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To explore MoE in vision models, let's
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Sequence

“What is Mixture of Experts?”

—

The input of a text-based Transformer are sequences...
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... that are split up into tokens.
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To perform the same tokenization process with images...

Images ﬁ ’
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Patches
(tokens)

... we instead convert them into patches (or also called tokens).

m Zuwi Y GItHuUD nteps://gitnup.com/cnenzomi | 2/Allnfra




To further process these patches...

Patches
(tokens)
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Flatten input
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.. we flatten them into a sequence of patches.
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Flatten input

Linear Prolectlon of Flattened Patches
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This sequence is passed to a linear projection...
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Flatten input
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... to create embeddings, one for each patch.
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The [CLS] token, along with positional embeddings are added... B
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Flatten input
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Encoder ...before being passed to the encoder.
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Encoder

Layer Norm
|

Multi-Head Attention
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Layer Norm

The encoder in the Vision Transformer, is no
different from an encoder that processes text.
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Encoder

To use MoE, we then only need to replace the
FFNN...
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@ Zuwii

Encoder

... with a MoE layer that has the same
characteristics we have seen thus far.

MoE Layer

Router

v
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@ Zuwii

Encoder

MoE Layer

This is called the Vision-MoE.

Router

V.
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Encoder

Layer Norm
|

MoE Layer

Note how we can leverage the existing
architecture of Transformers to
implement MoE in a Vision Model.

Multi-Head Attention
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Layer Norm

- MoE Layer

Router
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Since images generally have many patches...
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Router

Expert Capacity = 4
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... a low expert capacity is used for each expert
to reduce hardware constraints.
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Processed Patches
(white boxes are
unprocessed patches)

However, a low capacity tends to lead to patches being
dropped (akin to token overflow).
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To keep the capacity low, a priority scorer...

Priority
Scorer

Router
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Expert Capacity = 4

ey

... S0 that the most important
patches are processed first.

£0

GItHuUD nteps://gitnup.com/cnenzomi | 2/Allnfra



Processed Patches
(white boxes are
unprocessed patches)

This results in a much more accurate
representation of the original image.
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No dropped patches

Keep 80%

As a result, we should still see important patches
routed if the percentage of tokens decreases.
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No dropped patches

Keep 80% Keep 50%

Keep 10%

As a result, we should still see important patches
routed if the percentage of tokens decreases.
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Soft-MOE
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No dropped patches Keep 80% Keep 50%

Keep 10%

However, Vision-MOoE still needs to drop tokens, so
information is lost. Instead, let’s look at an alternative,
namely Soft-MoE.

ouv

N
4

GItHuUD nteps://gitnup.com/cnenzomi | 2/AlInfra



In Vision-MOoE, the priority scorer...

Priority
Scorer

Router
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Priority
Scorer

Router

... helps differentiate between less important
patches...
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Input

Priority
Scorer

Router

—
... and more important patches.
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However, a subset of patches are assigned to
each expert...
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Processed Patches
(white boxes are
unprocessed patches)
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... and information in unprocessed patches is lost.
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Input
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Priority
Scorer

Router

Soft-Moe solves this problem, and aims
to go from a discrete patch assignment...
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Input

—

Priority
Scorer

Router

Soft-Moe solves this problem, and aims
to go from a discrete patch assignment...
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Input
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Priority | m B

Scorer

... to a soft patch assignment by mixing
patches.

Router
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@ Zuwii

Priority
Scorer

Router

In practice, all patches are used instead
of only a subset to create this soft patch.
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Priority | m i

Scorer

Router

We weigh each patch using the priority
scoret...
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Priority
Scorer

Router

... and then take a linear combination of
these weighted patches...
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Priority
Scorer

Router

... before we send the soft patch to the
chosen expert.
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To create these soft patches, Soft-MoE takes the input X (patch
embeddings one for each patch).

(patch embeddings)
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With dimensions d (size of input vector)...

Size of input
vector (d)

A
v

(patch embeddings)
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@ Zuwii

.. by m (the number of patches).

Size of input
vector (d)

Number
of patches
(m)

(patch embeddings)
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@ Zuwii

X is then multiplied by a learnable matrix ®
with dimensions d by...

Size of input

vector (d)
Number
of patches > d
(m)
(patch embeddings) (learnable

matrix)
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@ Zuwii

... the capacity factor for each expert.

Size of input
vector (d) expert1 expert 2
i 1 AEEHE
B ()
Number
of patches k d
m
v
(capacity factor)
(patch embeddings) (learnable

matrix)
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This gives us the routing matrix R.

Size of input
vector (d) expert1 expert 2
: 1 ?2[2][2]2
, O
Number _-
of patches XK d =
[
T N
(capacity factor)
(patch embeddings) (learnable (routing matrix)

matrix)
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... Which tells us how related a certain patch is...

Size of input

vector (d) expert1 expert 2
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of patches
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(capacity factor)
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(patch embeddings) (learnable (routing matrix)
matrix)
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.... to each expert.

Size of input
vector (d) expert 1 expert 2

expert1 expert 2

4
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of patches b S d =
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> B
(capacity factor) p
(patch embeddings) (learnable (routing matrix)
matrix)
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@ Zuwii

By then taking the softmax of the router matrix

(on the columns) ....

Size of input
vector (d)

Number
of patches
(m)

k softmax(

H| |uH |
v

(patch embeddings)

expert1 expert 2

N
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(routing matrix)
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@ Zuwii

Size of input
vector (d)

y
v

Number
of patches
(m)

(patch embeddings)

k softmax(

...we update the embeddings of each patch.
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(routing matrix)

expert1 expert 2
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(updated patch
embeddings)
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As a result, they are a linear combination of the
input patches as we saw before.

Size of input
vector (d)

expert1 expert 2

A
v

expert1 expert 2

Number J .' ..u
of p(e'a,:t,c):hes 5k softmax( :. - 4
T ,,
p p
R X
(patch embeddings) (routing matrix) (updated patch

embeddings)
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Let’s go through this
step-by-step.

@ Zuwi o4 GItHuUD nteps://gitnup.com/cnenzomi | 2/Allnfra



We start with the input X,
embeddings for each patch.
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... and multiply that with a
learnable matrix ®.
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This gives us the router matrix R,
which tells us how related a certain
v token is to a given expert.

expert1 expert 2
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—.R p
H | L
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® < softmax(R); columns

Taking the softmax of R and

multiplying that with the input gives

us a linear combination of patch
expert 1 expert 2 inputS.
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X ‘

softmax(R); columns
® <

These are routed to the best suited
expert for a particular patch input.

expert1 expert 2
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SR
1 [
[
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O < softmax(R); columns

These are routed to the best suited
expert for a particular patch input.

Router
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Each expert processes these linear
combinations of the patch
embeddings to generate y.

Router

expert1 expert 2

1
R
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Router

expert1 expert 2
.' .. The output vy is multiplied with the

L] X ~ ] softmax of R but this time row-wise,
m m :. - R creating a linear combination of
L LEL I 00 L I Iy . expert outputs instead.

v

@4 softmax(R); rows
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expert1 expert 2
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I
@?my R

®< softmax(R); rows

Which gives us

) 5.:.3 / the final output y'.
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@ Zuwii

This architecture, together with the
router matrix, affects the input on a
patch level and the output on an
expert level.
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So, keep in mind that whatever you
= learn about LLMs might also have
°“ter theoretical and practical implications
.' .- to multimodal models!
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@ zowmi

Thank you
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