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# Brief Overview of Sequence-to-sequence models

# Limitations of Recurrent Models

# Sequence-to-sequence with Attention 
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The hidden states from RNN layer 𝑖 are the inputs to RNN layer 𝑖 + 1

Brief Overview of Sequence-to-sequence models

• Recurrent Neural Networks (RNNs)
- RNNs and their variations : SOTA for for Sequence Modeling  tasks (e.g., Machine Translation) 

- Long Short-Term Memory (LSTM)
- Gated Recurrent Unit (GRU) networks, …
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Source Sentence

The protests escalated over the weekend <eos>

The protests escalated over the weekendDie Proteste waren am Wochenende eskaliert <eos>

Target Sentence

Encoder Decoder
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Sutskever et al. 2024; Luong et al. 2015

Builds up 
sentence 
meaning

Generating 
next tokens
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Limitations of Recurrent Models #1

• Information bottleneck
- Encoding of the source sentence needs to capture all information about the source sentence.
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Encoder RNN Decoder RNN

il a m' entarté <start> he hit me with aSource Sentence

!𝑦!

he

!𝑦"

hit

!𝑦#

me

!𝑦$

with

!𝑦%

a

!𝑦&

pie Target Sentence

Encoding of the source sentence



Natural Language Processing Lab.,
Hanyang University.

Limitations of Recurrent Models #2

• Linear interaction distance
- O(sequence	length)	steps for distant word pairs to interact means hard to learn long-distance dependencies 

(because of gradient problems)
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… …

… …

… … … … …The chef who … was <eos>

… … … … …

Information of chef has gone thorough O(sequence length) many layers! 
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Limitations of Recurrent Models #3

• Lack of parallelizability 
- GPUs can perform a bunch of independent computations at once
- Future RNN hidden states can’t be computed in full before past RNN hidden states have been computed

7
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Numbers indicate min # of steps before a state can be computed

1 2 3 … n …

0 1 2 … …
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The Concepet of Attention Mechanisms

• Attention is just a weighted average
- Weighted Average

- Query Matching: The query matches all keys ‘softly’, to a weight between 0 and 1. 
- Weighted Sum: The keys’ values are multiplied by the weights and summed.
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On each step of the decoder, use direct connection to the encoder 
to focus on a particular part of the source sequence

𝑘!

𝑘"

𝑘#

𝑘$

𝑘%

𝑣!

𝑣"

𝑣#

𝑣$

𝑣%

𝑞	 ∑
query

keys values

Weighted 
Sum output

a

b

c

d

e

𝑣$ 𝑣$

d 
query

keys values

output

Current item for 
which the model 

wants to compute 
attention

Parts of the memory the attention 
mechanism has access to

* key: compare with the query
* value: the actual content that we want to retrieve

Dot product
The query matches 

one of the keys, 
returning its value.

[ Weighted Average ] [ Lookup Table ]



Natural Language Processing Lab.,
Hanyang University.

Sequence-to-sequence with Attention

• Example of Neural Machine Translation
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On each step of the decoder, use direct connection to the encoder 
to focus on a particular part of the source sequence

Encoder RNN

Attention Score

Attention Distribution

Attention Output

Decoder RNN

il a m' entarté <start> he hit me with a

!𝑦&

pie

Source Sentence

Concatenate attention output 
with decoder hidden state, then 

use to compute '𝑦! as before

Use the attention distribution to take 
a weighted sum of the encoder hidden states. 

The attention output mostly contains 
information from the hidden states 

that received high attention.

softmax

On this decoder timestep, 
we’re mostly focusing on 

the last encoder hidden state (“pie”)

'𝑦"
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'𝑦#

hit
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Sequence-to-sequence with Attention

• Example of Neural Machine Translation
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On each step of the decoder, use direct connection to the encoder 
to focus on a particular part of the source sequence

Encoder RNN

Attention Score

Attention Distribution

Attention Output

Decoder RNN

il a m' entarté <start> he hit me with a

!𝑦&

pie

Source Sentence

softmax

𝑒) = [𝑠)*𝒉!, … , 𝑠)*𝒉+] ∈ ℝ+

𝒉!, … , 𝒉+ ∈ ℝ+ 𝑠) ∈ ℝ+

𝛼) = ∑_softmax(𝑒)) ∈ ℝ+

𝑎) =;
,-!

+

𝛼,)𝒉, ∈ ℝ+

𝑎); 𝑠) ∈ ℝ".

querykeys /  values
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How attention mechanisms improve sequence modeling

• Attention is parallelixable, and solves bottleneck issues.
- Attention treats each word’s representation as a query to acess and incorporate information from a set of 

values.
- Number of unparallelizable operations does not increase with sequence length
- Maximum interaction distance: O(1), since all words interact at every layer.
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All words attend to all words in previous layer (most arrows here are omitted)

2 2 2 2 2 2 2

1 1 1 1 1 1 1

0 0 0 0 0 0 0Embedding

Attention 

Attention 

Numbers indicate min # of steps
before a state can be computed



Transformer Architecture
# Self-Attention

# Positional Embedding

# Adding Nonlinearities by FFN
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RQ #1 Can We Just Get Rid of the RNN Entirely?  
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[ Cross Attention ]

How to pay attention 𝑦'(? 

[ Transformers ]

Cross Attention

• Attention is a way to pass information from a sequence (𝑥) to a neural network input. (ℎ!)
- What we talked about Cross-Attention

: paying attention to the input 𝑥 to generated 𝑦$
-

- What we need is Self-Attention
: to generate 𝑦$, we need to pay attention to 𝑦%$

Attention is All You Need



Natural Language Processing Lab.,
Hanyang University.

RQ #1 Can We Just Get Rid of the RNN Entirely? 

• Hypothetical Example of Self-Attention

14
[ Transformers ]

𝑘" 𝑘# 𝑘& 𝑘' 𝑘(

𝑣" 𝑣# 𝑣& 𝑣' 𝑣(

𝑞	

𝑤! 𝑤" 𝑤# 𝑤$ 𝑤%

he hit me with a

Embedding

query

𝑘)

𝑣)

𝑤&

pie

Self-attention doesn’t build in order information. 

Self-Attention
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RQ #2 How to Incorporate Order Information?

• Consider representing each sequence index as a vector
- Easy to incorporate this information into the self-attention

: just add the 𝑝*  to the inputs
- position vectors: 𝑝* ∈ ℝ+ ,	for	𝑖 ∈ {1, 2, 3, … , 𝑛}
- C𝑥* = 𝑥* + 𝑝*  or C𝑥* = [𝑥*; 𝑝*]

• Sinusoidal position representations
- Concatenate sinusoidal functions of varing periods
- 𝑖 is the position, 𝑑 is total number of demension int the embedding
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[ Transformers ]

𝑝& =

sin 𝑖/10000("∗!)/+

cos 𝑖/10000("∗!)/+
⋯

sin 𝑖/10000("∗+/")/+

cos 𝑖/10000("∗+/")/+

- Maybe can extrapolate to long sequences as 
periods restart

- Not learnable
Positional Encoding
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RQ #3 There are No Nonlinearities for Deep Learning

• There are no elementwise nonlinearities in self-attention.
- Easy to fix: add a feed-forward network to post-process each output.
- FFN 𝑥 = ReLU 𝑥𝑊" + 𝑏" 𝑊# + 𝑏#	; 𝑥 is output of self-attention.
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[ Transformers ]

FFN

he hit me with a pie

FFN FFN FFN FFN FFN FFN

Self-attention

Self-attention

FFN FFN FFN FFN FFN FFN

Attention is All You Need



Natural Language Processing Lab.,
Hanyang University.

RQ #4 How to Ensure to Avoid Looking at Future

• Masking the future in self-attention
- To use self-attention in decoders, mask out attention 

to future words by setting attention scores to −∞.
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[ Transformers ]

<start> he hit me

<start>

he

hit

me

Don’t look these black-out words 
=future words

𝑒*, = T𝑞*
⊺𝑘, , 𝑗 ≤ 𝑖
−∞, 𝑗 > 𝑖
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Wrap-up: the Block of Transformers

• Self-attention: the basis of the method

• Position representations: Specify the sequence order, since
self-attention is an unordered function of its inputs

• Nonlinearities: at the output of the self-attention block, 
frequently implemented as a simple feed-forward network

• Masking: to parallelize operations 
while not looking at the future
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[ Transformers ]

Let's just talk about multi-head attention.

Attention is All You Need
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Multi-head Attention 

• Each head gets to “look” at different things, and construct value vectors differently.
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𝑘" 𝑘# 𝑘& 𝑘' 𝑘(

𝑣" 𝑣# 𝑣& 𝑣' 𝑣(

𝑞	

𝑤! 𝑤" 𝑤# 𝑤$ 𝑤%

he hit me with a
query

𝑘)

𝑣)

𝑤&

pie

[ Transformers ]

𝑘" 𝑘# 𝑘& 𝑘' 𝑘(

𝑣" 𝑣# 𝑣& 𝑣' 𝑣(

𝑞	

𝑤! 𝑤" 𝑤# 𝑤$ 𝑤%

he hit me with a
query

𝑘)

𝑣)

𝑤&

pie

Attention head 1 Attention head 8

Dependency Syntactically relevance
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Multi-head Attention 

• Computationally Efficiency
- Even though computing ℎ-head, it’s not much costly.
- Let 𝑋 = 𝑥"; … ; 𝑥. ∈ ℝ.×+  be the concatenation of input vector.
- 𝑋𝑄 ∈ ℝ.×+  and likewise for 𝑋𝐾 and 𝑋𝑉.
- Output is defined as output = softmax 𝑋𝑄 𝑋𝐾 ⊺ 𝑋𝑉 ∈ ℝ.×+
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[ Multi-Head Attention ]

𝑋𝑄 𝑋𝑄 𝑋𝐾 ⊺

𝑋𝐾 ⊺
=

𝑋𝑉 =𝑋𝑄 𝑋𝐾 ⊺softmax
Output

[ Attention ]

∈ ℝ,×, 

∈ ℝ,×+ 

Take Softmax and compute 
the weighted average 

with another matrix multiplication

Take the query-key dot products 
in one matrix multiplication 
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Multi-head Attention 

• Computationally Efficiency
- Even though computing ℎ-head, it’s not much costly.
- Let 𝑋 = 𝑥"; … ; 𝑥. ∈ ℝ.×+  be the concatenation of input vector.
- 𝑋𝑄 ∈ ℝ.×+  and likewise for 𝑋𝐾 and 𝑋𝑉.
- Output is defined as output = softmax 𝑋𝑄 𝑋𝐾 ⊺ 𝑋𝑉 ∈ ℝ.×+

- And then reshape 𝑋𝑄	, 𝑋𝐾 and 𝑋𝑉	to ℝ.×0×+/0 .
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[ Multi-Head Attention ]

𝑋𝑄 𝑋𝑄 𝑋𝐾 ⊺=

𝑋𝑉 =𝑋𝑄 𝑋𝐾 ⊺softmax
Take Softmax and compute 

the weighted average 
with another matrix multiplication

Let ℎ = 3,
take the query-key dot products 

in one matrix multiplication 
𝑋𝐾 ⊺ ∈ ℝ(,×#)×, 

𝑜𝑢𝑡𝑝𝑢𝑡 ∈ ℝ,×+ 
𝑊2

∈ ℝ,×(#×+) 

∈ ℝ(#×+)×+ 

[ Multi-head Attention ]

Attention is All You Need



Natural Language Processing Lab.,
Hanyang University.

Scaled Dot Product

• When dimensionality d becomes large, dot products between vectors tend to become large
- Because of this, inputs to the softmax fucntion can be large, 

making the gradients small. 

- Just divide the attenscores by d3  to stop the scores
from becoming large just as a function of 𝑑.

- For multi-head attention , use d3/ℎ.

22
[ Transformers ]
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Optimization Tricks

• Residual Connections help the model train better
- Instead of 𝑋(*) = Layer(𝑋 *6" ) , 

- let 𝑋(*) = 𝑋 *6" 	+	Layer(𝑋 *6" ) 

• Layer Normalization help the model train faster
- Cut down on uninformative variation in hidden vector values 

by normalizing to unit mean and standard deviation within each layer
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[ Transformers ]

𝑋(*)𝑋(*6") Layer

𝑋(*)𝑋(*6") Layer

output =
𝑥 − 𝜇
𝜎 + 𝜖

∗ 𝛾 + 𝛽
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Experiment Results
# Machine Translation
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Machine Translation

• English German, English Franch
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Conclusion
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Summary

• Main Contribution
- Introduction of Self-Attention
- Elimination of Recurrence and Convolution
- Scalability and Performance

• And then, …
- A foundational architecture in the field of NLP
- BERT, GPT, and arious other models 
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[ Transformers ]



Natural Language Processing Lab.,
Hanyang University.

Future Work? 

• Do Transformer Modifications Transfer 
Across Implementations and Applications?

- EMNLP 2021
- “Surprisingly, we find that most modifications 

do not meaningfully improve performance.”
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