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Brief Overview of Sequence-to-sequence models

Sutskever et al. 2024; Luong et al. 2015

« 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, ... [The | _protest] escalate Over\ e \ Weekenr <] Target Sentence
by ol e ol
1 1
1 1
Encoder . > Decoder
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Source Sentence Die Profeste waren afn Wochenende eskaliert ~ <eos> The protests escalated | over the eekend

The hidden states from RNN layer i are the inputs to RNN layeri + 1




Limitations of Recurrent Models #1

« Information bottleneck

- Encoding of the source sentence needs to capture all information about the source sentence.

Encoder RNN { E

Source Sentence

Encoding of the source sentence

il a m' entarté <start>

Target Sentence
A A A A A A
A A A A A A
ol (o o o o (o
> 8 > 8 > 8 > 8 > 8 > 8 Decoder RNN
o o o o o o
he hit me with a
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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)

The chef who .. was <€0s>

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

hy

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

keys  values Parts of the memory the attention keys  values
mechanism has access to 5
v | | [ a |
Dot product
Weighted 5 The query matches
: v :
Current item for 2 ' n one of the keys,

Sum  output . query

query

which the model
wants to compute
attention

returningitsvalue.

output

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

[ Weighted Average ] [ Lookup Table]

On each step of the decoder, use direct connection to the encoder

to focus on a particular part of the source sequence




Sequence-to-sequence with Attention

« Example of Neural Machine Translation

The mostly contains

information from the [silelelElaiS 1=

thatreceived high attention. )
A pie

On this decoder timestep,

Attention Distl‘ibution ..."‘.l we're mOStly fOCUSiI’]g on Concatenate
the last encoder hidden state (“pie”) 3/’\6 with decoder hidden state, then
A A A /

Use the attention distribution to take

aweighted sum of the daldelelSigpllefe[SpIS EIES

Attention Output

use to compute ¥; as before

A A '

Attention Score
o @ o
Encoder RNN 8 > 8 > 8 Decoder RNN
0 ) )
Source Sentence | il a m' entarté <start> he hit me with a

On each step of the decoder, use direct connection to the encoder

to focus on a particular part of the source sequence




Sequence-to-sequence with Attention

« Example of Neural Machine Translation
N

. — t N
Attention Output At = Z a;h; € R
i=1

Attention Distribution
at =Y _softmax(et) € RY

Attention Score
et = [sfhy,..,sThy] €RN

Encoder RNN
hy, .., hy € RN
keys / values

Decoder RNN
St € ]RN

o
@)
o
@)
T query
a

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

On each step of the decoder, use direct connection to the encoder

to focus on a particular part of the source sequence




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.

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

Attention

Embedding

All words attend to all words in previous layer (most arrows here are omitted)
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Attention is All You Need

Transformer Architecture

# Self-Attention
# Positional Embedding
# Adding Nonlinearities by FFN

Natural Language Processing Lab.,
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RQ #1 Can We Just Get Rid of the RNN Entirely?

- Attention is a way to pass information from a sequence (x) to a neural network input. (h;)

- What we talked about Cross-Attention 5 Probabilites
: paying attention to the input x to generated y, Softmax
B | Repeat for number of Lll’::af
decoder blocks. Add & Norm
Attend only to output of *
t;ast Enc;:'der Bl:ck. G R
Cross Attention . Add&Norm

Repeat for number of (
encoder blocks

Add & Norm

Block

O @) @) @) @) @) A
LO .0 .o _ o0 .0 _O Add & Norm Masked Multi-
20 0 20 20 20 210 Head Attention

@) O O @) O @) Feed-Forward

 J
' . Add & Norm Add Position
: L i
: [ Cross Attention ] e Embe%dmgs
: Atention Embeddings
How to pay attention y«¢?
Block Decoder Inputs

What we need is Self-Attention ’éi?b%i‘f.‘;‘s’
: to generate y,, we need to pay attention to y; Embeddings

Encoder Inputs

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

- Hypothetical Example of Self-Attention

Probabilities

Softmax
N
Linear
Repeat for number of N

decoder blocks. Add & Norm
N
Attend only to output of rward
last Encoder Block. Feed-Fo

— | Add & Norm
B =
'“P::z::;’;’::;::,‘:g EL)
,Ul vz 173 v4 775 v6 ; . , Add & Norm
S
> addanom Self-Attention ...l
Embedding  w; W, W3 Wy Ws W ( ? Embeddings
; Embeddings
he hit me with a pie Block Decoder Inputs
query Eeiiag
' Gobenings
Self-attention doesn’t build in order information. Bncoder Inpus
[ Transformers ]
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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; € R4, fori € {1,2,3, ...,n}

- X = x; + p;or X = x5 pi]

 Sinusoidal position representations

- Concatenate sinusoidal functions of varing periods
- i isthe position, d is total number of demension int the embedding

b

sini/10000(2*1)/d
cosi/10000*1)/d

sini/10000(2*d/2)/d
cosi/10000(2*4/2)/d

- Maybe can extrapolate to long sequences as
periods restart
- Not learnable

Natural Language Processing Lab.,
Hanyang University.

Probabilities

Softmax
N
Linear

Repeat for number of N

decoder blocks. Add & Norm
N
Attend only to output of
last Encoder Block. Feed-Fo g

Add & Norm
N

Multi-Head
Attention
237

Add & Norm
N

Repeat for number of
encoder blocks

Masked Multi-

Head Attention
N

Add & Norm
N

Feed-Forward

Block
Add & Norm Add Position
L Embeddin
Multi-Head m e/[s &8
Attention c
,L,j Embeddings
Block Decoder Inputs

Add Position o .
r:},{dinss ’ Positional Encoding

1
Embeddings
Encoder Inputs

[ Transformers ]

15



Attention is All You Need

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.

A A A A A A

Self-attention

Self-attention

he hit me with a pie

OHOFL) Ot Natural Language Processing Lab.,
;Tnmm uun;;sm Hanyang UniVerSity.
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Softmax
N
Linear
Repeat for number of N
decoder blocks.
/—) Add 8‘:} Norm
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last Encoder Block. Feed-Forward
Add & Norm
FFN
Repeat for number of
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Add & Norm
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T

Feed-Forward
a Block

Add & Norm

Add Position
Embeddings
2

Embeddings
Block Decoder Inputs

Add Position
Embeddings
r

Embeddings

Encoder Inputs

[ Transformers ]
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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 —co.

he
hit

me

EI Y' [ oo
HANYANG UNIVERSITY

—00,] > 1

<start> he

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

me

Natural Language Processing Lab.,
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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

Let's just talk about multi-head attention.

Probabilities

Softmax
A
Linear
Repeat for number of N
decoder blocks. Add & Norm
N
Attend only to output of
last Encoder Block. HEE R .
Add & Norm
N
Multi-Head
Repeat for number of Attention
encoder blocks j j‘ l
Add & Norm
N
Add & Norm Masked Multi-
s Head Attention
Feed-Forward
Block
Add %Norm Add Position
Multi-Head Embe,‘lldmgs
Attenti
~ Embeddings
Block Decoder Inputs
Add Position
Embeddings
6
Embeddings
Encoder Inputs
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Multi-head Attention

- Each head gets to “look” at different things, and construct value vectors differently.

Probabilities

Attention head 1 Attention head 8 Softmax
i A~
1 Linear
— i Repeat for number of N
- ' decoder blocks. Add & Norm
Dependency Syntactically relevance Attend only to output of Feed-Forward
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Add & Norm
| R b
- = = R b f
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g g |
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: N
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i Block
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[ Transformers ]
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Multi-head Attention

- Computationally Efficiency

Even though computing h-head, it’s not much costly.

Let X = [xq;...; x,] € R™? be the concatenation of input vector.
X0Q € R™4 and likewise for XK and XV.

Output is defined as output = softmax(XQ(XK))XV € R™**4

[ Attention ]

Take the query-key dot products

_ T
= | XQ(XK) in one matrix multiplication

e Rnxn

D

softmax| | XQ(XK)' ='

Take Softmax and compute
the weighted average

(= RnXd

Natural Language Processing Lab.,
Hanyang University.
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Attention
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Output with another matrix multiplication

Linear Linear Linear

[ Multi-Head Attention |
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Multi-head Attention

- Computationally Efficienc
P y y MultiHead(Q, K, V) = Concat(heady, ..., heady, )W

- Even though computing h-head, it’s not much costly. g where head; = Attention(QW2, KWX, viv)Y)
- Let X = [xq; ...; x,,] € R™? be the concatenation of input vector. | )
- XQ € R™? and likewise for XK and XV. 5 —
- Output is defined as output = softmax(XQ(XK) )XV € R**¢ 1
- And then reshape XQ , XK and XV to R®*hxd/h, e
[ Multi-head Attention ] M
ﬂ Leth =3, Scaled Dot-Product I IZ :
v _ ||l xoxK)T take the query—key dpt proglucts Attention
U' PR— in one matrix multiplication ; Al Al Al
L (XK )" e R(Mx3)xn ; A A A
L
Linear Linear Linear
€ Rnx(3xd)

. . ¢ RG*Dxd Take Softmaxand compute |
softmax| ||| XQ(XK)'|| P4 = the weighted average v K Q
with another matrix multiplication !

output € R™*4

[ Multi-Head Attention |

Natural Language Processing Lab.,
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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, g Probabilites
making the gradients small. —
E Linear
- Just divide the attenscores by ,/d;, to stop the scores | Repeat for mumber of a
. . . ; ecoaer blocks. A & Norm
from becoming large just as a function of d. | Attend only to output of -
! Feed-Forward
1 ! last Encoder Block.
. Add & Norm
| QK" MatMul | Ml Head
Attention(Q, K, V) = softmax( - )V 3 Y Repeat for mumber of Aj?j?}“
K Sof’tM aX : Add & Norm
i Add & Norm Maske:thulti-
. . f o Head Attention
- For multi-head attention , use \/d /h. [ Mask (opt.) | Feed Forward
2 E Block
* : Add & Norm Add Position
S l T d Embeddings
cale Ml Hea T
Attention .
f Embeddings
i Block Decoder Inputs
Ma’t M u l - Add Position
E Embeddings
1 1 : Emb:gdings
Q K V : Encoder Inputs
Natural Language Processing Lab., [ Transformers ] 2
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Optimization Tricks

 Residual Connections help the model train better

= Instead OfX(l) == LayeF(X(l_l)) 9 : Probabilities
' Softmax
: N
| — 1 | Linear
X (l 1) w X (l) E Repeat for number of A
> : : decoder blocks. AEELE N
b £0% ML E 4N
Ryt el

- let X® = X0 4 Layer(X(-1)

: B i Add & Norm
' N
. ] ) . Multi-Head
X(l—l) - X(l) [no residuals] [residuals] i Repeat for number of Attention
; encoder blocks J j\ l
i Add & Norm
E N

| Add 82\ Norm Masked Multi-
o o . ; Head Attention
- Layer Normalization help the model train faster ; Feed-Forward
E Block
- Cut down on uninformative variation in hidden vector values | Add & Norm Kad Foson
by normalizing to unit mean and standard deviation within each layer! o i
E Embeddings
Block Decoder Inputs
Output — % y _I_ ﬁ : AddPosi.tion
\/— + € | Embelcli‘dmgs
Embeddings
Encoder Inputs
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Attention is All You Need

Experiment Results

# Machine Translation

Natural Language Processing Lab.,
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Machine Translation

« English German, English Franch

Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

Model BLEU Training Cost (FLOPs)
oce EN-DE EN-FR EN-DE EN-FR

ByteNet [18] 23.75

Deep-Att + PosUnk [39] 39.2 1.0 - 1020
GNMT + RL [38] 24.6 39.92 2.3-10  1.4.102°
ConvS2S [9] 25.16 40.46 9.6-10% 1.5.10%°
MOE [32] 26.03 40.56 2.0-101° 1.2.1020
Deep-Att + PosUnk Ensemble [39] 40.4 8.0-102%°
GNMT + RL Ensemble [38] 26.30 41.16 1.8-10%°  1.1-10%1
ConvS2S Ensemble [9] 26.36 41.29 7.7-1019  1.2.10%!
Transformer (base model) 27.3 38.1 3.3.10!8

Transformer (big) 28.4 41.8 2.3.101°

Natural Language Processing Lab.,
Hanyang University.
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Conclusion

BHOFI O Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY Hanyang Un|VerS|ty.




Summary

« Main Contribution

- Introduction of Self-Attention
- Elimination of Recurrence and Convolution
- Scalability and Performance

« And then, ...

- Afoundational architecture in the field of NLP
- BERT, GPT, and arious other models

StOFLjTt Il Natural Language Proce;sing Lab.,
HANYANG UNIVERSITY H a nya ng U nive rS|ty.
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Future Work?

Model Params Ops Step/s Early loss Finalloss SGLUE XSum WebQ
° gno ° -
° D T f M d f t T f Vanilla Transformer 223M 11T 3.90  2.245+0.005  1.865 69.72  16.94  24.60
o ra n s o rm e r o I I Ca I o n s ra n s e r GeLU 223M 1117 3.88  2.220+0.005 1.863 70.36 17.10  23.28
° ° ° Swish 223M 1117 3.93  2.234+0.005 1.865 69.60 17.07  24.34
Across Implementatlons and Appllcatlons7 ELU 2230 1LIT 386  2333£0013  1.942 6430 1621 2407
L4 GLU 223M 1117 3.88  2.212+0.005 1.834 70.43 17.42 24.34
GeGLU 223M 1117 3.85 2.172 £0.010 1.807 72.36 17.69  24.87
ReGLU 223M 1117 3.87  2.190 +0.008 1.832 70.63 17.38  21.96
- E M N L P 20 2 l SeLU 223M 1117 3.84  2.372+0.016 1.967 64.68 16.00 23.28
SwiGLU 223M 1117 3.82 2.168 + 0.006 1.806 70.90 17.51 25.13
LiGLU 223M 1117 3.88  2.180 % 0.002 1.816 71.23 17.55 24.60
(1 P M 1 M Sigmoid 223M 1117 3.94 2947+ 1.152 1.908 69.36 16.64 23.02
- “Surprisingly, we find that most modifications S
. . 17} RMS Norm 223M 1117 3.99  2.209 +0.008 1.856 69.11 16.90 23.55
do not meanin gfu [[y improve perfo rmance. Rezero 23N IAT 414 31500719 2506 501 641 2090
Rezero + LayerNorm 223M 1117 3.78  2.229+0.006 1.902 64.75 16.40 23.02
Rezero + RMS Norm 223M 1117 3.90  2.306 +0.016 1.948 59.86 15.66 23.02
Fixup 223M 1117 3.32 2.473 £0.014 2.236 57.98 12.51 23.28
24 layers, dg = 1536, H =6 224M 1117 3.12 2.260 +0.014 1.874 70.59 17.11  23.02
18 layers, dg = 2048, H = 8 223M 1117 3.27  2.268 +0.037 1.878 70.40 16.87 23.02
8 layers, dg = 4608, H =18 223M 1117 3.61 2.243 +0.003 1.871 68.67 17.03  23.55
6 layers, dy = 6144, H = 24 223M 1117 3.59  2.250 +0.004 1.882 68.08 16.93 23.81
Block sharing 65M 1117 4.03  2.777£0.019 2.237 63.06 13.89 21.96
+ Factorized embeddings 45M 94T 4.35 2.670 £0.178 2.205 57.17 12.13 20.11
+ Factorized & Shared embeddings 20M 91T 4.49 2.874 £ 0.059 2.362 57.46 11.78 19.58
Encoder only block sharing 170M 1117 3.80 2.399 + 0.008 2.016 64.08 14.74 21.69
Decoder only block sharing 144M 1117 3.92 2.542 £ 0.067 2.048 69.95 16.01 21.96
Factorized Embedding 22TM 94T 3.97  2.273+0.019 1.886 68.91 16.41 21.43
Factorized & shared embeddings 202M 9.1T 4.08 2.387 + 0.006 2.018 69.93 16.07 21.96
Tied encoder/decoder input embed- 2480\ 1117 3.86 2.254 £+ 0.008 1.872 68.34 16.60 22.75
dings
Tied decoder input and output em- 248\ 1117 3.86 2.262 £ 0.006 1.871 69.48 16.85 23.28
beddings
Untied embeddings 273M 1117 3.83 2.265 +0.013 1.872 67.99 16.66 23.02
Adaptive input embeddings 204M 9.2T 4.15 2.321 £ 0.006 1.934 69.20 16.69 21.96
Adaptive softmax 204M 9.2T 4.21 2.425 + 0.005 2.009 67.71 15.74 20.11
Adaptive softmax without projection 223M 10.8T 3.97 2.357 £ 0.009 1.937 68.68 16.45 22.75
Mixture of softmaxes 232M 16.3T 2.50  3.112+1.169 1.843 70.70 16.78 22.75
Relative attention with bias 223M 11.3T 3.49 2197 +0.005 1.832 74.06 17.63  24.87
Relative attention with shared bias 223M 11.3T 3.57 2.194 + 0.006 1.840 74.14 17.62 24.34
Relative position representation 223M 1117 3.10  2.189+0.008 1.838 74.26 17.67  24.07
Sinusoidal positional encoding 223M 1117 3.91 2.278 £0.032 1.906 69.76 16.25 22.75
Transparent attention 223M 1117 3.61 2.244 £0.013 1.949 53.77 6.39 15.08
Dynamic convolution 25TM 11.8T 2.65 2.405 £ 0.007 2.038 55.16 10.25 4.50
Lightweight convolution 224M 10.4T 4.05 2.356 + 0.006 1.990 61.32 14.08 24.08
Evolved Transformer 217TM 9.7T 3.11 2.233 £+ 0.004 1.890 67.88 16.40 24.08
Synthesizer (dense) 224M 1147 3.61 2.339 +0.019 1.965 61.02 14.48 18.25
Synthesizer (dense plus) 243M 12.6T 3.34 2.200 £ 0.008 1.832 74.16 16.96  24.87
Synthesizer (dense plus alpha) 243M 12.6T 3.11 2.204 £ 0.005 1.846 75.18 16.94  24.60
Synthesizer (factorized) 207M 10.1T 4.10 2.629 £ 0.573 1.964 61.76 15.44 22.49
Synthesizer (random) 254 M 10.1T 4.26  2.458 £0.167 1.972 64.61 15.39 23.02
Synthesizer (random plus) 292M 12.07 3.79 2.202 £0.010 1.849 76.84 17.04  23.02
H Synthesizer (random plus alpha) 292M 12.07 3.55 2.212+0.013 1.856 75.02 17.08 24.87
E}%FEHQHI_ Natural Language Plroce§S| ng Lab" Universal Transformer 84M 40.0T7 0.88 2.443 £0.022 2.111 60.54 12.02 17.73
HANYANG UNIVERSITY H a nya n g U niversi ty Mixture of experts 648 M 11.7T 3.20 2.194 + 0.008 1.846 68.82 17.12  24.87
Switch Transformer 1100M  11.8T 3.41 2.175 £ 0.005 1.775 72.21 17.78 24.87

Funnel Transformer 223M 1.97 4.83 2.291 + 0.008 1.925 67.11 16.33 21.64
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