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Introduction
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Our research focuses on training, adapting and understanding large language models

See more at https://www.cs.princeton.edu/~danqic/



Lecture plan
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Part I.

Part II.

Transformers

Pre-trained language models

30min coffee break

Focus: innovations and key designs in neural architectures

Focus: training objectives & data, downstream adaptations



Lecture plan

• Fundamentals (70%) - I will walk through the most important ideas in NLP 
and LLMs in the past 5+ years (Transformers, pre-training, in-context 
learning, RLHF, …)
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• How do these ideas evolve and lead to state-of-the-art models? (15%) 
- I will highlight recent improvements and developments

• Cutting-edge research topics (15%) - What research topics do we study 
in 2024? I will briefly discuss some of the works from my research group too



Transformers
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Part I.



Transformers
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(Vaswani et al., 2017)



What is attention?
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(Bahdanau et al., 2015)

• Attention is a technique to address the “bottleneck” 
issue in the seq2seq model, originally designed for 
machine translation

bottleneck



What is attention?
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• Attention is a technique to address the “bottleneck” 
issue in the seq2seq model, originally designed for 
machine translation

• Key idea !:  At each time step during decoding, 
focus on only a particular part of source sentence

‣ Usually implemented as a probability distribution 
over the hidden states of the encoder (  )henc

i

‣ This depends on decoder’s current hidden state hdec
t

(Bahdanau et al., 2015)



https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seq-models-with-attention/

Attention for seq2seq models
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https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seq-models-with-attention/

Attention learns the notion of alignment
“Which source words are more relevant to the current target word?”

Attention for seq2seq models
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Attention for seq2seq models
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‣ Encoder hidden states: henc
1 , . . . , henc

n
(n: # of words in source sentence)

‣ Decoder hidden state at time : t hdec
t

hdec
t

et = [g(henc
1 , hdec

t ), . . . , g(henc
n , hdec

t )] ∈ ℝn

‣ Attention scores:

‣ Attention distribution:
αt = softmax(et) ∈ ℝn

‣ Weighted sum of encoder hidden states:

ot =
n

∑
i=1

αt
i henc

i ∈ ℝh

Combine  and  to predict next wordot hdec
t

 and  are hidden states from encoder and decoder RNNshenc
1 , . . . , henc

n hdec
t



Attention as a soft, averaging lookup table

We can think of attention as performing fuzzy lookup a in key-value store
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Lookup table: a table of keys that map to 
values. The query matches one of the keys, 

returning its value.

Attention: The query matches to all keys softly 
to a weight between 0 and 1. The keys’ values 
are multiplied by the weights and summed.

(In the case of NMT, key = value)



Transformer encoder-decoder
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(Vaswani et al., 2017)

• Transformer encoder + Transformer decoder: 
a replacement for seq2seq + attention based 
on RNNs

• First designed and experimented on NMT

Transformers (both encoders and decoders) have become 
the default neural architectures in modeling languages!

attention only -  
Transformer encoder-decoder

RNNs / LSTMs

seq2seq

seq2seq + attention

1997

2014

2015

2017



Transformer encoder-decoder
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• Transformer encoder = a stack of encoder layers

• Transformer decoder = a stack of decoder layers

Transformer encoder:  BERT, RoBERTa, ELECTRA
Transformer decoder:  GPT-n, ChatGPT, Gemini, 
Claude, LLaMA, Mistral, …
Transformer encoder-decoder: T5, BART

• Key innovation: self-attention, multi-head

• Transformers don’t have any recurrence structures!

ht = f(ht−1, xt) ∈ ℝh

(Vaswani et al., 2017)



Transformers: roadmap

• Self-attention and multi-head attention

• Feedforward layers

• Positional encoding

• Residual connections + layer normalization

• Transformer encoder vs Transformer decoder


• Advanced techniques: SwiGLU, rotary embeddings, 
pre-normalization, grouped query attention


• Architecture exploration beyond Transformers

15
https://nlp.seas.harvard.edu/annotated-transformer/



Transformers: roadmap

• Self-attention and multi-head attention
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pre-normalization, grouped query attention
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General form of attention
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• A more general form: use a set of keys and values , 
, keys are used to compute the attention scores and 

values are used to compute the output vector

(k1, v1), …, (kn, vn)
ki ∈ ℝdk, vi ∈ ℝdv

• Attention always involves the following steps:

• Computing the attention scores 

• Taking softmax to get attention distribution :α

• Using attention distribution to take weighted sum of values:

<latexit sha1_base64="JUQpNhZ4HkLeCPccKd8gx6Q5bVc="></latexit>

e = g(q,ki) 2 Rn

<latexit sha1_base64="IYcaasTEvxYqQCNl0j10/h2zMgE="></latexit>

↵ = softmax(e) 2 Rn

<latexit sha1_base64="YsWHCX7MNyZ6W40Ly1ZDONuVWUY="></latexit>

o =
nX

i=1

↵ivi 2 Rdv



Self-attention

• In NMT, query = decoder’s hidden state,  
keys = values = encoder’s hidden states
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• Self-attention = attention from the sequence to itself

https://jalammar.github.io/illustrated-transformer/

• Self-attention: let’s use each word in a sequence as 
the query, and all other words in the sequence as 
keys and values.



Self-attention
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Step #1: Transform each input vector into three vectors: query, key, and value vectors 

qi = xiWQ ∈ ℝdq

WQ ∈ ℝdin×dq

ki = xiWK ∈ ℝdk

WK ∈ ℝdin×dk

vi = xiWV ∈ ℝdv

WV ∈ ℝdin×dv

https://jalammar.github.io/illustrated-transformer/

Note that we use row vectors here;

It is also common to write  

  
for  = a column vector

qi = WQxi ∈ ℝdq

xi



Self-attention
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Step #2: Compute pairwise similarities between keys and queries; normalize with softmax

https://jalammar.github.io/illustrated-transformer/

For each , compute attention scores and attention distribution:qi
<latexit sha1_base64="jm5uo3dRxbDkw+g1SzH+j+B7dtg="></latexit>

↵i,j = softmax(
qi · kjp

dk
)

aka. “scaled dot product”
 It must be  in this casedq = dk

Q. Why scaled dot product?

To avoid the dot product to become too large 

for larger ; scaling the dot product by  

is easier for optimization

dk
1
dk



Self-attention
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Step #3: Compute output for each input 
as weighted sum of values

https://jalammar.github.io/illustrated-transformer/

<latexit sha1_base64="RD1WiDE2UIqxSpP1E+3vyy3nIf8="></latexit>

hi =
nX

j=1

↵i,jvj 2 Rdv

h1 h2



What would be the output vector for 
the word “Thinking” approximately?

(A) 

(C)

(C) is correct.

(B)

(D)

<latexit sha1_base64="4fhEUPGl8QY+x01IrSDErkJYchg=">AAACDHicbVDLSsNAFL2pr1pfVZduBosgCCUpvpZFNy4r2Ae0oUymk3boZBJmJoUS+gFu/BU3LhRx6we482+cpFlo64GBwznnMvceL+JMadv+tgorq2vrG8XN0tb2zu5eef+gpcJYEtokIQ9lx8OKciZoUzPNaSeSFAcep21vfJv67QmVioXiQU8j6gZ4KJjPCNZG6pcrdvUC9QKsR56fTGZ9B52hBamWpewMaJk4OalAjka//NUbhCQOqNCEY6W6jh1pN8FSM8LprNSLFY0wGeMh7RoqcECVm2THzNCJUQbID6V5QqNM/T2R4ECpaeCZZLqjWvRS8T+vG2v/2k2YiGJNBZl/5Mcc6RClzaABk5RoPjUEE8nMroiMsMREm/5KpgRn8eRl0qpVncuqfX9eqd/kdRThCI7hFBy4gjrcQQOaQOARnuEV3qwn68V6tz7m0YKVzxzCH1ifP51tmXg=</latexit>

0.5v1 + 0.5v2

<latexit sha1_base64="oI44ipVQKznKr6ZASK43p7xFXxA=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6UgCGFSanVZdOOygn1AG8JkOmmHTh7MTAol9Avc+CtuXCji1rU7/8ZJm0VtPXDhcM693HuPF3MmFUI/RmFjc2t7p7hb2ts/ODwyj0/aMkoEoS0S8Uh0PSwpZyFtKaY47caC4sDjtOON7zK/M6FCsih8VNOYOgEehsxnBCstuWYFWVc12A+wGnl+Opm5NryEyKrVl7Wqa5aRheaA68TOSRnkaLrmd38QkSSgoSIcS9mzUaycFAvFCKezUj+RNMZkjIe0p2mIAyqddP7ODFa0MoB+JHSFCs7V5YkUB1JOA093ZjfKVS8T//N6ifJvnJSFcaJoSBaL/IRDFcEsGzhgghLFp5pgIpi+FZIRFpgonWBJh2CvvrxO2lXLrlvooVZu3OZxFMEZOAcXwAbXoAHuQRO0AAFP4AW8gXfj2Xg1PozPRWvByGdOwR8YX7+XpJn1</latexit>

0.54v1 + 0.46v2

<latexit sha1_base64="wwHjNhhPgH8LZSho33l5Sxs05vU=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6UgCGFSRLssunFZwT6gDWEynbRDJ5MwMymU0C9w46+4caGIW9fu/BunbRa19cCFwzn3cu89QcKZ0gj9WIWNza3tneJuaW//4PDIPj5pqTiVhDZJzGPZCbCinAna1Exz2kkkxVHAaTsY3c389phKxWLxqCcJ9SI8ECxkBGsj+XYFObUa7EVYD4MwG099F15C5LjVZa3q22XkoDngOnFzUgY5Gr793evHJI2o0IRjpbouSrSXYakZ4XRa6qWKJpiM8IB2DRU4osrL5u9MYcUofRjG0pTQcK4uT2Q4UmoSBaZzdqNa9Wbif1431WHNy5hIUk0FWSwKUw51DGfZwD6TlGg+MQQTycytkAyxxESbBEsmBHf15XXSqjrutYMersr12zyOIjgD5+ACuOAG1ME9aIAmIOAJvIA38G49W6/Wh/W5aC1Y+cwp+APr6xeYMJn1</latexit>

0.88v1 + 0.12v2

<latexit sha1_base64="XrYR8WhBFz/y0YwfGWrJ1blnm2k=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6UgCGFSRLssunFZwT6gDWEynbRDJ5MwMymU0C9w46+4caGIW9fu/BunbRa19cCFwzn3cu89QcKZ0gj9WIWNza3tneJuaW//4PDIPj5pqTiVhDZJzGPZCbCinAna1Exz2kkkxVHAaTsY3c389phKxWLxqCcJ9SI8ECxkBGsj+XYFOW4V9iKsh0GYjae+Cy8hcmq1Za3q22XkoDngOnFzUgY5Gr793evHJI2o0IRjpbouSrSXYakZ4XRa6qWKJpiM8IB2DRU4osrL5u9MYcUofRjG0pTQcK4uT2Q4UmoSBaZzdqNa9Wbif1431WHNy5hIUk0FWSwKUw51DGfZwD6TlGg+MQQTycytkAyxxESbBEsmBHf15XXSqjrutYMersr12zyOIjgD5+ACuOAG1ME9aIAmIOAJvIA38G49W6/Wh/W5aC1Y+cwp+APr6xeXLJn1</latexit>

0.12v1 + 0.88v2

Self-attention

h1 h2

https://jalammar.github.io/illustrated-transformer/



Self-attention: matrix notations
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n × dq dk × n

n × dv

https://jalammar.github.io/illustrated-transformer/

Q: What is this softmax operation?

H

(n = input length)X ∈ ℝn×din

WQ ∈ ℝdin×dq, WK ∈ ℝdin×dk, WV ∈ ℝdin×dv

Q = XWQ, K = XWK, V = XWV

where



Multi-head attention

• It is better to use multiple attention functions instead of one!

24

• Each attention function (“head”) can focus on different positions.

“The Beast with Many Heads”

https://jalammar.github.io/illustrated-transformer/

H0 H1 H7

• It gives the attention layer multiple “representation subspaces”



Finally, we just concatenate all the heads and apply an output projection matrix.

<latexit sha1_base64="YsjpLDPBbdLo/Y2NQWYzorBEmZE=">AAACIXicbVDLSgMxFM3UV62vUZdugkWoIGVGRLsRqm4ENy3YB7R1yKRpG5p5kNwRyzC/4sZfceNCke7EnzFtZ6GtF8I9Offcm9zjhoIrsKwvI7O0vLK6ll3PbWxube+Yu3t1FUSSshoNRCCbLlFMcJ/VgINgzVAy4rmCNdzhzaTeeGRS8cC/h1HIOh7p+7zHKQFNOWapDewJ4gEj3cTh+BLP7lcAzJ8okkKz8VB1+AnW+S7NdYcfO2beKlrTwIvATkEepVFxzHG7G9DI03OpIEq1bCuETkwkcCpYkmtHioWEDkmftTT0icdUJ55umOAjzXRxL5D6+ICn7O+OmHhKjTxXKz0CAzVfm5D/1VoR9EqdmPthpBems4d6kcAQ4IlduMsloyBGGhAquf4rpgMiCQVtak6bYM+vvAjqp0X7vGhVz/Ll69SOLDpAh6iAbHSByugWVVANUfSMXtE7+jBejDfj0xjPpBkj7dlHf8L4/gFoOqL5</latexit>

headi = Attention(XWQ
i , XWK

i , XWV
i )

Multi-head attention
“The Beast with Many Heads”

https://jalammar.github.io/illustrated-transformer/

×

=• In practice, we use a reduced dimension for each head.

25

d = hidden size, m = # of heads
<latexit sha1_base64="8SuFAHsWx3lrmf1qvF4dmj13clU=">AAACAHicbVC7TsMwFHV4lvIKMDCwWFRITCVBFbAgVbAwFok+pDaKHMdprdpOsJ1KVdSFX2FhACFWPoONv8FpM0DLkXx1dM69ur4nSBhV2nG+raXlldW19dJGeXNre2fX3ttvqTiVmDRxzGLZCZAijArS1FQz0kkkQTxgpB0Mb3O/PSJS0Vg86HFCPI76gkYUI20k3z4M/Ud4DUN/OK2jvMIzyH274lSdKeAicQtSAQUavv3VC2OcciI0Zkiprusk2suQ1BQzMin3UkUShIeoT7qGCsSJ8rLpARN4YpQQRrE0T2g4VX9PZIgrNeaB6eRID9S8l4v/ed1UR1deRkWSaiLwbFGUMqhjmKcBQyoJ1mxsCMKSmr9CPEASYW0yK5sQ3PmTF0nrvOpeVGv3tUr9poijBI7AMTgFLrgEdXAHGqAJMJiAZ/AK3qwn68V6tz5mrUtWMXMA/sD6/AG4OJPs</latexit>

dq = dk = dv = d/m

<latexit sha1_base64="/TsWaErz7iFjg8/S5lZrSmjMRgM="></latexit>

WQ
i 2 Rdin⇥dq ,WK

i 2 Rdin⇥dk ,WV
i 2 Rdin⇥dv

<latexit sha1_base64="WH6RMX2DKDjFHk6mwyzyqUnsv60=">AAACDnicbVA9SwNBEN2LXzF+RS1tFkPAKtyJRMugjZ1RzAfkkrC3t0mW7O0du3NCOO4X2PhXbCwUsbW289+4l6TQxAcDj/dmmJnnRYJrsO1vK7eyura+kd8sbG3v7O4V9w+aOowVZQ0ailC1PaKZ4JI1gINg7UgxEniCtbzxVea3HpjSPJT3MIlYNyBDyQecEjBSv1hu9W6wyyV2AwIjz0vu0l7iYxd4wDT2+0kYQ5r2iyW7Yk+Bl4kzJyU0R71f/HL9kMYBk0AF0brj2BF0E6KAU8HSghtrFhE6JkPWMVQSs62bTN9JcdkoPh6EypQEPFV/TyQk0HoSeKYzO1ovepn4n9eJYXDRTbiMYmCSzhYNYoEhxFk22OeKURATQwhV3NyK6YgoQsEkWDAhOIsvL5PmacWpVqq3Z6Xa5TyOPDpCx+gEOegc1dA1qqMGougRPaNX9GY9WS/Wu/Uxa81Z85lD9AfW5w8udpw+</latexit>

WO 2 Rd⇥dout

• The total computational cost is similar to that of 
single-head attention with full dimensionality.



<latexit sha1_base64="YsjpLDPBbdLo/Y2NQWYzorBEmZE=">AAACIXicbVDLSgMxFM3UV62vUZdugkWoIGVGRLsRqm4ENy3YB7R1yKRpG5p5kNwRyzC/4sZfceNCke7EnzFtZ6GtF8I9Offcm9zjhoIrsKwvI7O0vLK6ll3PbWxube+Yu3t1FUSSshoNRCCbLlFMcJ/VgINgzVAy4rmCNdzhzaTeeGRS8cC/h1HIOh7p+7zHKQFNOWapDewJ4gEj3cTh+BLP7lcAzJ8okkKz8VB1+AnW+S7NdYcfO2beKlrTwIvATkEepVFxzHG7G9DI03OpIEq1bCuETkwkcCpYkmtHioWEDkmftTT0icdUJ55umOAjzXRxL5D6+ICn7O+OmHhKjTxXKz0CAzVfm5D/1VoR9EqdmPthpBems4d6kcAQ4IlduMsloyBGGhAquf4rpgMiCQVtak6bYM+vvAjqp0X7vGhVz/Ll69SOLDpAh6iAbHSByugWVVANUfSMXtE7+jBejDfj0xjPpBkj7dlHf8L4/gFoOqL5</latexit>

headi = Attention(XWQ
i , XWK

i , XWV
i )

Multi-head attention
“The Beast with Many Heads”

https://jalammar.github.io/illustrated-transformer/

• We can think of multi-head attention (MHA) layer as an abstraction layer that maps a sequence 
of input vectors   to a sequence of n vectors: x1, …, xn ∈ ℝdin h1, …, hn ∈ ℝdout

26

If we stack multiple layers, usually  din = dout = d
• The same abstraction as RNNs - used as a drop-in replacement for an RNN layer

ht = f(Wht−1 + Uxt + b) ∈ ℝdout

Much easier to parallelize, more expensive to scale up to longer sequences!



What does multi-head attention learn?

27https://github.com/jessevig/bertviz



Transformers: roadmap

• Self-attention and multi-head self-attention

• Feedforward layers

• Positional encoding

• Residual connections + layer normalization

• Transformer encoder vs Transformer decoder


• Advanced techniques: SwiGLU, rotary embeddings, 
pre-normalization, grouped query attention


• Architecture exploration beyond Transformers

28



Adding nonlinearities: Feed-forward layers

• There are no element-wise nonlinearities in self-attention; stacking 
more self-attention layers just re-averages value vectors

29

• Simple fix: add a feed-forward network to 
post-process each output vector

Usually,  dff = 4d

<latexit sha1_base64="38voaT3f3jjVz1xUxooqtq2gnm4=">AAACOHicbVDLSsNAFJ3UV62vqEs3g0VwISUpRV0W3bizin1AU8NkMmmHTiZhZiKUkM9y42e4EzcuFHHrFzhpK2jbAwOHc85l7j1ezKhUlvViFJaWV1bXiuuljc2t7R1zd68lo0Rg0sQRi0THQ5IwyklTUcVIJxYEhR4jbW94mfvtByIkjfidGsWkF6I+pwHFSGnJNa+dEKmBF6TtzK1Ch3I4Ebz0NrtPfTcNggw6ioZEQj87gb9xb2E8K7lm2apYY8B5Yk9JGUzRcM1nx49wEhKuMENSdm0rVr0UCUUxI1nJSSSJER6iPulqypHepJeOD8/gkVZ8GERCP67gWP07kaJQylHo6WS+ppz1cnGR101UcN5LKY8TRTiefBQkDKoI5i1CnwqCFRtpgrCgeleIB0ggrHTXeQn27MnzpFWt2KeV2k2tXL+Y1lEEB+AQHAMbnIE6uAIN0AQYPIJX8A4+jCfjzfg0vibRgjGd2Qf/YHz/AE7KrU4=</latexit>

W2 2 Rdff⇥d,b2 2 Rd

<latexit sha1_base64="+rL5lt69DtAHmr1latv+R9+czGw=">AAACPHicbVBLS8NAGNz4rPVV9ehlsQgepCRS1GPRi8f66AOaGDabTbt0swm7G6GE/DAv/ghvnrx4UMSrZzdNBW07sDDMzMd+33gxo1KZ5ouxsLi0vLJaWiuvb2xubVd2dtsySgQmLRyxSHQ9JAmjnLQUVYx0Y0FQ6DHS8YaXud95IELSiN+pUUycEPU5DShGSktu5dYOkRp4QdrJXAvalMNC8NKb7D71oa1oSCT03TQIsuwY/sa9ufEi5VaqZs0cA84Sa0KqYIKmW3m2/QgnIeEKMyRlzzJj5aRIKIoZycp2IkmM8BD1SU9TjvRKTjo+PoOHWvFhEAn9uIJj9e9EikIpR6Gnk/mqctrLxXleL1HBuZNSHieKcFx8FCQMqgjmTUKfCoIVG2mCsKB6V4gHSCCsdN9lXYI1ffIsaZ/UrNNa/bpebVxM6iiBfXAAjoAFzkADXIEmaAEMHsEreAcfxpPxZnwaX0V0wZjM7IF/ML5/AIYzr40=</latexit>

W1 2 Rd⇥dff ,b1 2 Rdff

<latexit sha1_base64="j8dj7l7ZQhSpH/ek5k2EPXzvgiA="></latexit>

FFN(xi) = ReLU(xiW1 + b1)W2 + b2



Transformers: roadmap

• Self-attention and multi-head attention

• Feedforward layers

• Positional encoding

• Residual connections + layer normalization

• Transformer encoder vs Transformer decoder


• Advanced techniques: SwiGLU, rotary embeddings, 
pre-normalization, grouped query attention


• Architecture exploration beyond Transformers

30



Modeling order information: positional encoding
• Unlike RNNs, self-attention doesn’t build in order information, we need to encode the order 

of the sentence in our keys, queries, and values

31

• Solution: Add positional embeddings to the input embeddings:   for pi ∈ ℝd i = 1,2,…, n
<latexit sha1_base64="UmxHmQxqsZIwHAn0YyyGS9VZ3Y4=">AAACHHicbVDLSgMxFM3UV62vUZdugkUQhDKjoi6LblxWsA9ohyGTZtrQTDIkGbUM/RA3/oobF4q4cSH4N2baQWzrgcC559xL7j1BzKjSjvNtFRYWl5ZXiqultfWNzS17e6ehRCIxqWPBhGwFSBFGOalrqhlpxZKgKGCkGQyuMr95R6Sigt/qYUy8CPU4DSlG2ki+fdKJkO4HYfow8insMBJqJKW4h1P60W8Zm9K3y07FGQPOEzcnZZCj5tufna7ASUS4xgwp1XadWHspkppiRkalTqJIjPAA9UjbUI4iorx0fNwIHhilC0MhzeMajtW/EymKlBpGgenMdlSzXib+57UTHV54KeVxognHk4/ChEEtYJYU7FJJsGZDQxCW1OwKcR9JhLXJs2RCcGdPnieN44p7VnFuTsvVyzyOItgD++AQuOAcVME1qIE6wOARPINX8GY9WS/Wu/UxaS1Y+cwumIL19QMOL6KV</latexit>

xi  xi + pi

• Sinusoidal positional embeddings:  sine and cosine functions of different frequencies:

• Pros: Periodicity + can extrapolate to longer sequences
• Cons: Not learnable



• Absolute positional embeddings:  let all  be learnable parameterspi

•  for  = max sequence length P ∈ ℝd×L L

• Pros: each position gets to be learned to fit the data
• Cons: can’t extrapolate to indices outside of max sequence length L
• Examples: BERT, GPT-1, GPT-2, GPT-3, OPT 

Modeling order information: positional encoding

32
(Devlin et al., NAACL 2019)



Transformers: roadmap

• Self-attention and multi-head attention

• Feedforward layers

• Positional encoding

• Residual connections + layer normalization

• Transformer encoder vs Transformer decoder


• Advanced techniques: SwiGLU, rotary embeddings, 
pre-normalization, grouped query attention


• Architecture exploration beyond Transformers

33



How to make Transformers work for deep NNs?
Add & Norm:

Residual connections (He et al., CVPR 2016)
Instead of  (  represents the layer)X(i) = Layer(X(i−1)) i

We let , so we only need to learn “the 
residual” from the previous layer

X(i) = X(i−1) + Layer(X(i−1))

This prevents the network from "forgetting" or distorting 
important information as it is processed by many layers.



How to make Transformers work for deep NNs?
Add & Norm:

Layer normalization (Ba et al., 2016)
Problem: Difficult to train the parameters of a given layer because its input from 
the layer beneath keeps shifting.

 are learnable parametersγ, β ∈ ℝd

Solution: Reduce variation by normalizing to zero mean and standard deviation of 
one within each layer.



Transformers: roadmap

• Self-attention and multi-head attention

• Feedforward layers

• Positional encoding

• Residual connections + layer normalization

• Transformer encoder vs Transformer decoder


• Advanced techniques: SwiGLU, rotary embeddings, 
pre-normalization, grouped query attention


• Architecture exploration beyond Transformers
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Let’s put things together - Transformer encoder

From the bottom to the top:

• Input embedding

• Positional encoding

• A stack of Transformer encoder layers

Transformer encoder is a stack of  layers, which 
consists of two sub-layers:

• Multi-head attention layer

• Feed-forward layer

N

x1, …, xn ∈ ℝdin h1, …, hn ∈ ℝdout



From the bottom to the top:

• Output embedding

• Positional encoding

• A stack of Transformer decoder layers

• Linear + softmax

Transformer decoder is a stack of  layers, which 
consists of three sub-layers:

• Masked multi-head attention

• Multi-head cross-attention

• Feed-forward layer

• (w/ Add & Norm between sub-layers)

N

Self-attention 
within target 

sequence

Cross-attention 
between source 

and target sequence

Let’s put things together - Transformer decoder



Masked multi-head self-attention

• Key: You can’t see the future text for the decoder!

• Solution: for every     , only attend to 
<latexit sha1_base64="6+VM45NUukJwFY7v2OnklHqKEbQ=">AAACE3icbVDLSsNAFJ3UV62vqEs3g0WoUkoioi6LblxWsA9oQphMJ+20k4czk0IJ+Qc3/oobF4q4dePOv3HSRtDWAwPnnnMvc+9xI0aFNIwvrbC0vLK6VlwvbWxube/ou3stEcYckyYOWcg7LhKE0YA0JZWMdCJOkO8y0nZH15nfHhMuaBjcyUlEbB/1A+pRjKSSHP3ESiqWj+TA9ZJR6gyr8Kcaq+rYSqtwCC1G7iF19LJRM6aAi8TMSRnkaDj6p9ULceyTQGKGhOiaRiTtBHFJMSNpyYoFiRAeoT7pKhognwg7md6UwiOl9KAXcvUCCafq74kE+UJMfFd1ZguLeS8T//O6sfQu7YQGUSxJgGcfeTGDMoRZQLBHOcGSTRRBmFO1K8QDxBGWKsaSCsGcP3mRtE5r5nnNuD0r16/yOIrgAByCCjDBBaiDG9AATYDBA3gCL+BVe9SetTftfdZa0PKZffAH2sc3DC2dnQ==</latexit>

{(kj ,vj)}, j  i<latexit sha1_base64="hxP9De/8ISmOIjhPxpEmaQphpM0=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIqMeiF48VbC00oWy2m3bpZhN3X4QS+je8eFDEq3/Gm//GbZuDtg4sDDPv8WYnTKUw6LrfTmlldW19o7xZ2dre2d2r7h+0TZJpxlsskYnuhNRwKRRvoUDJO6nmNA4lfwhHN1P/4YlrIxJ1j+OUBzEdKBEJRtFKvh9THIZR/jjpiV615tbdGcgy8QpSgwLNXvXL7ycsi7lCJqkxXc9NMcipRsEkn1T8zPCUshEd8K6lisbcBPks84ScWKVPokTbp5DM1N8bOY2NGcehnZxmNIveVPzP62YYXQW5UGmGXLH5oSiTBBMyLYD0heYM5dgSyrSwWQkbUk0Z2poqtgRv8cvLpH1W9y7q7t15rXFd1FGGIziGU/DgEhpwC01oAYMUnuEV3pzMeXHenY/5aMkpdg7hD5zPH3Y1kfY=</latexit>qi

https://jalammar.github.io/illustrated-gpt2/

How to implement this? Masking!



Masked multi-head self-attention

40http://peterbloem.nl/blog/transformers

Efficient implementation: compute 
attention as we normally do, mask out 
attention to future words by setting 
attention scores to −∞

<latexit sha1_base64="xxQdf6fkSYbtQBE0tTDBzkjNQVY=">AAACYnicfVHLSgMxFM2MVuuo7dQudREsggspM1LUjVB0I7hpwT6grUMmzbShmYdJpjgM/Ul3rtz4IaYvH630QuDcc84lNyduxKiQlvWu6VvbmZ3d7J6xf3CYy5uFo6YIY45JA4cs5G0XCcJoQBqSSkbaESfIdxlpuaP7qd4aEy5oGDzJJCI9Hw0C6lGMpKIcM+n6SA5dL32ZOBTewmX7qtolbk2e6xffymij8fHHON5obDpmySpbs4LrwF6AElhUzTHfuv0Qxz4JJGZIiI5tRbKXIi4pZmRidGNBIoRHaEA6CgbIJ6KXziKawDPF9KEXcnUCCWfs74kU+UIkvquc0x3FqjYl/9M6sfRueikNoliSAM8v8mIGZQinecM+5QRLliiAMKdqV4iHiCMs1a8YKgR79cnroHlZtq/KlXqlVL1bxJEFx+AUnAMbXIMqeAA10AAYfGgZLafltU/d0At6cW7VtcVMEfwp/eQLrH+49Q==</latexit>

qi = xiW
Q,ki = xiW

K ,vi = xiW
V

<latexit sha1_base64="cmmeTp3ErU9O/X5+lT4Le9oHrCc="></latexit>

ei,j =
qi · kjp

dk
, 8j = 1, . . . , n

<latexit sha1_base64="q3pHoDq3gyEd3d7BpDL1Ju4M8Ps=">AAACHnicbVDLSgMxFM34rPU16tJNsAh1U2akPjZC0Y3LCvYBbRnupJk2NJkZkoxYhvkSN/6KGxeKCK70b0wfgrYeCBzOOZfce/yYM6Ud58taWFxaXlnNreXXNza3tu2d3bqKEklojUQ8kk0fFOUspDXNNKfNWFIQPqcNf3A18ht3VCoWhbd6GNOOgF7IAkZAG8mzT9oCdN8P0jbwuA+Zl7IMX2A8lqVIVRRoAfdZ8SdHM48deXbBKTlj4HniTkkBTVH17I92NyKJoKEmHJRquU6sOylIzQinWb6dKBoDGUCPtgwNQVDVScfnZfjQKF0cRNK8UOOx+nsiBaHUUPgmOVpSzXoj8T+vlejgvJOyME40DcnkoyDhWEd41BXuMkmJ5kNDgEhmdsWkDxKINo3mTQnu7MnzpH5cck9L5ZtyoXI5rSOH9tEBKiIXnaEKukZVVEMEPaAn9IJerUfr2Xqz3ifRBWs6s4f+wPr8BqNbo24=</latexit>

↵i = softmax(ei)
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Masked multi-head self-attention

1 0 -1 -1

1 1 -1 0

0 1 1 -1

-1 -1 2 1

The following matrix denotes the values of  for  
qi ⋅ kj

dk
1 ≤ i ≤ n,1 ≤ j ≤ n (n = 4)

What should be the value of  in masked attention?α2,2

(A)  0

(B) 

(C) 

(D) 1

0.5 e
2e + e−1 + 1

The correct answer is (B)



Multi-head cross-attention 

42

Similar as the attention in 
seq2seq model!

Cross-attention 
between source 

and target sequence



Multi-head cross-attention

43

<latexit sha1_base64="xxQdf6fkSYbtQBE0tTDBzkjNQVY=">AAACYnicfVHLSgMxFM2MVuuo7dQudREsggspM1LUjVB0I7hpwT6grUMmzbShmYdJpjgM/Ul3rtz4IaYvH630QuDcc84lNyduxKiQlvWu6VvbmZ3d7J6xf3CYy5uFo6YIY45JA4cs5G0XCcJoQBqSSkbaESfIdxlpuaP7qd4aEy5oGDzJJCI9Hw0C6lGMpKIcM+n6SA5dL32ZOBTewmX7qtolbk2e6xffymij8fHHON5obDpmySpbs4LrwF6AElhUzTHfuv0Qxz4JJGZIiI5tRbKXIi4pZmRidGNBIoRHaEA6CgbIJ6KXziKawDPF9KEXcnUCCWfs74kU+UIkvquc0x3FqjYl/9M6sfRueikNoliSAM8v8mIGZQinecM+5QRLliiAMKdqV4iHiCMs1a8YKgR79cnroHlZtq/KlXqlVL1bxJEFx+AUnAMbXIMqeAA10AAYfGgZLafltU/d0At6cW7VtcVMEfwp/eQLrH+49Q==</latexit>

qi = xiW
Q,ki = xiW

K ,vi = xiW
Vi = 1,2,…, n

<latexit sha1_base64="xxQdf6fkSYbtQBE0tTDBzkjNQVY=">AAACYnicfVHLSgMxFM2MVuuo7dQudREsggspM1LUjVB0I7hpwT6grUMmzbShmYdJpjgM/Ul3rtz4IaYvH630QuDcc84lNyduxKiQlvWu6VvbmZ3d7J6xf3CYy5uFo6YIY45JA4cs5G0XCcJoQBqSSkbaESfIdxlpuaP7qd4aEy5oGDzJJCI9Hw0C6lGMpKIcM+n6SA5dL32ZOBTewmX7qtolbk2e6xffymij8fHHON5obDpmySpbs4LrwF6AElhUzTHfuv0Qxz4JJGZIiI5tRbKXIi4pZmRidGNBIoRHaEA6CgbIJ6KXziKawDPF9KEXcnUCCWfs74kU+UIkvquc0x3FqjYl/9M6sfRueikNoliSAM8v8mIGZQinecM+5QRLliiAMKdqV4iHiCMs1a8YKgR79cnroHlZtq/KlXqlVL1bxJEFx+AUnAMbXIMqeAA10AAYfGgZLafltU/d0At6cW7VtcVMEfwp/eQLrH+49Q==</latexit>

qi = xiW
Q,ki = xiW

K ,vi = xiW
V

<latexit sha1_base64="cmmeTp3ErU9O/X5+lT4Le9oHrCc="></latexit>

ei,j =
qi · kjp

dk
, 8j = 1, . . . , n

<latexit sha1_base64="q3pHoDq3gyEd3d7BpDL1Ju4M8Ps=">AAACHnicbVDLSgMxFM34rPU16tJNsAh1U2akPjZC0Y3LCvYBbRnupJk2NJkZkoxYhvkSN/6KGxeKCK70b0wfgrYeCBzOOZfce/yYM6Ud58taWFxaXlnNreXXNza3tu2d3bqKEklojUQ8kk0fFOUspDXNNKfNWFIQPqcNf3A18ht3VCoWhbd6GNOOgF7IAkZAG8mzT9oCdN8P0jbwuA+Zl7IMX2A8lqVIVRRoAfdZ8SdHM48deXbBKTlj4HniTkkBTVH17I92NyKJoKEmHJRquU6sOylIzQinWb6dKBoDGUCPtgwNQVDVScfnZfjQKF0cRNK8UOOx+nsiBaHUUPgmOVpSzXoj8T+vlejgvJOyME40DcnkoyDhWEd41BXuMkmJ5kNDgEhmdsWkDxKINo3mTQnu7MnzpH5cck9L5ZtyoXI5rSOH9tEBKiIXnaEKukZVVEMEPaAn9IJerUfr2Xqz3ifRBWs6s4f+wPr8BqNbo24=</latexit>

↵i = softmax(ei)
<latexit sha1_base64="RD1WiDE2UIqxSpP1E+3vyy3nIf8="></latexit>

hi =
nX

j=1

↵i,jvj 2 Rdv

<latexit sha1_base64="q3pHoDq3gyEd3d7BpDL1Ju4M8Ps=">AAACHnicbVDLSgMxFM34rPU16tJNsAh1U2akPjZC0Y3LCvYBbRnupJk2NJkZkoxYhvkSN/6KGxeKCK70b0wfgrYeCBzOOZfce/yYM6Ud58taWFxaXlnNreXXNza3tu2d3bqKEklojUQ8kk0fFOUspDXNNKfNWFIQPqcNf3A18ht3VCoWhbd6GNOOgF7IAkZAG8mzT9oCdN8P0jbwuA+Zl7IMX2A8lqVIVRRoAfdZ8SdHM48deXbBKTlj4HniTkkBTVH17I92NyKJoKEmHJRquU6sOylIzQinWb6dKBoDGUCPtgwNQVDVScfnZfjQKF0cRNK8UOOx+nsiBaHUUPgmOVpSzXoj8T+vlejgvJOyME40DcnkoyDhWEd41BXuMkmJ5kNDgEhmdsWkDxKINo3mTQnu7MnzpH5cck9L5ZtyoXI5rSOH9tEBKiIXnaEKukZVVEMEPaAn9IJerUfr2Xqz3ifRBWs6s4f+wPr8BqNbo24=</latexit>

↵i = softmax(ei)

<latexit sha1_base64="XlpkrEVJ/xbYLi3+jHCBVaK54vU="></latexit>

ei,j =
qi · kjp

dk
, 8j = 1, . . . ,m

<latexit sha1_base64="ZgnDXAJYPreFeW3zqVeoxELAkLs="></latexit>

hi =
mX

j=1

↵i,jvj

Self-attention:

∀j = 1,2,…, m
<latexit sha1_base64="p43d02yj8nOK5saxeNol89M5yhQ="></latexit>

kj = x̃jW
K ,vj = x̃jW

V

                  : hidden states from encoder
                  : hidden states from decoder <latexit sha1_base64="iku7O5mVABWmnc1yskR1IAmkRJ4=">AAACC3icbVDLSsNAFL2pr1pfVZduhhbBhZRERF0W3bisYB/QhjKZTNqhk0yYmYgldO/GX3HjQhG3/oA7/8ZJG1BbLwxzOOdc7r3HizlT2ra/rMLS8srqWnG9tLG5tb1T3t1rKZFIQptEcCE7HlaUs4g2NdOcdmJJcehx2vZGV5nevqNSMRHd6nFM3RAPIhYwgrWh+uVKL8R66AXp/aTvHKMe94VW5v9hjalq1+xpoUXg5KAKeTX65c+eL0gS0kgTjpXqOnas3RRLzQink1IvUTTGZIQHtGtghEOq3HR6ywQdGsZHgZDmRRpN2d8dKQ6VGoeecWY7qnktI//TuokOLtyURXGiaURmg4KEIy1QFgzymaRE87EBmEhmdkVkiCUm2sRXMiE48ycvgtZJzTmr2Ten1fplHkcRDqACR+DAOdThGhrQBAIP8AQv8Go9Ws/Wm/U+sxasvGcf/pT18Q3mBpr3</latexit>x1, . . . ,xn

(always from the top layer)
<latexit sha1_base64="eq5FwvN0cEewB7QdvH/UKAqnTYI=">AAACG3icbVDLSsNAFJ3UV62vqks3g0VwISUpRV0W3bisYB/QlDKZTNqhk0mYuRFL6H+48VfcuFDEleDCv3HSZqGtB4Y5nHMv997jxYJrsO1vq7Cyura+UdwsbW3v7O6V9w/aOkoUZS0aiUh1PaKZ4JK1gINg3VgxEnqCdbzxdeZ37pnSPJJ3MIlZPyRDyQNOCRhpUK65wIXPUjckMPKC9GE6HThn2BV+BNr8y244KFfsqj0DXiZOTiooR3NQ/nT9iCYhk0AF0brn2DH0U6KAU8GmJTfRLCZ0TIasZ6gkIdP9dHbbFJ8YxcdBpMyTgGfq746UhFpPQs9UZkvqRS8T//N6CQSX/ZTLOAEm6XxQkAgMEc6Cwj5XjIKYGEKo4mZXTEdEEQomzpIJwVk8eZm0a1XnvFq/rVcaV3kcRXSEjtEpctAFaqAb1EQtRNEjekav6M16sl6sd+tjXlqw8p5D9AfW1w+VXKJm</latexit>

x̃1, . . . , x̃m

Cross-attention:



Transformer encoder-decoder

44

softmax(Wohi)



Training Transformer encoder-decoder models
The same as the way that we train seq2seq models!

45

English: hello world .

12M sentence pairs
French:  bonjour le monde .• Minimize cross-entropy loss:

T

∑
t=1

− log P(yt |y1, . . . , yt−1, w(s))

(denote )w(t) = y1, …, yT
• Back-propagate gradients through both encoder and decoder

• Training data: parallel corpus {( )}w(s)
i , w(t)

i

Masked self-attention is the key!
This can enable parallelizable operations while NOT looking at the future

36M sentence pairs



Empirical results with Transformers

46

(Vaswani et al., 2017)



Transformer-based language models
The backbone of large language models (e.g., GPT/ChatGPT, Gemini, LLaMA, …)

47



Transformer architecture specifications

48

(Brown et al., 2020)

(Vaswani et al., 2017)



Transformers: pros and cons

• Easier to capture long-range dependencies: we draw attention between every pair of words!

49

• Easier to parallelize:
<latexit sha1_base64="Zj1Owf2jr65GlRqNMJIdIlsAOuc=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBU9kVUS9C0YvHFmy70K4lm2bb0GyyJlmhLP0TXjwo4tW/481/Y9ruQVsfDDzem2FmXphwpo3rfjuFldW19Y3iZmlre2d3r7x/0NIyVYQ2ieRS+SHWlDNBm4YZTv1EURyHnLbD0e3Ubz9RpZkU92ac0CDGA8EiRrCxkt9A18hvPzR65YpbdWdAy8TLSQVy1Hvlr25fkjSmwhCOte54bmKCDCvDCKeTUjfVNMFkhAe0Y6nAMdVBNrt3gk6s0keRVLaEQTP190SGY63HcWg7Y2yGetGbiv95ndREV0HGRJIaKsh8UZRyZCSaPo/6TFFi+NgSTBSztyIyxAoTYyMq2RC8xZeXSeus6l1U3cZ5pXaTx1GEIziGU/DgEmpwB3VoAgEOz/AKb86j8+K8Ox/z1oKTzxzCHzifP4YNjvs=</latexit>

Q = XWQ <latexit sha1_base64="O/Xdn2nZwVqugGAVDtC02kvexhg=">AAAB73icbVBNSwMxEJ34WetX1aOXYBE8lV0R9SIUvQi9VLDtQruWbJptQ7PZNckKZemf8OJBEa/+HW/+G9N2D9r6YODx3gwz84JEcG0c5xstLa+srq0XNoqbW9s7u6W9/aaOU0VZg8YiVl5ANBNcsobhRjAvUYxEgWCtYHgz8VtPTGkey3szSpgfkb7kIafEWMmr4SvstR5q3VLZqThT4EXi5qQMOerd0lenF9M0YtJQQbRuu05i/Iwow6lg42In1SwhdEj6rG2pJBHTfja9d4yPrdLDYaxsSYOn6u+JjERaj6LAdkbEDPS8NxH/89qpCS/9jMskNUzS2aIwFdjEePI87nHFqBEjSwhV3N6K6YAoQo2NqGhDcOdfXiTN04p7XnHuzsrV6zyOAhzCEZyACxdQhVuoQwMoCHiGV3hDj+gFvaOPWesSymcO4A/Q5w9zs47v</latexit>

K = XWK
<latexit sha1_base64="sG8GlMJZBZitk452XyeL5flQu3E=">AAAB73icbVBNS8NAEJ31s9avqkcvi0XwVBIR9SIUvXisYNNAG8tmu2mXbjZxdyOU0D/hxYMiXv073vw3btsctPXBwOO9GWbmhang2jjON1paXlldWy9tlDe3tnd2K3v7nk4yRVmTJiJRfkg0E1yypuFGMD9VjMShYK1weDPxW09MaZ7IezNKWRCTvuQRp8RYyffwFfZbD163UnVqzhR4kbgFqUKBRrfy1eklNIuZNFQQrduuk5ogJ8pwKti43Mk0Swkdkj5rWypJzHSQT+8d42Or9HCUKFvS4Kn6eyInsdajOLSdMTEDPe9NxP+8dmaiyyDnMs0Mk3S2KMoENgmePI97XDFqxMgSQhW3t2I6IIpQYyMq2xDc+ZcXiXdac89rzt1ZtX5dxFGCQziCE3DhAupwCw1oAgUBz/AKb+gRvaB39DFrXULFzAH8Afr8AZVYjwU=</latexit>

V = XWV

• Are positional embeddings enough to capture positional information?
Otherwise self-attention is an unordered function of its input

• Quadratic computation in self-attention

Can become very slow when the sequence becomes very long



Computational analysis of Transformers

50

Q = XWQ, K = XWK, V = XWV

n × d d × n

n × d

n × dn × d

<latexit sha1_base64="h1eSo9eQfbiIZ0ydQ39Ba1Op5oc=">AAAB9XicdVDLSsNAFJ34rPVVdelmsAgVISQxtHVXdOPOCvYBbVomk0k7dDIJMxOllP6HGxeKuPVf3Pk3TtoKKnrgwuGce7n3Hj9hVCrL+jCWlldW19ZzG/nNre2d3cLeflPGqcCkgWMWi7aPJGGUk4aiipF2IgiKfEZa/ugy81t3REga81s1TogXoQGnIcVIaal3XeJBz4GnkPec4KRfKFrmebXsuGVomZZVsR07I07FPXOhrZUMRbBAvV947wYxTiPCFWZIyo5tJcqbIKEoZmSa76aSJAiP0IB0NOUoItKbzK6ewmOtBDCMhS6u4Ez9PjFBkZTjyNedEVJD+dvLxL+8TqrCqjehPEkV4Xi+KEwZVDHMIoABFQQrNtYEYUH1rRAPkUBY6aDyOoSvT+H/pOmYdtm0btxi7WIRRw4cgiNQAjaogBq4AnXQABgI8ACewLNxbzwaL8brvHXJWMwcgB8w3j4BUfGRHA==</latexit>

O(nd2 + n
2
d)

Multi-head attention (MHA)

<latexit sha1_base64="lpU7ovLqXzWopK8DiUqfXhildek=">AAAB7nicdVDLSsNAFJ3UV62vqks3g0Wom5DE0NZd0Y07K9gHtLFMJpN26GQSZiZCCf0INy4Ucev3uPNvnLQVVPTAhcM593LvPX7CqFSW9WEUVlbX1jeKm6Wt7Z3dvfL+QUfGqcCkjWMWi56PJGGUk7aiipFeIgiKfEa6/uQy97v3REga81s1TYgXoRGnIcVIaal7XeXBnXM6LFcs87xRc9watEzLqtuOnROn7p650NZKjgpYojUsvw+CGKcR4QozJGXfthLlZUgoihmZlQapJAnCEzQifU05ioj0svm5M3iilQCGsdDFFZyr3ycyFEk5jXzdGSE1lr+9XPzL66cqbHgZ5UmqCMeLRWHKoIph/jsMqCBYsakmCAuqb4V4jATCSidU0iF8fQr/Jx3HtGumdeNWmhfLOIrgCByDKrBBHTTBFWiBNsBgAh7AE3g2EuPReDFeF60FYzlzCH7AePsEgTyPCQ==</latexit>

O(nd2)

Feed-forward layers (FFN)

<latexit sha1_base64="j8dj7l7ZQhSpH/ek5k2EPXzvgiA="></latexit>

FFN(xi) = ReLU(xiW1 + b1)W2 + b2

d × dff dff × d

ht = f(Wht−1 + Uxt + b)Note: RNNs only require  time:O(nd2)
(assuming input dimension = hidden dimension = )d



Computational analysis of Transformers

• For BERT-sized models ( , , ), 2/3 of parameters are FFNs.n = 512 d = 768 dff = 4d

51

• However, when sequence length becomes longer (e.g., > 50,000), the computation will 
be dominated by self-attention O(n2d)
• Numerous solutions have been proposed to address this issue

• Long-context language modeling is still one of the most active research areas today

(Ganesh et al., 2020)



Transformers: roadmap

• Self-attention and multi-head attention

• Feedforward layers

• Positional encoding

• Residual connections + layer normalization

• Transformer encoder vs Transformer decoder


• Advanced techniques: SwiGLU, rotary embeddings, 
pre-normalization, grouped query attention


• Architecture exploration beyond Transformers

52



Major modifications since original 
Transformers

53



SwiGLU activation

54

SwiGLU = Swish + GLU

Swish(x) = x ⋅ sigmoid(βx)

https://azizbelaweid.substack.com/p/what-is-swiglu-how-to-implement-it

(Shazeer et al., 2020): GLU Variants Improve Transformer



SwiGLU activation

55

Notes: there are 3 projection matrices (up_project, down_project, gate_project),  is reduced to dff 4d × 2
3



Pre-normalization

56

Image: (Xiong et al., 2020)

RMSNorm normalization function

(Zhang and Senrich, 2019)



Rotary positional embeddings

• Relative positional embeddings (T5 uses this!):

57

•  Instead of focusing on absolute positions, relative positional embeddings 
concentrate on the distances between pairs of tokens

(Shaw et al., 2018) Self-Attention with Relative Position Representations

•  Incorporating this relative positional information into attention directly



Rotary positional embeddings

58(Su et al., 2021) RoFormer: Enhanced Transformer with Rotary Position Embedding

Unites both absolute and 
relative positional information



Grouped query attention (GQA)

59(Ainslie et al., 2023) GQA: Training generalized multi-query transformer models from multi-head checkpoints.



Architecture exploration beyond 
Transformers

60



Efficient Transformers

61(Tay et al., 2020): Efficient Transformers: A Survey



Example: Performers
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L: sequence length, m << L

Low-rank decomposition: Decompose A as the product of Q’ and K’ 
(random projection of origional keys and querys)

(Choromanski et al., 2020): Rethinking Attention with Performers



Example: Longformer / Big Bird

63

Sparse attention: only compute attention at particular positions

(Beltagy et al., 2020): Longformer: The Long-Document Transformer

(Zaheer et al., 2021): Big Bird: Transformers for Longer Sequences



Example: Transformer-XL

64(Dai et al., 2019): Transformer-XL: Attentive Language Models Beyond a Fixed-Length Context

Segment-level recurrence with state reuse: hidden representations from previous 
segment will be cached as extended context (no back-propagation to those!)



Research from my group

65

(Zhong et al., EMNLP’22) Training Language 
Models with Memory Augmentation

TRIME AutoCompressors

(Chevalier et al., EMNLP’23) Adapting 
Language Models to Compress Contexts



Research from my group

66

(Yen et al., ACL’24) Long-Context Language Modeling with 
Parallel Context Encoding

CEPE

These architectures/techniques 
are generally applicable to both 
long-context modeling and 
retrieval augmentation!



Remarks on efficient Transformers
• A lot of exploration around 2019-2021: mostly approximation solutions of replacing 

the full quadratic attention. Few techniques have been adopted in state-of-the-art 
LLMs (exception: Mistral uses Sliding Window Attention to handle longer sequences).
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(Jiang et al., 2023)

• On the other hand, many system-level advancements have been made to scale up 
Transformers to longer sequences without approximation e.g., FlashAttention (Dao 
et al., 2022)

You can still do such approximations to speed up inference though!



Vision Transformer (ViT)

68(Dosovitskiy et al., 2021): An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale



Mixture of experts (MoEs)

69



Mixture of experts (MoEs)

70(Zhong et al., 2024): Lory: Fully Differentiable Mixture-of-Experts for Autoregressive Language Model Pre-training



Pre-trained language modelsPart II.



Roadmap

• The BERT era: pre-training and fine-tuning

• The GPT-3 era: prompting and in-context learning

• The ChatGPT era: supervised instruction tuning and RLHF



The BERT era: 
pre-training and fine-tuning



BERT = Bidirectional Encoder Representations 
from Transformers

(Devlin et al., 2019)

Input: a sequence of n words 
Output: a sequence of n vectors aka.  “contextualized word embeddings” 

Each word doesn’t have a fixed vector as in (static) word embeddings

ELMo

BERT

GPT-1

LSTMs ⟶

 Transformer decoder⟵



Inside BERT: A Transformer encoder 
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• 12 or 24 layers of Transformer blocks

• Each block consists of a multi-head self-attention layer and a 
feedforward layer with residual connections



How is BERT pre-trained?

Two pre-training objectives:

• Masked language modeling (MLM)

• Next sentence prediction (NSP)

76

Masked language modeling

= mask out 15% of the inputs and 
then predict the masked words

• Too little masking: too expensive to train 
• Too much masking: not enough context



Two pre-training objectives:

• Masked language modeling (MLM)

• Next sentence prediction (NSP)

77

Next sentence prediction • 50% probability: a text segment of 512 tokens 
• 50% probability: a text segment of 256 tokens, 
followed by another text segment of 256 tokens 
from a different document

Sample two segments of text (segment A and 
segment B) and predict whether the second 
segment is followed after the first one.

The MLM loss and NSP loss are 
combined in pre-training

How is BERT pre-trained?



Remarks on BERT’s pre-training objectives

• Later on, (Joshi et al., 2019; Liu et al., 2019) find that the next-sentence prediction 
objective unnecessary - RoBERTa doesn’t use NSP at all.

78

• Understanding the role of masking rates (Why 15%?)

(Wetting et al., 2023)

• The optimal masking rate should depend on model sizes and masking strategies

• Masking plays two distinct roles: corruption vs prediction



How is BERT used for downstream tasks?

79

The pre-trained BERT encoder can be used directly for 
downstream tasks with minimal task-specific parameters!



BERT for text classification

80

• New parameters: , jointly trained with BERT 
parameters


• hidden dimension (e.g., 768)


•  = number of classes (e.g., 2)

d × |C |

d =
|C |

• Add a classifier on top of the [CLS] representation



BERT for question answering

81(Rajpurkar et al., 2016): SQuAD: 100,000+ Questions for Machine Comprehension of Text

Tesla was the fourth of five children. He had an older brother 
named Dane and three sisters, Milka, Angelina and Marica. 
Dane was killed in a horse-riding accident when Nikola was 
five. In 1861, Tesla attended the "Lower" or "Primary" School 
in Smiljan where he studied German, arithmetic, and 
religion. In 1862, the Tesla family moved to Gospić, Austrian 
Empire, where Tesla's father worked as a pastor. Nikola 
completed "Lower" or "Primary" School, followed by the 
"Lower Real Gymnasium" or "Normal School."

Q: What language did Tesla study while in school?

A: German

Stanford Question Answering Dataset (SQuAD)
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Pre-BERT QA models vs BERT

82

All the parameters are pre-trained 
except for a small number of task-
specific parameters wstart, wend

Only the word embeddings at the input layer 
are pre-trained (2-3M parameters in total) BERT has 110M or 330M parameters



Prompt-based fine-tuning

83

Input: “No reason to watch.”

Output: positive " or negative # ?

Task: sentiment classification

MLM
head

great (label:positive)
terrible (label:negative) ✔

[CLS] No reason to watch . It was  [MASK] . [SEP]

Prompt-based fine-tuning

Label mapping            

label:positive
label:negative ✔

CLS
head

[CLS]  No reason to watch . [SEP] 

Fine-tuning

Label space    Y
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CLS
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[CLS]  No reason to watch . [SEP] 
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Prompt-based fine-tuning

Label mapping

81.4% (32 examples) 92.7% (32 examples)
93.5% (67k examples; BERT-base)

(Gao et al., 2021): Making Pre-trained Language Models Better Few-shot Learners



BERT: training cost

• BERT-base: 12 layers, n = 512, d = 768, 110M parameters

• BERT-large: 24 layers, n = 512, d = 1024, 330M parameters

• Trained on Wikipedia + BooksCorpus  (3.3 billion tokens)

• Estimate: 6 days for BERT-base and 26 days for BERT-large on 8 Nvidia Titan-V GPUs 

(12Gb memory)
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https://www.mosaicml.com/blog/mosaicbert (8x A100-80Gb GPUs)



RoBERTa

• BERT is still under-trained

• Removed the next-sentence prediction objective 

• Trained longer with 10x data & bigger batch sizes

• Pre-trained on 1,024 V100 GPUs for one day in 2019

85(Liu et al., 2019): RoBERTa: A Robustly Optimized BERT Pretraining Approach



ELECTRA

86(Clark et al., 2020): ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators

ELECTRA provides a more efficient training method, 

because it predicts 100% of tokens (instead of 15%) every time



BERT vs GPT-1 models

• Unlike GPT-1 (autoregressive language models), BERT/RoBERTa/ELECTRA can’t 
generate text naturally!

87

• However, bidirectionality is important for natural language understanding tasks.  

(Devlin et al., 2019)

Why not combine the best 
of both worlds?



T5: Text-to-text models

88(Raffel et al., 2020): Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer

• T5 = Text-to-Text Transfer Transformer
• Transformer encoder-decoder architecture

• Encoder: preserves bidirectionality

• Decoder: good for generation!

(always 15% span masking)Pre-training



T5: Text-to-text models

89(Raffel et al., 2020): Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer

• T5 = Text-to-Text Transfer Transformer

Fine-tuning
All NLU tasks can be cast as text prediction tasks too!



T5: Text-to-text models

90(Raffel et al., 2020): Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer

• T5 = Text-to-Text Transfer Transformer

Training corpus:  
C4 = Colossal Clean Crawled Corpus

A cleaned version of Common Crawl
 Trained on 34B tokens



91(Lewis et al., 2020): BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension

BART

BART: another text-to-text model



The GPT-3 era: 
prompting and in-context learning



GPT-3

(Brown et al., 2020)

• From GPT-1 to GPT-2 to GPT-3
• Transformer decoder for 
autoregressive language modeling

• What’s new?
• Parameters   Data ↑ ↑
• These models can start generating 
human-like text!

• You don’t have to fine-tune these 
models - prompting works well!



GPT-1 vs GPT-2 vs GPT-3

(Zha et al., 2023)https://medium.com/@YanAIx/

https://medium.com/@YanAIx/


GPT-2 generation example



GPT-3’s in-context learning

• Before GPT-3, most use of pre-trained language models are through fine-tuning, 
on a reasonably-sized supervised dataset. 

• SST-2 has 67k examples, SQuAD has 88k (passage, answer, question) triples.

• GPT-3 shows that, with a very large autoregressive language model (175B 
parameters), the model can perform a task:

• Using only a few examples 
• Without gradient updates:  

the examples are only provided in the context!

“Few-shot learning”

“In-context learning”

(Brown et al., 2020): Language Models are Few-Shot Learners
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In-context learning

(Brown et al., 2020): Language Models are Few-Shot Learners



98(Brown et al., 2020): Language Models are Few-Shot Learners

In-context learning



99http://ai.stanford.edu/blog/in-context-learning/

In-context learning



Understanding in-context learning

100

• Hypothesis #1: Transformers perform implicit gradient descent to update an “inner model”

• Hypothesis #2: Transformers learn tasks required for downstream applications during pre-
training, and in-context demonstrations are only used to recognize which task is required

Ground-truth labels don’t matter!



Understanding in-context learning

101

We disentangle In-context learning into two roles - 
task recognition (TR) vs task learning (TL)

• TR: recognizes the task from demonstrations and 
applies LLMs’ pre-trained priors

• TL: learns a new input-label mapping from 
demonstrations

(Pan et al., 2023): What In-Context Learning “Learns” In-Context: Disentangling Task Recognition and Task Learning

• ICL performs both TR and TL, but TL emerges with larger 
models and more demonstrations



Chain-of-thought (CoT) prompting

102(Wei et al., 2022): Chain-of-Thought Prompting Elicits Reasoning in Large Language Models



The ChatGPT era: 
Supervised instruction tuning and RLHF



From 2020’s GPT-3 to 2022’s ChatGPT

https://yaofu.notion.site/How-does-GPT-Obtain-its-Ability-Tracing-Emergent-Abilities-of-
Language-Models-to-their-Sources-b9a57ac0fcf74f30a1ab9e3e36fa1dc1

What’s new?

• Code training

• Supervised instruction tuning

• RLHF = Reinforcement 

learning from human feedback



Post-training pipeline of LLMs

105

The InstructGPT paper
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Post-Training

SFT = supervised fine-tuning 
RLHF = reinforcement learning from human feedback

Post-training pipeline of LLMs

(Ouyang et al., 2022): Training language models to follow instructions with human feedback



Supervised fine-tuning (SFT)

107

Can you write a short introduction about the relevance of the term 
"monopsony" in economics? Please use examples related to potential 
monopsonies in the labour market and cite relevant research.

"Monopsony" refers to a market structure where there is only one buyer for a 
particular good or service. In economics, this term is particularly relevant in the 
labor market, where a monopsony employer has significant power over the 
wages and working conditions of their employees. The presence of a 
monopsony can result in lower wages and reduced employment opportunities 
for workers, as the employer has little incentive to increase wages or provide 
better working conditions .……  understand the extent and impact of 
monopsonies on the economy and to develop policies to address this issue. 
References: Bivens, J., & Mishel, L. (2013). The Pay of Corporate Executives 
and Financial Professionals as Evidence of Rents in Top 1 Percent Incomes. 
Journal of Economic Perspectives, 27(3), 57-78.

• Instruction data: (instruction, response)
• Objective: next-token prediction conditioned on instruction



108

SFT data: only ~13k (written by labeller, not public)

Supervised fine-tuning (SFT)

(Ouyang et al., 2022): Training language models to follow instructions with human feedback



Collection of supervised fine-tuning data

109

• Repurposed from existing supervised datasets

Super-NaturalInstructions (Wang et al., 2022)
Also: FLAN, T0++

• Human-written instructions and responses

OpenAssisstant  
(Kopf et al., 2023)
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• Response distilled from GPT models

https://sharegpt.com/

• Instructions can be generated by GPT models too, e.g., Self-Instruct 
(Wang et al., 2023)

Stanford Alpaca

Collection of supervised fine-tuning data



Learning from human feedback

111
(Ouyang et al., 2022) Training language models to follow instructions with human feedback

• Preference data: (instruction, winning response, losing response)

InstructGPT: 33k prompts, each 
with K (4~9) corresponding SFT 
model completions ranked by 
labellers



Reinforcement learning from human feedback

112

 Multiple stages in training 
•  Reward model training

•  Sampling from policy model

•  Policy model update

Multiple models involved 
•  Reward model

•  Policy model

•  Reference model

https://huggingface.co/blog/rlhf



GPT-3 vs InstructGPT

113https://openai.com/index/instruction-following/



Direct preference optimization (DPO)

Instead of training an explicit reward model, express reward in the form of policy model:

114(Rafailov et al., 2023) Direct Preference Optimization: Your Language Model is Secretly a Reward Model

Implicit reward expression: 

Bradley-Terry ranking objective: 

DPO objective:



115(Meng et al., 2024) SimPO: Simple Preference Optimization with a Reference-Free Reward

• Introducing target reward margin in Bradley-Terry objective:

• A simple length-normalized reward (reference-free!):

Simple preference optimization (SimPO)



Simple preference optimization (SimPO)

116(Meng et al., 2024) SimPO: Simple Preference Optimization with a Reference-Free Reward


