self-Attention

S—s

=

Layer Norm

Router

Softmax

v

—

After the FFNN in
the , We see a
softmax function...

7
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Sparse Decoder '

MoE Layer

7

Layer Norm
i

Masked Self-Attention

S—s

Layer Norm

 MoE Layer

Router

Softmax

v

.45

19

.05

3

N

... Creating
probabilities for
each expert...
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Sparse Decoder '

MoE Layer

7~

Layer Norm
t

Masked Self-Attention

S—s

Layer Norm

- MoE Layer

Router

Softmax

v

Activate
selected

.45

19

.05

31

ex?ert
I

... that are used to
select and activate
the best expert.

Not activated

2/AlInfra



Sparse Decoder |

MoE Layer

7

Layer Norm
1

Masked Self-Attention

S—s

Layer Norm

—

Router

Softmax

v

------------ 45

19

3

The final output is
generated by multiplying
the probability
with the expert output...
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Sparse Decoder '

MoE Layer

7

Layer Norm
i

Masked Self-Attention

S—s

Layer Norm

- MoE Layer

Router

Softmax

v

.45

19

.05

a9

...creating a weighted
activation.
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Sparse Decoder '

MoE Layer

7

Layer Norm
1|

Masked Self-Attention

S—s

Layer Norm

' MoE Layer

Router

Softmax

v

.45

19

.05

f

This entire architecture
is therefore nothing
more than multiple
FFNNs and a

selecting the best(s)
expert(s).
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Architecture:

IRBIEH




A given MoE layer
comes in two sizes...
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%] ZOMl

.
---------

-----------

Dense MoE

A given MoE layer
comes in two sizes,
either a dense...
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Router

[

B
--------------------

Dense MoE

G'./\
v

Sparse MoE

A given MoE layer
comes in two sizes,
either a dense or a
sparse Mixture of
Experts.
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Dense MoE

A Dense MoE will
distribute the
tokens across all
experts...

49 GitHub https://github.com/chenzomil 2/Alinfra



Router

l

----------

-----------

@
v

Sparse MoE

... Whereas a Sparse
MoE will only select a
few experts.

4
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1 ZOMI

Router

[

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

@
v

Sparse MoE

When we have
multiple experts
selected, their
weighted outputs get
aggregated.
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MoE Layer

Let’s explore how data flows
through the MoE Layer.

52
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MoE Layer @ .

T~

In its most basic form, we
multiply the input (x) ...

input

53
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MoE Layer @ “

Router

W

... by the router weight
matrix (W) ...

—/

input

54

router
weights
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MoE Layer @ “

Router W

... to create the output of
the router H(x).

H(x
FH(x) \ router
weights

output input
H(X) — X %

55 GitHub https://github.com/chenzomil 2/AlInfra



MoE Layer

H(x)

|
Softmax ¢

Then, the softmax of the
output is taken...

-

output

-_I

Softmax | H(x) )
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MoE Layer

H(x)

|
Softmax
v

[ 1

@(x) /

... to create probabilities
©(x), one for each expert.

probability
distribution per expert

output
Ik =

@(x) = Softmax( H(X)
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MoE Layer

The router uses this

— | | ®(x) «— probability distribution to
| choose the best matching
expert.

%
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MoE Layer

|—EEDE(X)1

We then take the output per selected expert...

Output per
Expert
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MoE Layer

... and multiply that with the router probabilities.

Output per
Expert

Router Output
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MoE Layer

We do this for every expert selected.

Output per
Expert

Router Output ,
— | \

OMI 6l GitHub https://github.com/chenzomil 2/AlInfra



MoE Layer

Since we choose only one expert, we are only
doing this calculation once. \

Output per
Expert

Router Output
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MoE Layer

This creates our output, one vector for each expert.

Sparse MoE Otétput pter
output Router Output ==
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MoE Layer @ -

Router . w And that is how a typical MoE layer
processes the data.
H(x)
|
Softmax
v
""""""" —l | G(x)
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Load Balancing:

IR




Load Balancing: #iftagk

- ZOMI

MoE Layer @ .
1

Router

1]

W

“H(x)

|
Softmax

Seems straightforward, right?

66
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Load Balancing: #iftagk
MoE Layer @X

Router ~

Seems straightforward, right?

]

H(x) Well, there is one big
disadvantage...
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Load Balancing: #iftagk

ZOMI

MoE Layer

During training, some
experts might learn faster....

68

GitHub https://github.com/chenzomil 2/AlInfra



Load Balancing: #iftagk

MoE Layer

... and more than

________________________________________ & 2
o s -
---------------------------------------- @ 4
O n

69
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Load Balancing: #iftagk

S ZOMI

MoE Layer

As a result, the same set of experts
might be chosen too frequently
regardless of the input.
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Load Balancing: #iftagk

MoE Layer

Instead, we want equal importance among
experts during training and inference.

\

ﬁI‘
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Load Balancing: #iftagk

MoE Layer

We call this load balancing. It's to prevent
overfitting on the same experts.

ﬁl‘
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Load Balancing: #iftagk

MoE Layer

To explore advancements in load balancing,
let’s look at how we can improve the MoE
layer with a method called KeepTopK.

ﬁI‘
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Kee plo p-K:
SR



P

Keep Top-K: EZRiEHF

MoE Layer @ .

- ZOMI

Router

Remember that in the first step, we multiply the
input with the router weights to create the

output of the router.

output input
H(X) — X %

router
weights

zomil 2/AlInfra



Keep Top-K: EZRiEHF

X
MoE Layer @
With KeepTopK, we introduce trainable
Router w ) .
| (gaussian) noise...
2 router (small amognt of)
H H(x) weights gaussian
(somewhat noisy) noise
output input _M
=inn
H (X) — X * W + n
...which helps us prevent the same
experts from always being chosen.

& ZOMI zomil 2/AlInfra



Keep Top-K: EZRiEHF

MoE Layer @ =

_B
Router W
n
router (small amoqnt of)
H H(x) weights gaussian
(somewhat noisy) noise
output input B -
Hx) = x + W + n
By introducing noise, some experts
v might “accidentally” get lower
scores.

M ZOMI zomi | 2/AlInfra



Keep Top-K: EZRiEHF

X
MoE Layer @
_A
Router W
— n
router (small amognt of)
H H(x) weights Gausscl]
(somewhat noisy) noise
output input w -
=Riinn
H (X) = X o W + n
Thereby giving more opportunity for
L other experts to train.

M ZOMI zomi | 2/AlInfra



Keep Top-K: EZRiEHF

MoE Layer @ -

Router

(updated) (somewhat noisy)

output output

“Hm “Em

-00 | -00 | -00

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

K_J

Then, sparsity is introduced by setting
the weights of all but the top k (2)
experts to —oo

/

2)

zomil 2/AlInfra



......

Keep Top-K: EZRiEHF

MoE Layer @ .

Router

When we process this
updated output...

(updated)
output

-00

._ll

-00

H'(x)

zomil 2/AlInfra



Keep Top-K: EZRiEHF

MoE Layer @ -

0 zowmi

Router

probability

distribution per expert

(updated)

output

| “Em

-00

-00

Gx) = Softmax( H’'(x) )

P,

... with a softmax function ...

zomil 2/AlInfra



......

Keep Top-K: EZRiEHF

MoE Layer @ -

Router

probability

distribution per expert (updated)

— output

-00

-00

®x) = Softmax(H'(x))

’

| =

...the eufgpurt will result in a probability of O of

the values that were set to -oo.

zomil 2/AlInfra



......

Keep Top-K: EZRiEHF

MoE Layer @ .

Router

probability

distribution per expert (updated)

- output

-00

-00

G(x) = Softmax( H’'(x) )

5

| w

Therefore, it sets the probabilities of all but

the top k (2) experts to 0.

zomil 2/AlInfra



Keep Top-K: EZRiEHF

-
ZOMI

MoE Layer
- an
|
n
B H(x)
R B[]+
R v__

Combined, they allow undertrained experts to
“catch up” to experts that were chosen more
frequently and therefore had more
opportunity to train.

zomil 2/AlInfra



Keep Top-K: EZRiEHF

Routing tokens to a few
selected experts is also
called Token Choice.
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Keep Top-K: EZRiEHF

] Top-1 Routing M

Router Router

— — ... and allows for a given

/§ token to be sent to one

expert (top-1routing) ...
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Keep Top-K: EZRiEHF

Top-2 Routing M

Router Router
—l ._I_I _ ... or to more than one

uP¥S
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Auxiliary Loss:
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Auxiliary Loss: FHR5C

To further improve load balancing, we can add auxiliary loss
(also called load balancing loss) to the network’s regular loss.
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Auxiliary Loss: FHR5C

Imagine that for each input token...

90
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Auxiliary Loss: HR5C

we have prelbalslliiies routing the tokens to the experts.

e

Hl—ll—'mﬂ mﬂl_lm,_. 0o0on  —Oeol ] Hﬂﬂhﬂ
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Auxiliary Loss: HR5C

The first component of this auxiliary loss is to sum
the router values per expert.

& zowm 92
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Auxiliary Loss: &diElRsE

This gives us the importance score per expert...

L0 o meo
mportance (TR + (NESR -+ (D

+ S + D

93
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Auxiliary Loss: FHR5C

How equal the distribution of importance scores is, can be calculated with

standard deviation (o)

Coefficient Variation (CV) =
mean (M)

Importance

2/AlInfra



Auxiliary Loss: FHR5C

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

.30
- —_— =111
CV (Importance) 27
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Auxiliary Loss: FHR5C

if all experts have similar importance
scores, the CV will be low:

.05
— =019
.26

CV (Importance)
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Auxiliary Loss: FHR5C

Auxiliary Loss —

Auxiliary loss is the CV multiplied by w, a
constant scaling factor.

CV ( Importance)2 * W

_ Importance

.............
(constant)
scaling factor

2/AlInfra



Auxiliary Loss: FHR5C

The Auxiliary loss is updated during training
such that it aims to lower the CV as much as
possible....

Auxiliary Loss — CV(Importance)2 * W
_Importance_

.............
(constant)
scaling factor

2/AlInfra



Auxiliary Loss: FHR5C

... thereby creating more equal importance among the experts.

Auxiliary Loss = CV(Importance)2 * W
. /mportance_

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

(constant)
scaling factor

2/AlInfra



Auxiliary Loss: FHR5C

The Auxiliary loss is added as a separate
loss to optimize during training.

Auxiliary Loss = CV(Importance)2 * W
_ Importance

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

(constant)
scaling factor

2/AlInfra



Auxiliary Loss: HR5C

This additional loss therefore results in a
more stable training procedure where all
experts are given (somewhat) equal chance
to train.

|

Auxiliary Loss — CV(Importance)2 * W
_ Importance

(constant)
scaling factor

2/AlInfra




Expert Capacity.:

g

1=

2B E




Expert Capacity: &

A
1
il

N

v

.

R

Imbalance, however, is not just found

in the experts that were chosen...

103
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Expert Capacity: Ex&
s Y Vixture

=
==
o WExperisl 7

Router

ce e e e

o

Jilkin
o

e —————————————————————————————

... but also in the distributions of tokens that are sent to the expert.

104
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Expert Capacity: &

Router

-~

Note that expert 4 has received only one token of the input...
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iy

Expert Capacity: ERBE

what QN is QN vixture J of QR Experts

Router

S e e
G

A

\

... Whereas expert 1 has received all other tokens.

What]is [ Mixture of [Experts

106
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iy

Expert Capacity: ERBE

what J is R ixture I of QR Experts

Router

bl Lo g foo R
=3

\ AN

\

As a result, compared to expert 1....

107
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Expert Capacity: ERa=

Router

...expert 4 ends up undertrained since it
receives so few tokens during training.
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Expert Capacity: ERa=

Router

To prevent this problem, we limit how many tokens
they can process, called the expert capacity.

109
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AN

Expert Capacity: ERBE
A

Router

By setting the expert capacity to 3, this expert can
only process 3 tokens.

110

GitHub https://github.com/chenzomil 2/AlInfra



Expert Capacity: ERa=

Router

o 1 ot
s

Tokens that exceed this threshold are
routed to the next most likely expert.

111
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AN

Expert Capacity: ERBE

™ o om o om g

Router

T P
i

~—_/

If both experts have reached capacity...

112
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Expert Capacity: ERBE

Router

Summarize

... any new token will not be processed by any
expert but instead sent to the next layer.
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Expert Capacity: ERa=

Router

This is referred to as token overflow.
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Expert Capacity: ERa=

-

Router

=

Expert Capacity = 3 Expert Capacity = 3

—
Therefore, it is important that we find a balance between

the number of tokens an expert can process...

& zowm 115

GitHub https://github.com/chenzomil 2/AlInfra



Expert Capacity: ERBE

Router

... and how many will be left unprocessed. Summarize
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Switch Transformers
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Thank you
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