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Transformer

Encoder Decoder

Input sequence (深度学习) 

Output sequence
 (Deep Learning) 

Sequence to Sequence Learning with Neural Networks, 
https://arxiv.org/abs/1409.3215

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

Seq2Seq



Shanghai Jiao Tong University  |  2026  |  yangxue.site 3

Overview: Transformer
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and CEO 

Essential AI

VP Engineering, 
Gemini Co-lead

Google

Member of 
Technical Staff

Anthropic

Co-Founder 
Inceptive

Co-Founder 
Sakana AI

Co-Founder and CEO 
Cohere Member of 

Technical Staff
OpenAI

Co-Founder 
NEAR Protocol

Equal contribution. 
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Transformer, Citiation: 203461 (6/9/25)
https://arxiv.org/abs/1706.03762 
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Self-attention

FC FC FC FC

Self-attention

Self-attention

FC FC FC FC

Attention is 
all you need.

https://arxiv.org/abs/1706.03762
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Self-attention

��������

��������

Can be either input or a hidden layer
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Self-attention

��������

��

relevant?�

Find the relevant vectors in a sequence 
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Self-attention

�� ��

Dot-product

�

� �

= � ∙ �

Additive

�� ��

�

+

�푎�ℎ

�



Shanghai Jiao Tong University  |  2026  |  yangxue.site 9

Self-attention

�� ��

��������

�� = ����

�� ��

�� = ���� �� = ���� �� = ����

�1,2 �1,3 �1,4
�1,2 = �� ∙ ��

query key

attention 
score

�1,3 = �� ∙ �� �1,4 = �� ∙ ��



Shanghai Jiao Tong University  |  2026  |  yangxue.site 10

Self-attention

�� ��

��������

�� = ����

�� ��

�� = ���� �� = ���� �� = ����

�1,2 �1,3 �1,4

��

�� = ����

�1,1

Soft-max

�1,1
′ �1,2

′ �1,3
′ �1,4

′

�1,�
′ = 푒�� �1,�  / �

푒�� �1,�  
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Self-attention

�� ��

��������

�� ��

�1,2
′ �1,3

′ �1,4
′

��

�1,1
′

�� �� �� ��

Extract information based 
on attention scores

�� = ���� �� = ���� �� = ���� �� = ����

��

�� = 
�
�1,�
′ �� 
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��

�2,1
′ �2,2

′ �2,3
′ �2,4

′

��

Self-attention

�� ��

��������

�� ���� �� �� �� ��

�� = 
�
�2,�
′ �� 
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Self-attention

��������

��������

Can be either input or a hidden layer

parallel
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Self-attention

���� ��

��������

�� ���� �� �� �� ���� ��

�� = ����

�� = ����

�� = ����

�������� = �� ��������

= ��

= ��

��������

���������� ������

�� ������
I

I

I

�

�

�
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�1,1 �1,2 �1,3 �1,4

Self-attention

���� �� �� �� ���� ���� �� �� ��

�1,1 = ���� �1,2 = ����

�1,3 = ���� �1,4 = ����
��

��

��

��

��
=

�1,1
�1,2
�1,3
�1,4
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�2,1 �2,2 �2,3 �2,4

Self-attention

���� �� �� �� ���� ���� �� �� ��

�1,1 = ���� �1,2 = ����

�1,3 = ���� �1,4 = ����
��

��

��

��

��
=

�1,1
�1,2
�1,3
�1,4

��

��

��

��

��
=

�1,1
�1,2
�1,3
�1,4

��

�2,1
�2,2
�2,3
�2,4

�3,1
�3,2
�3,3
�3,4

�4,1
�4,2
�4,3
�4,4

���

�
�� ��

�1,1
′

�1,2
′

�1,3
′

�1,4
′

�2,1
′

�2,2
′

�2,3
′

�2,4
′

�3,1
′

�3,2
′

�3,3
′

�3,4
′

�4,1
′

�4,2
′

�4,3
′

�4,4
′

�′

softmax
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��

�1,1
′ �1,2

′ �1,3
′ �1,4

′

Self-attention

���� �� �� �� ���� ���� �� �� ��

�1,1
′

�1,2
′

�1,3
′

�1,4
′

�2,1
′

�2,2
′

�2,3
′

�2,4
′

�3,1
′

�3,2
′

�3,3
′

�3,4
′

�4,1
′

�4,2
′

�4,3
′

�4,4
′ �′

�� ������

�
=��������

O
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Self-attention

= ��

= ��

= ��

Q

K

V

I

I

I
Parameters 
to be learned 

�� QAA′ =

Attention Matrix
A′V=O
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Self-attention

FC FC FC FC

Self-attention

Self-attention

FC FC FC FC

When the model is processing 
the word “it”, self-attention allows 
it to associate “it” with “animal”.
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��,���,� ��,���,� ��,���,�

��,� = ��,1��

��,� = ��,2��

Multi-head Self-attention

�� ��

��

��

(2 heads as example)�� = ����

�� ��

��

��

��,���,� ��,���,� ��,���,�

��,�
Different types of relevance 
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��,���,� ��,���,� ��,���,�

��,� = ��,1��

��,� = ��,2��

Multi-head Self-attention

�� ��

��

��

(2 heads as example)�� = ����

�� ��

��

��

��,���,� ��,���,� ��,���,�

��,� Different types of relevance 

��,�
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��,���,� ��,���,� ��,���,�

Multi-head Self-attention

�� ��

��

��

(2 heads as example)�� = ����

�� ��

��

��

��,���,� ��,���,� ��,���,�

��,� Different types of relevance 

��,�
�� = ��
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Multi-head Self-attention

• The model's representation of the word "it" bakes in some of the 
representation of both "animal" and "tired”

2 heads 7 heads
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Positional Encoding 

• No position information in self-attention
• Each position has a unique positional 

vector 푒� 
• hand-crafted 
• learned from data

������

���� +

Each 
column 

represents a 
positional 
vector 푒�

-1 1
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Self-attention

Self-attention v.s. CNN 

1 0 0 0 0 1

0 1 0 0 1 0

0 0 1 1 0 0

1 0 0 0 1 0

0 1 0 0 1 0

0 0 1 0 1 0

1 0 0 0 0 1

0 1 0 0 1 0

0 0 1 1 0 0

1 0 0 0 1 0

0 1 0 0 1 0

0 0 1 0 1 0

1 0 0 0 0 1

0 1 0 0 1 0

0 0 1 1 0 0

1 0 0 0 1 0

0 1 0 0 1 0

0 0 1 0 1 0

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

Self-attention: CNN with learnable 
receptive field

 CNN is simplified self-attention. 

 Self-attention is the complex 
version of CNN.
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Self-attention

Self-attention v.s. CNN 

CNN

Self-attention

On the Relationship between Self-
Attention and Convolutional Layers
https://arxiv.org/abs/1911.03584
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Self-attention

Self-attention v.s. CNN 

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

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

Self-attention
CNN

Good for less data
Good for more data
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Self-attention

Self-attention v.s. RNN 

RNN

FC

RNN

FC

RNN

FC

RNN

FC

parallel

nonparalle
l

hard to 
consider

easy to 
consider

https://arxiv.org/abs/2006.16236

Transformers are RNNs: 
Fast Autoregressive 
Transformers with 
Linear Attention

Self-attention

memory

Recurrent Neural Network (RNN)
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Encoder

Encoder Decoder

Input sequence 

output sequence 

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

Encoder

��������

��������

Transformer’s Encoder 
You can use RNN or CNN.
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Encoder

��������

��������

Block

Block

Block

… … … … FC FC FC FC

Self-attention
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Encoder

Self-attention

+

norm

norm

…

norm

 

 

 
 

�1
�2
⋮
��

 

 

 
 

 

 

 
  

�1
′

�2
′

⋮
��
′

 

 

 
  

mean �

https://arxiv.org/abs/1607.06450
Layer Norm

��
′ =

�� −�
�

standard deviation �

+

��

� + �
FC
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Encoder

Encoder

��������

��������

Residual
+ 

Layer norm 

I use the same network architecture 
as transformer encoder. BERT
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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

Post-LN Pre-LN
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Encoder

Post-LN 
LN(x + Module(x))

Pre-LN
x + Module(Norm(x))

Definition
Normalization is applied after the 
self-attention mechanism or 
feed-forward network.

Normalization is applied before the 
self-attention mechanism or feed-
forward network.

Training 
Stability

More stable in the early stages 
of training, but may become 
unstable later.

May be unstable in the early stages 
of training, but becomes stable later.

Gradient 
Behavior

Prone to gradient vanishing, 
especially in deep networks.

Alleviates gradient vanishing, 
making it suitable for deep networks.

Applicability
Suitable for relatively shallow 
Transformer architectures or 
tasks requiring initial training 
stability.

Suitable for deep networks and 
large-scale pretraining language 
models.
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Encoder

 Batch Norm：batch方向做归一化，算N*H*W的均值

 Layer Norm：channel方向做归一化，算C*H*W的均值

 Instance Norm：一个channel内做归一化，算H*W的均值

 Group Norm：将channel方向分group，然后每个group内做归一化，算(C//G)*H*W的均值
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Decoder

Encoder Decoder

Input sequence 

output sequence 

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

Autoregressive (AR) 
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Decoder

DecoderEncoder

START (special token)
<bos> (beginning of sequence) 

学 0.0

深 0.8

度 0.0

习 0.1

…… ……

Vocabulary Size
(common 
characters)

softmax

distribution

( 深度学习 )

max
深

Autoregressive (AR) 
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度

max
学

max
习

START

max
深

深 度 学

max

Decoder

Decoder

( 深度学习 )

Autoregressive (AR) 

Encoder
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度

max
学

max
习

START

max
深

深 度 学

max

Decoder

Decoder

( 深度学习 )

Autoregressive (AR) 

Decoder
Output

渡

渡

Encoder
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惯

max

习

…
…

We do not know the correct output length.

度

max
学

max
习

START

max
深

深 度 学

max

Decoder

Decoder

( 深度学习 )

Autoregressive (AR) 

Encoder
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START

Decoder

Decoder

( 深度学习 )

softmax

学 0.0
深 0.8
度 0.0
习 0.1

…… ……
END 0.0

distribution

Vocabulary Size
(common 
characters)

Adding “Stop Token”

Encoder
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End

max

习

度

max
学

max
习

START

max
深

深 度 学

max

Decoder

Decoder

( 深度学习 )

Autoregressive (AR) Stop at here!

Encoder
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Decoder

度

max
学

max
习

START

深

深 度 学

max

Decoder

Ignore the input from the encoder here 



Shanghai Jiao Tong University  |  2026  |  yangxue.site 47

Decoder

Encoder Decoder
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Decoder

��������

��������

Can be either input or a hidden layer

Self-attention Masked Self-attention
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Decoder

Self-attention Masked Self-attention

������ ������ ���� ����

�2,1
′ �2,2

′ �2,3
′ �2,4

′

��

��������

����

Why masked? Consider how does decoder work
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Decoder

Attention Mask
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Decoder

Attention Mask
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Decoder

Encoder Decoder

Input sequence 

output sequence 

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

Non-Autoregressive (NAR) 
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Decoder

AR v.s. NAR

AR Decoder

w1 w2START w3

ENDw1 w2 w3

NAR Decoder

START

w4w1 w2 w3

START START START

 How to decide the output length for NAR decoder?
• Another predictor for output length  
• Output a very long sequence, ignore tokens after END

END

v.
s.
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Decoder

AR v.s. NAR

AR Decoder

w1 w2START w3

ENDw1 w2 w3

NAR Decoder

START

w4w1 w2 w3

START START START

END

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

v.
s.
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Encoder-Decoder

Encoder Decoder

Input sequence 

output sequence 

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

Cross 
attention
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Encoder-Decoder

�� �� ��

�

� FC

Encoder

START

�1
′ �2

′ �3
′

Self-attention (Mask)

Cross 
attention

���� ���� ����
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Encoder-Decoder

�� �� ��

�′ FC

Encoder

START

�1
′ �2

′ �3
′

Self-attention (Mask)

���� ���� ���� �′

机



Shanghai Jiao Tong University  |  2026  |  yangxue.site 59

Encoder-Decoder

(This is not 
transformer.)

Cross Attention

Listen, attend and spell: A 
neural network for large 
vocabulary conversational 
speech recognition

https://ieeexplore.ieee.org/do
cument/7472621
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Encoder-Decoder

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



Shanghai Jiao Tong University  |  2026  |  yangxue.site 61

Encoder-Decoder

Cross Attention
Source of image: 
https://arxiv.org/abs/2005.08081
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Training

START

Decoder

( 深度学习 )

softmax

学 0.0
深 0.8
度 0.0
习 0.1

…… ……
END 0.0

distribution

Vocabulary Size
(common 
characters)

学 0
深 1
度 0
习 0
… …

深
Ground 

truth 
minimize 

cross entropy 

Encoder
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Training

习<BOS> 深 度 学

Decoder

( 深度学习 )

minimize cross entropy 

深 度 学 习 <EOS>

Ground Truth

Teacher Forcing

Using the 
ground truth 
as input

Encoder
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Inference

Beam Search

A B

A AB B

A B A B A B
A B

0.4

0.9

0.9

0.6

0.4

0.4

0.6

0.6

The green path is the best one.
Not possible to check all the paths …

Assume there are 
only two tokens (V=2).

The red path is Greedy Decoding. 

→ Beam Search
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Inference

Beam Search

Calculate prob 
dist of next word

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

Take top � words 
and compute scores

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

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

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

Of these �2 hypotheses, just 
keep � with highest scores

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

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

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

Of these �2 hypotheses, just 
keep � with highest scores

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

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

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

Of these �2 hypotheses, just 
keep � with highest scores

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

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

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

Of these �2 hypotheses, just 
keep � with highest scores

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

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

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search

This is the top-scoring hypothesis!

  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1
� log⁡�퐿�(��|�1,…, ��−1, �) 
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Inference

Beam Search
  Beam size = k = 2. Blue numbers 푠푐��푒 �1,…, �� = �=1

� log⁡�퐿�(��|�1,…, ��−1, �) 

Backtrack to obtain the full hypothesis
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Tips

Sampling

https://arxiv.org/abs/1904.09751
The Curious Case of Neural Text Degeneration

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

深 度 学 习 <EOS>

Decoder

深 度 学 习 <EOS>

Decoder

BLEU score?

1. 计算 n-gram 的精确匹配率：
计算候选翻译中每个 n-gram 
在参考翻译中出现的次数与
候选翻译中该 n-gram 总次
数的比值

2. 计算 Brevity Penalty (BP)：
惩罚翻译结果过短

3. 综合计算 BLEU

Optimizing Evaluation Metrics?
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Tips

候选翻译（C）：“the cat sat on the mat”       参考翻译（R）："the cat is on the mat"
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Tips

深 度 学 习 <EOS>

Decoder

深 度 学 习 <EOS>

Decoder

BLEU score?

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

1. 计算 n-gram 的精确匹配率：
计算候选翻译中每个 n-gram 
在参考翻译中出现的次数与
候选翻译中该 n-gram 总次
数的比值

2. 计算 Brevity Penalty (BP)：
惩罚翻译结果过短

3. 综合计算 BLEU
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Tips

渡 学

START

深

深 渡

Decoder

<BOS> 深

深

度

度 学

Decoder

There is a 
mismatch! 

Ground Truth

渡

Exposure bias?
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Tips

Scheduled Sampling 

• Original Scheduled 
Sampling

• Scheduled Sampling for 
Transformer

• Parallel Scheduled 
Sampling 

https://arxiv.org/abs/1506.03099

https://arxiv.org/abs/1906.07651

https://arxiv.org/abs/1906.04331
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Summary
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NLP Transformer

• Encoder-only (BERT)
• Encoder-Decoder (T5)
• Decoder-only (GPT)

https://arxiv.org/abs/2304.13712 
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NLP Transformer

Encoder-only (BERT)

• Focuses on understanding and analyzing 

input information rather than creating new 

content

• Good at understanding and classifying 

information, such as determining the 

sentiment tendency (positive or negative) of 

a text or topic classification



Shanghai Jiao Tong University  |  2026  |  yangxue.site 88

NLP Transformer

Encoder-Decoder (T5)

• They excel at tasks that require 

understanding input and producing 

relevant output

• Good at translation or question-

answering systems
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NLP Transformer

Decoder-only (GPT)

• OpenAI chose the Decoder-Only (e.g. GPT)

• 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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NLP Transformer

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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Vision Transformer

Structure Advantage Disadvantage

Inductive bias: 
translation 

equivariance, locality
Limited receptive field

Long-range 
receptive field

Training is difficult, more 
data is needed.
Large amount of 

calculation
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Vision Transformer

ViT
https://arxiv.org/abs/2010.11929 
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Vision Transformer

Patch Embedding

 Input: 2-D image, mark as ����×�×�

 Patch size: � × �, mark as �����×�×�

 Patch num: � = ��/�2 

 Patch embeddings : reshape to 1-D, mark as �����
2∙� 
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Vision Transformer

Position Embedding
 No positional embedding

 1-D positional embedding: consider 2-D 

patches as 1-D sequences (used in ViT)

 2-D positional embedding: consider the 

2-D position of patches (x, y)

 Relative positional embeddings
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Vision Transformer

Position Embedding
 No positional embedding

 1-D positional embedding: consider 2-D 

patches as 1-D sequences (used in ViT)

 2-D positional embedding: consider the 

2-D position of patches (x, y)

 Relative positional embeddings
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Vision Transformer

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.
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Vision Transformer

Transformer Encoder
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Vision Transformer



Shanghai Jiao Tong University  |  2026  |  yangxue.site 99

Vision Transformer

Parameters and Calculations
 Layers: the number of blocks;

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

 MLP size: generally set to 4D;

 Heads: the number of heads in MSA;

 Patch size: The patch size of the model input, this only affects the amount of calculation;
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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. 
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Vision Transformer

Performance
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Vision Transformer
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Vision Transformer

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.
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Swin Transformer

 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.

Swin
https://arxiv.org/abs/2103.14030
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Swin Transformer

Architecture
Novel Components

 Patch Merging

 Swin Transformer Block
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Swin Transformer

Patch Merging

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

patch merging layers as the network gets deeper
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Swin Transformer

Swin Transformer Block

 W-MSA: Regular Window based Multi-head Self Attention

 SW-MSA: Shifting Window based Multi-head Self Attention
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Swin Transformer

W-MSA
 The computational complexity of a global 

MSA module and a window based one an 

image of h × w patches are:

 Global self-attention computation is 

generally unaffordable for a large hw, 

while the window based self-attention is 

scalable.

W-MSA SW-MSA
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Swin Transformer

SW-MSA

W-MSA SW-MSA
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Swin Transformer

SW-MSA

Attention Mask
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Swin Transformer

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
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Swin Transformer

Detailed Architecture Specifications
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Swin Transformer

Performance



Shanghai Jiao Tong University  |  2026  |  yangxue.site 114

Swin Transformer

Performance
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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 define a MoE:
 Experts - Each FFNN layer now has a 

set of “experts” of which a subset can 

be chosen. These “experts” are 

typically FFNNs themselves.

 Router or gate network - Determines 

which tokens are sent to which experts.

https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-mixture-of-experts
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Mixture of Experts

What is Mixture of Experts?
 In each layer of an LLM with an MoE, we find (somewhat specialized) 

experts:
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Mixture of Experts

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.
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Mixture 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.
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Mixture of Experts

Why are MoEs getting popular?
 Same FLOP, more param does better
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Mixture of Experts

Why are MoEs getting popular?
 Faster to train MoEs

OLMoE, https://arxiv.org/abs/2409.02060
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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).
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Mixture of Experts

The Experts: Dense Layers
 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.
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Mixture of Experts

The Experts: Sparse Layers
 In contrast, sparse models only activate a portion of their total parameters 

and are closely related to Mixture of Experts.
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Mixture of Experts

The Experts: Sparse Layers
 The underlying idea is that each 

expert learns different 

information during training. 

 When asked a question, we can 

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.
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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.

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

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:
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Mixture of Experts

The Experts: The Architecture of Experts

 Since most LLMs have several 

decoder blocks, a given text will 

pass through multiple experts 

before the text is generated:
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Mixture of Experts

The Experts: The Architecture of Experts

 The chosen experts 

likely differ between 

tokens which results 

in different “paths” 

being taken:
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Mixture of Experts

The Experts: The Architecture of Experts

 If we update our 

visualization of the 

decoder block, it 

would now contain 

more FFNNs (one 

for each expert) 

instead:
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Mixture of Experts

The Experts: The Architecture of Experts
Typical: replace MLP with MoE layer Less common: MoE for attention heads
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Mixture of Experts

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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Mixture of Experts

The Routing Mechanism: The Router

 Step1: The router (or gate 

network) is also an FFNN and is 

used to choose the expert based 

on a particular input. It outputs 

probabilities which it uses to 

select the best matching expert:
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Mixture of Experts

The Routing Mechanism: The Router

 Step2: The expert layer returns 

the output of the selected 

expert multiplied by the gate 

value (selection probabilities).
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Mixture of Experts

The Routing Mechanism: The Router
 The router together with the experts (of which only a few are selected) 

makes up the MoE Layer:
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Mixture of Experts

The Routing Mechanism: The Router

 A given MoE layer comes in 

two sizes, either a sparse or 

a dense mixture of experts.

 When you see a “MoE” it will 

typically be a Sparse MoE as it 

is computationally cheaper
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Mixture of Experts

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.

 In its most basic form, we multiply the input (x) by the router weight (W):
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Mixture of Experts

The Routing Mechanism: Selection of Experts
 Then, we apply a SoftMax on the output to create a probability 

distribution G(x) per expert:
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Mixture of Experts

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.
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Mixture of Experts

The Routing Mechanism: Selection of Experts

 Let’s put everything 

together and explore 

how the input flows 

through the router 

and experts:
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Mixture of Experts

The Routing Mechanism: The Complexity of Routing

 However, this simple function 

often results in the router 

choosing the same expert 

since certain experts might 

learn faster than others:
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Mixture of Experts

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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Mixture of Experts

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:
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Mixture of Experts

Load Balancing: KeepTopK
 Then, all but the top k experts that you want activating (for example 2) will 

have their weights set to −∞:
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Mixture of Experts

Load Balancing: KeepTopK

 By setting these weights to −∞, the output of the SoftMax on these weights 

will result in a probability of 0:



Shanghai Jiao Tong University  |  2026  |  yangxue.site 148

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):
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Mixture of Experts

KeepTopK: Token Choice
 Or to more than one expert 

(top-k routing):

 A major benefit is that it 

allows the experts’ 

respective contributions to 

be weighed and integrated.
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Mixture of Experts

Other routing type
 Many of the routing algorithms boil down to ‘choose top k’

Token chooses 
expert

Expert chooses
token

Global routing via
optimization
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Mixture of Experts

Other routing type
 Almost all the MoEs do a standard ‘token choice topk’ routing. 
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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.

 It adds a constraint that forces experts to have equal importance.
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Mixture of Experts

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.



Shanghai Jiao Tong University  |  2026  |  yangxue.site 154

Mixture of Experts

KeepTopK: Auxiliary Loss
 For instance, if there are a lot of differences in importance scores, 

the CV will be high:
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Mixture of Experts

KeepTopK: Auxiliary Loss
 In contrast, if all experts have similar importance scores, the CV will be 

low (which is what we aim for):
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Mixture of Experts

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):

 Finally, the auxiliary loss is added as a separate loss to optimize during training.
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Mixture of Experts

Load Balancing: Expert Capacity
 Imbalance is not just found in the experts that were chosen but also in the 

distributions of tokens that are sent to the expert.

undertraining
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Mixture of Experts

Load Balancing: Expert Capacity

 Solution: limit the amount 

of tokens a given expert can 

handle, namely Expert 

Capacity. By the time an 

expert has reached capacity, 

the resulting tokens will be 

sent to the next expert:
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Mixture of Experts

Load Balancing: Expert Capacity

 If both experts have 

reached their capacity, 

the token will not be 

processed by any expert 

but instead sent to the 

next layer. This is referred 

to as token overflow.
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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).
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Mixture of Experts

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.
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Mixture of Experts

Switch Transformer: Capacity Factor
 The components of expert capacity are straightforward:
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Mixture of Experts

Switch Transformer: Capacity Factor
 A technique that uses many different sub-models to improve the LLMs.
 if the capacity factor is too large, we waste computing resources. 

 if the capacity factor is too small, the performance will drop due to token overflow.
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Mixture of Experts

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:

3        1        2  

3/6 ,    1/6 ,    2/6  

���� = � ∗ � ∗ ����
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Mixture of Experts

Example from deepseek (v1-2)
 Per-expert balancing – same as the switch transformer

 Per-device balancing – the objective above, but aggregated by device.
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Mixture of Experts

DeepSeek v3 variation – per-expert biases
 Set up a per-expert bias (making it more likely to get tokens) and use online learning

 They call this ‘auxiliary loss free balancing’

(but the approach is not fully aux loss free)
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Mixture of Experts

What happens when removing load balancing losses?
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Mixture of Experts

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?

Token dropping from routing happens at a batch level – this 
means that other people’s queries can drop your token!
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Mixture of Experts

More routing variants

Top-K, used in most MoEs:
Switch Transformer (k=1) Gshard (k=2), Grok (2), 
Mixtral (2), Qwen (4), DeepSeek (7), DBRX(4)

Hashing: common baseline
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Mixture of Experts

More routing variants

RL to learn routes:
used in some of the earliest work
Bengio 2013, not common now

Solve a matching problem:
linear assignment for routing, used in 
various papers like Clark ‘22
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Mixture of Experts

Recent variations from DeepSeek and other Chinese LMs

 Smaller, larger number of experts + a few shared experts that are always on
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Mixture of Experts

Various ablations from the DeepSeek paper
 More experts, shared experts all seem to generally help
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Mixture of Experts

Ablations from OlMoE
 Gains from fine-grained experts, none from shared experts
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Mixture of Experts

Mixture of Experts in Vision Models

 MoE is usable in both language 

and vision models (e.g. ViT).

 As a quick recap, ViT is an 

architecture that splits images 

into patches that are 

processed similarly to tokens.
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Mixture of Experts

Mixture of Experts in Vision Models

 These patches (or tokens) are 

then projected into embeddings 

(with additional positional 

embeddings) before being fed 

into a regular encoder:
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Mixture of Experts

Vision-MoE

 Vision-MoE (V-MoE) is one of 

the first implementations of MoE 

in an image model. It takes the 

ViT as we saw before and 

replaces the dense FFNN in the 

encoder with a Sparse MoE.

Riquelme, Carlos, et al. "Scaling vision with sparse mixture of experts." Advances in 
Neural Information Processing Systems 34 (2021): 8583-8595.
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Mixture of Experts

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).
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Mixture of Experts

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.
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Mixture 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.
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Mixture of Experts

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).
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Mixture of Experts

Active vs. Sparse Parameters with Mixtral 8x7B

 In other words, MoE 

models need more 

VRAM to load in all 

experts but run faster 

during inference.



Shanghai Jiao Tong University  |  2026  |  yangxue.site 182

Mixture of Experts

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).
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Mixture of Experts

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

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