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Why Transformer?

 Almost everything today in deep learning is
Transformer

) G OpenAl mi
 INTRODUCING?

Ground truth shown in gray



But...Why Transformer?

Flexibility and universality of handling all modality
Scaling with data and parameters
“Emergent” capability and In-context Learning

Parameter Efficient Tuning



Transformer Architecture
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Transformer Architecture
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Transformer Architecture
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Transformer Architecture

e Word Tokenization

10



Tokenization

* Maps a word into one/multiple tokens
— Each token represented as an index/class

Characters

CMU’s 11-785 Introduction to Deep Learning is a comprehensive course that
offers students foundational knowledge and hands-on experience in deep
learning. Designed to equip students with both theoretical concepts and
practical skills, the course covers essential topics such as neural
networks, convolutional neural networks (CNNs), recurrent neural
networks (RNNs), generative models, and unsupervised learning techniques
. It integrates mathematical foundations, optimization methods, and the
latest advancements in model architectures, making it an ideal course
for those interested in mastering deep learning applications across
various domains. Students engage in coding assignments and projects that

require implementing algorithms from scratch, giving them practical
insight into real-world challenges and problem-solving with deep
learning.

Tokens

139

Characters

847

[14170, 52, 802, 220, 994, 12, 45085, 42915, 316, 28896, 25392, 382, 261,
16796, 4165, 484, 5297, 4501, 138200, 7124, 326, 8950, 13237, 3240, 306,
8103, 7524, 13, 53706, 316, 15160, 4501, 483, 2973, 47221, 23753, 326,
17377, 7870, 11, 290, 4165, 17804, 8731, 15083, 2238, 472, 58480, 20240,
11, 137447, 280, 58480, 20240, 350, 124144, 82, 936, 94157, 58480, 20240,
350, 49, 19022, 82, 936, 2217, 1799, 7015, 11, 326, 3975, 5813, 37861,
7524, 12905, 13, 1225, 91585, 58944, 64929, 11, 34658, 7933, 11, 326,
200, 6898, 102984, 306, 2359, 138910, 11, 4137, 480, 448, 9064, 4165,
395, 2617, 9445, 306, 133763, 8103, 7524, 9391, 5251, 5890, 45513, 13,
23372, 22338, 306, 22458, 41477, 326, 8554, 484, 1841, 36838, 41730, 591,
20133, 11, 9874, 1373, 17377, 24058, 1511, 1374, 52939, 13525, 326, 4792,
122400, 483, 8103, 7524, 13]

11



Transformer Architecture

 Word Embedding




Embedding

Represents each discrete token index as continuous
token embeddings

CMU’S 3 Embedding

11785 5’ [0.125, 1.256, ..., 3.56]
IStE ¢ enization 100 Embedding [0.321,-0.26, ..., -0.56]
best —— P Layer -

deep 27,

learning "

course 1
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Embedding Layer

* The embedding layer is a look-up table that converts
token index to continuous vectors

Token Embedding

0 [0.235, -1.256, 3.513, ..., -0.187]
1 [1.291, -2.012, 0.624, ..., -1.291]
2 [0.536, 0.012, -0.024, ..., 2.345]
Vocab Size |V| [0.131, 2.102, 0.935, ..., -0.125]

* In Pytorch, it is nn.Embedding

14



Embedding Layer is a Linear Layer

* nn.Embedding is essentially a linear layer ¥ = XW

One-Hot Vector

Weight Matrix W € RIVI xD
Token Index X e RE* IV 8

Token Embedding Y € RL %P

[0.235 —1.256 3.513 —0.187]
'O 1 0 O' 1291 —2.012 0624 —1.291
0 0 1 ol 10.535 0.012 —0.024 2.345
10.131  2.102 0.935 —0.125]
[1.291 —-2.012 0.624 —1.291]]
0.535 0.012 —0.024 2.345
10.131  2.102 0.935 —0.125 ]



Transformer Architecture

* (Masked) Multi-Head Attention

Add & Norm
M




Self-Attention

* Attention Operation

Attention (Q, K, V) — softmax ( QK™ )V Scaled Dot-Product Attention

Vi
|
MatMul
 Query-Key-Value -
SoftMax
— Linear affine from input X itself 1
Mask (opt.)
i
Scale
 Weighted-sum of V based on —1
similarity/correlation between Q and K (1) o
— Each token’s weights sum to one tot ot
|

pas



Self-Attention
* Query-Key-Value from Three Linear Affine of X

wa Q

RLXD

— X =

pas
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Self-Attention

e Attention weights

]RLXD
T English € c v
©
5 $5.. %3 B 4
o o © S 2
French 2 5 v 53593 = o
EQ5s20%8033 .V
X L
softmax e

sur

p— la
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<end>

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



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

Self-Attention

* Qutput

softmax(

20
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Multi-Head Self-Attention

* Multiple self-attention operations
over the channel dimension

Multi-Head Attention

|
MultiHead(Q, K, V) = Concat (heady, ..., head )W ¢ Linear

where head = Attention (QWiQ, K WZ-K : VWiV) Concat

A
Scaled Dot-Product IZ h
Attention N

* Different attention maps capture 1A | I—

L I  ave

. . . Linear Linear Linear
different relationships — —— —y

Vv K Q
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Multi-Head Attention

e Each head captures different semantics
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Attention Masking
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Attention Masking
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Cross-Attention

Decoding time step: 1@3 4 56 OUTPUT
( R
e p— Kencdec  Vencdec ( Linear + Softmax )
ENCODERS DECODERS ]
~ J
EMBEDDING t 4 4 t
WITH TIME [ITT] [TTT] [TTT] (T11]
SIGNAL
EMBEDDINGS 111 [0 EEEN
e suis etudiant PREVIOUS
aakd J QUTPUTS
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Cross-Attention

qguery, "a furry bear watches a bird."

furry bear 2 watches
Average cross—-attention maps across all timestamps

bear

The model iteratively denoise the noise vector based on the given
text query to generate an Image

Wonsik Shin, Jessica Ruan, Aradhya Talan, and Brandon Dong. "3D Gaussian Splatting Editing with Diffusion Personalization."
IDL Project - Carnegie Mellon University.



Transformer Architecture

* Position Encoding

Positional
Encoding

-
©




Position Encoding

* Why do we need them?

— Self-attention is permutation-invariant!

* Considering a sequence of
— [A, B, C] vs. [C, A, B]
* No position information!

Attention Weights [A, B, C] (No Positional Encoding) Attention Weights [C, A, B] (No Positional Encoding)
0.38 0.38
0.36 0.36
034 0.34
-032 & -0.32
0.30 -0.30
0.28 -0.28

29



Position Encoding

* Captures the abs./relative distance between tokens

100
I 0.75
- 0.50

(i) _ o sin(wy - t), ifi=2k B 1
be UONS {cos(wk -t), ifi=2k+1 where Wk = 100002k/d

— A vector of sines and cosines of a harmonic series of frequencies
— Never Repeats

30



Position Encoding

* Captures the abs./relative distance between tokens

(i) _ o sin(wy - t), ifi=2k B 1
be UONS {cos(wk -t), ifi=2k+1 where Wk = 100002k/d

— A vector of sines and cosines of a harmonic series of frequencies
— Never Repeats
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Position Encoding

Attention Weights [A, B, C] (No Positional Encoding) Attention Weights [C, A, B] (No Positional Encoding)
0.38 0.38
0.36 0.36
w 034 0.34
j= c
L g
IS 2
No Position Info. ] o3z § 032
Is4 [e]
-0.30 -0.30
-0.28 -0.28
A B C C A B
Key Tokens Key Tokens
Attention Weights [A, B, C] (Positional Encoding) Attention Weights [C, A, B] (Positional Encoding)
0.8
0.1 07
< - 5 0.25 0.7 - 0.18 0.23
0.6
0.6
g 05 2 0.5
¢ ' g
1 it Q- 0L 0.23 Q- 0.14 0.27
With Position Info. % ;
3 =1
o o
-0.3 o3
0.0 -0.2 0.0
- 3 0.14 o - 3 0.14 -0.2
-0.1
-0.1
A B C C A B

Key Tokens Key Tokens



Transformer Architecture

e Feed-Forward



Feed-Forward Block

e Just a MLP!

FFN(x) = max (0, zW7 + b1)Ws + by

» »
» »

https://www.youtube.com/watch ?v=KJtZARuUO3JY&t=694s

34



Transformer Architecture

R )
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Residual and Normalization

e Each layer in Transformer has:

— A residual connection

— A normalization layer -

FFN

 Layer Norm. normalize each token by its

L W W —_—

embedding size dimension “
— For more stable training [ MHA
. L‘

36



Position of Normalization

e Post-Norm vs Pre-Norm

;1 = Norm (&, + F}; (x;)) zii1 = @ + Fy (Norm (z¢))
Post-norm ( LL ) Pre-norm [
FFN
4
GO =

v (v
S S
([*_M':LJ ( L‘l?l )

* Pre-Norm is easier and more stable to train

 Post-Norm tends to present better performance if
properly trained

37



Transformer Architecture

* Output Projection Layer
— Just a linear layer



Putting Them Together - Transformer

Output
Probabilities

Word Tokenization

.
Word Embedding )

(Masked) Multi-Head Attention

Position Encoding _ I\J_, "

Add & Norm

Feed-Forward

Multi-Head
Attention

Add & Norm — ==

Positional
Transformer & Encoding

Output Projection Layer Block

Embedding

1

Outputs
(shifted right)
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Poll @967

Which of the following are true about self-attention?

Self-attention is permutation invariant without position information

The attention weights are scaled by the dimension d before computing softmax

The attention weights are scaled by sqrt d before computing softmax

In self-attention Q, K, V are copy of input X

40



Poll @967

Which of the following are true about self-attention?

Self-attention is permutation invariant without position information

The attention weights are scaled by the dimension d before computing softmax

The attention weights are scaled by sqgrt the dimension d before computing
softmax

In self-attention Q, K, V are copy of input X

41
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Overview

* Architecture
— Encoder-Decoder
— Encoder-Only
— Decoder-Only

e Position Encoding
— Relative Position Encoding
— Rotary Position Encoding

e Efficient Attention Mechanism
— Grouped Query Attention
— Multi Query Attention

— Flash Attention
— Multi-head Latent Attention
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Encoder-Decoder
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Encoder-Decoder - T5

* Encoder-Decoder architecture as in the original
transformer paper

e A text-to-text model on various NLP tasks

[ “translate English to German: That is good."

"Das ist gut.”]
course is jumping well."

[ "cola sentence: The

"not acceptable"]

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.."

"six people hospitalized after
a storm in attala county."




Encoder-Decoder - T5

* The prompt is fed into encoder, and the decoder
generates answer

\ am a student
f
| |
DECODER
4

DECODER
)
DECODER
)
DECODER
)
DECODER

ENCODER
&
ENCODER
3
ENCODER
3
ENCODER
)
ENCODER
4 4
ENCODER DECODER

-
. . v

\ T J
I je suis  etudiant

-
W W W W ) S G
s
\




Encoder-Only - BERT

e Bidirectional Encoder Representations from
Transformers (BERT)

NSP Mask LM Mask LM
— Encoder-only arch. /_‘_ Y S \

L)) Gl -
* Trained with BERT
— Mask token prediction -E@ e | [ B [ Boen|[ B ] B
— Next sentence prediction NU serr | (1ot | . [ |
—
Masked Sentence A Masked Sentence B

. 2
Unlabeled Sentence A and B Pair




Pre-training and then Fine-Tuning

Pre-training on a proxy task Fine-tuning on specific
— Masked token prediction ~downstream tasks
— Next sentence prediction — Machine translation

— Question answering

ﬁp Mask LM Ma% LM \ M@D Start/End Sph
- ®

a———
L)) o) () S EN £™ E  ER
A >
- | P
BERT sls s u n & u b BERT
[fn | & |- |E||E.1||E| |E| [een ][ & ] [ B[ Eenl[ & ] [&]
—{ i LT — LT i 1 J i
(][] .. ﬁ sem | (ot ] . ﬁ ] (o] (Ceen (e ] o]
I_I_l [
Masked Sentence A ' Masked Sentence B Question f Paragraph
Unlabeled Sentence A and B Pair Question Answer Pair
Pre-training Fine-Tuning
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Decoder-Only - GPT

* Generative Pre-training (GPT)

— Decoder-only

* Trained with next token prediction

— A language model!

Ll(U) = Zlog.P('UJZ ‘ WUi—FyeoosUj_1, ("))

Output

t
® GPT-2)

51



Large Language Model

* GPT-2

— Pre-training and fine-tuning on specific tasks

* GPT-3
— zero-shot capability
— in-context learning
— Foundation for ChatGPT!

+ GPT-4



Overview

* Position Encoding
— Relative Position Encoding
— Rotary Position Encoding



Absolute Position Encoding

* Absolute position embedding fuses the position
information into input embeddings

* Fixed length! Not generalize to longer input sequence

54



Relative Position Encoding

Relative position embedding fuses position information into

attention matrices

Attention with linear bias

— Input length extrapolation!

Extrapolation for

Models Trained on 512 Tokens

55
v ,’ﬁ

T 451
\i_/ P . Sinusoidal
z . 7 " |- Rotary
E, 35 - e T5 Bias
£ ALiBi
& 25 é o

15— ' ‘ ‘ ,

512 4000 8000 12000 16000

Inference Input Tokens

55
, Sinusoidal
—_ | N Rotary
[ TS Bias
> ~»- ALIBi
‘E 35 2 .
5 / -
% ; v »
A~ 251 e
&::.'9::'! 'f—"f ’_ﬁ_ - ———p— I
5L : : : :
1024 4000 8000 12000 16000

Extrapolation for

Models Trained on 1024 Tokens

Inference Input Tokens
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Relative Position Encoding

Attention Weights Relative Position as Bias
a1+ ki 0
Q2 k1 g2-k2 -1 0
Q3+ k1 g3-k2 g3+ k3 + -2 =1 0 oM
Qa K1 Qa-kz Qa-k3Qa-Ka S 2 | -1 0
Qs*ki Qs*kz Qs ks s ks Qs ks -4 -3 -2 -1 0

e Relative distance as offset added to attention matrix
* Absolute position embedding not needed



Rotary Position Encoding

 Used in Large Language Models such as LLAMA
* Rotate the embedding in 2D space

< fq (@m,m), fr (Tn,n) >= g(Tm, Tn,m — n)
Fo (Tmym) = (Wyzp,)e™
i (@n,n) = (Wi, )e™
9(Zm,xn,m —n) =Re I:(qum)(wkxn)*ei(m—n)ﬂ}

X2
dog
dog

/ 08
2
49/V. Query vector for “dog”

— X

57



Rotary Position Encoding

e General form

d _
R@,m =

fo(@m,m) = (qum)eimg
fr (zn,n) = (T/T/',rc:cﬂ)e’;"‘9

9 (@, @nym —n) = Re | (Wyzn)(Wia,) ™)

f{q,k} (wma m) — Rg)mW{qk}wm

cosmb; —sinmb,
sinm#, cosmb,
0 0
0 0
0 0
0 0

0
0

cos mbs
sin m#fo

0
0

0
0
— sin mbs
cos mbs

0
0

- OO OO

cosmbg /o
sinmég /o

- OO OO

— sinméfz />

cosmbg /o

/



Rotary Position Encoding

Allows extension of the context window

1.0

05
&

.0 i »,
8 0 Pret-trained range seen flange

-0.5

1.0

0 Normal 2048 Extrapolation 4096

1.0

05
&

0.0 ;
e Prettrained range

-05

0 - ) 4096
Position Interpolation Position
f'(x, m) = f(x, m/2)
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Overview

Efficient Attention Mechanism
— Linear Attention

— Flash Attention

— Grouped Query Attention

— Multi Query Attention

— Multi-head Latent Attention

60



Quadratic Complexity

* Self-attention has quadratic complexity to input length

. —_— QKT
Attention (Q, K, V) = softmax ( vy, )V

— O(L*d) FLOPS

 Many attempts for reducing the quadratic complexity
to linear
— Linear Attention
— Flash Attention
— Grouped Query Attention
— Multi Query Attention
— Multi-head Latent Attention

61



Linear Attention

e Modification on Softmax

« T
Softmax (QK ™)V = f p (QKT)
Dil1 €Xp (QKz'T)

e Kernel function

sim(Q, K) = ¢(Q) - ¢(K) =

e Linear form of attention

sim(Q, K)

>y sim (Q, K)

$(Q)p(K)T

($(K)'V).

/ HQIE) | . $(Q)
YL o@e(E)T Q)X E, ¢(K)T

O (L?)

v

62



Flash Attention

Attention | Standard FLASHATTENTION
GFLOPs 66.6 75.2
Standard Attention Implementation Flash Attention HBM R/W (GB) 40.3 4.4
Runtime (ms) 41.7 7.3

Load
Q' K Loas
. K Y
. S=QK ?
Write S fssl Kernel operations fused
e Q.0 Lm together, reducing
[ reads & writes
Load S >
GPU .
l::::;y P = softmax(s) M‘;:l;;y 5-Q KT gt SHAM: 19TB/s (20 MB)
Write P 7 rowmax oS S\ HEN: 1.5 TB/s (40 GB)
¢ P = exp(s - m) <l S
L = rowsum of P Him
m = max(m_, m) : 5
Load P,V 0 =PV Write O. L.v. ST b (ETL N 147 DRAM: 12.8 GB/s
P (CPU DRAM) (>178B)
Write O Memory Hierarchy with
L Bandwidth & Memory Size

Initialize O, | and m matrices with zeroes. m and | are used to calculate
cumulative softmax. Divide Q, K, V into blocks (due to SRAM's memory limits)
and iterate over them, for i is row & j is column.

Dao, Tri, et al. "Flashattention: Fast and memory-efficient exact attention with io-awareness." Advances in Neural Information
Processing Systems 35 (2022):16344-16359. 63

https://huggingface.co/docs/text-generation-inference/en/conceptual/flash_attention



Without Tiling 32 access

Flash Attention

B
1 6 3 1,1 C1,.2
5 0 8 1 22
2 0 5 = 3,1 €32
3 5 1 ca1  c42
B
1 6 3 C1,1
5 0 8
2 0 5 C2,1
3 5 1

c1,3 C1,4
23 €4
33 (34
ca3 Cc44
Cl,2
C2,2

Ci,1i=1x1+2x5+3x9+4x13
Ci,2=1%x2+2x6+3x10+4x14
Cz,1=5><1+6x5+7x9+8x13
Cp2=5%x2+6x6+7x10+8x14

Ci1= A1 X By + Az X By

Ci2 = An X Bz + A2 X B2
C21= A1 X Byg + A2z X B
C22 = A21 X Bi2 + A2 X Bp



Softmax
Computation requires two loops:
one to calculate the normalizing
factor (the sum of exponentials)
and another to compute the
attention weights by dividing
each exponentiated value by this
factor.

Flash Attention

Safe Softmax
Requires three loops: one to
find the maximum value (for
numerical stability), one to
compute the normalizing factor,
and one to obtain the attention
weights.

fori—1,N do

my; < max (m; _1, ;)

fori—1,N do

di—d;—1+e%™m

fori—1,N do

eTi— MmN

dn

a; <

Online Softmax
Requires two loops: one to
find the maximum value (and
to compute the normalizing
factor, and one to obtain the
attention weights.

for i+— 1, N do
m; <« max (m;_1,%;)

d — d]_qemi-immimi—ms

fori—1,N do

65



Flash Attention

Fused computation to one loop!

for :<—1, N do
Ly < Q[k::]KT[::i]
m; < max (m;_1,x;)
d; Pl dé_lemi—l_mi+e$i_mi
. - d;_lemi—l_mi eTi—Mmi _
0; < 0;_; 77 e Vi)
end

Olk,:] —opn




Flash Attention

l

L |V




Flash Attention

Algorithm 1 FLASHATTENTION
Require: Matrices Q, K,V € RV*4 in HBM, on-chip SRAM of size M.
1: Set block sizes B, = [24], B, = min ([} ] d).
2: Initialize O = (0)yxa € RNXd £=(0)n €eRY,m = (—c0)y € RY in HBM.
3: Divide Q into T, = [Bi] blocks Qy,...,Qr of size B, x d each, and divide K, V in to T, = [BM] blocks
1,-.-.Kr and Vy,..., V., of size B, X d each.

4: Divide O into 7, blocks O;, ..., Or, of size B, x d each, divide ¢ into T, blocks ¢, ..., {r, of size B, each,
divide m into 7, blocks m;, ..., mr, of size B, each.

5: for 1< j<T.do

6: Load K;,V; from HBM to on-chip SRAM.

7. for1<i<T, do

8: Load Q;, 0;, £;, m; from HBM to on-chip SRAM.

9: On chip, compute S;; = Q,-Kf € RB-*Bc,

10: On chip, compute ;; = rowmax(S;;) € RPr, f’ij = exp(S;; — m;;) € RB-*Be (pointwise), f’ij =
rowsum(lsij) e RBr.

11: On chip, compute m}" = max(m;,m;;) € RB-, et emimmi 4 M t’ € RE-.

12: Write 0; « diag(£%)™! (diag(£)e™ ™" 0; + e".“if_m?ewf’ijvj) to HBM.

13: Write €; « £V, m; < m}*" to HBM.

14: end for

15: end for

16: Return O.




Flash Attention

Models ListOps Text Retrieval Image Pathfinder | Avg | Speedup
Transformer 36.0 63.6 81.6 42.3 72.7 59.3 -
FLASHATTENTION 37.6 63.9 81.4 43.5 72.7 59.8 2.4x
Block-sparse FLASHATTENTION 37.0 63.0 81.3 43.6 73.3 59.6 2.8%
Linformer [84] 35.6 55.9 7.7 37.8 67.6 54.9 2.5%
Linear Attention [50] 38.8 63.2 80.7 42.6 72.5 59.6 2.3x
Performer [12] 36.8 63.6 82.2 42.1 69.9 58.9 1.8x
Local Attention [80] 36.1 60.2 76.7 40.6 66.6 56.0 1.7x
Reformer [51] 36.5 63.8 78.5 39.6 69.4 57.6 1.3x
Smyrf [19] 36.1 64.1 79.0 39.6 70.5 57.9 1.7x
1O complexity:

Flash Attention: O(

N2 d?
M

)

Standard Attention: Q(Nd + N?)

Where N is sequence length, d head dimensions and M the size of SRAM.
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KV- Caching

Step 1 1
Q KT QKT v Attention
Query Token 1 = QK Value Token 1 Token 1
]
~ <
N —~
S 3 2
(1, emb_size) (emb_size, 1) (1, 1) (1, emb_size) (1, emb_size)
Q KT QK" \Y Attention
Query Token 1 ~ kK, Value Token 1 Token 1
]
S o =
SE x |2 - x -
g )
O =]
(1, emb_size) (emb_size, 1) (1,1 (1, emb_size) (1, emb_size)

D Values that will be masked l:‘ Values that will be taken from cache
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Multi and Grouped Query Attention

Multi-head attention has H query, key, and value heads.

Multi-query attention shares single key and value heads across all query heads.

Grouped-query attention instead shares single key and value heads for each group of

guery heads.

Multi-head

e lelal=lelalale
Values T

L
[,
[
t
{

)
]
)
)
]

Keys

e

.
{
of
{

{

{

{

Queries

—_— OO OO O OO

0000 i
00000000 Doooonn

"

. Dense 7B Dense 7B Dense 7B
Benchmark (Metric) # Shots w/MQA w/GQA (8 Groups) w/MHA
# Params - | 71B 6.9B 6.9B
BBH (EM) 3-shot 33.2 35.6 37.0
MMLU (Acc.) 5-shot 37.9 41.2 45.2
C-Eval (Acc.) 5-shot 30.0 37.7 429
CMMLU (Acc.) 5-shot 34.6 38.4 43.5
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Multihead Latent Attention

* Low-rank key-value joint compression

* Caching compressed latent KV pairs during inference

Values

PSS
L2

N
N N

EE
)

Keys

Queries

|

2
77

2
/. B /Ao
A/ SIS

TS ’////////‘ T
SIS,
" D

Weel 7777777, 388

YHSISSIS
/0

—
C—

Il

i

Attention Mechanism KV Cache per Token (# Element) Capability
Multi-Head Attention (MHA) 2nydyl Strong
Grouped-Query Attention (GQA) 2ngdpl Moderate
Multi-Query Attention (MQA) 2dl Weak
MLA (Ours) (de +dN)1 = Jdyl Stronger

Y Cached During Inference
Multi-Head Attention (MHA) ! Grouped-Query Attention (GQA) | Multi-Query Attention (MQA) ! Multi-Head Latent Attention (MLA)
1 1

|
% I ........................
N 1
% rguduuuuyuuuy projection
: bt i Sk & & b
|
A B B R R R e,
U uuuududyuyeer Compressed
T Latent KV
|
|
JUU U UJU U U U U
1
. Small MoE Small MoE | Large MoE Large MoE
Benchmark (Metric) # Shots w/ MHA w/ MLA w/ MHA w/ MLA
# Activated Params - 2.5B 24B 25.0B 21.5B
# Total Params - 15.8B 15.7B 250.8B 247 4B
KV Cache per Token (# Element) - 110.6K 15.6K 860.2K 34.6K
BBH (EM) 3-shot 379 39.0 46.6 50.7
MMLU (Acc.) 5-shot 48.7 50.0 57.5 59.0
C-Eval (Acc.) 5-shot 51.6 50.9 57.9 59.2
CMMLU (Acc.) 5-shot 52.3 53.4 60.7 62.5
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Poll @968

Which of the following statements is true?

FlashAttention is particularly effective for long sequences, as it stores the full
attention matrix in memory, which would otherwise grow quadratically with
sequence length due to a higher number of memory accesses.

FlashAttention improves efficiency by splitting computations into blocks that fit in
fast SRAM, reducing memory access overhead while maintaining mathematical
equivalence to standard attention.

FlashAttention performs worse than standard attention implementations because
the block-wise computation approach introduces additional computational

overhead that outweighs any memory benefits.

FlashAttention is primarily designed for CPU optimization and shows minimal
performance improvements when implemented on GPU hardware.
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Content

 Transformer for different modalities



Transformer in Vision and Audio
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Overview

e Vision Transformer Architecture
* Transformer in Audio
e Tokenizer



Overview

e Vision Transformer Architecture



Vision Transformer (ViT)

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

s~ B HDDOD ) )

[ 1 1 mbe dd ng [ Linear Projection of Flattened Patches

ﬁ%E—»IIIW%M@HE'
A s

Transformer Encoder
A

LXQ‘_‘

MLP

A

Norm

O—

Multi-Head
Attention

Norm

e

Embedded
Patches

* Transformer architecture can also be used for images

* How do we process an image into tokens?
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Input
Pooling

CNN

Convolution Neural Network (CNN)

Pooling Pooling et

g
—
\

Convgl ution
RelLU

A

Convglution
RelU

Convolution

Rél-LU Flatten

Layer

Feature Maps

N

\@ RN XA - Horse
‘.%
o

- Zebra
- Dog

SoftMax
Activation
Function

Feature Extraction

e Naturally fits to 2D images

Probabilistic

Classification Distribution
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VIT
* Split images into a sequence of patches

H
- X = patches

Ul
[ SETTETL

3
1
: A
i T
LtV Jll)
Ll
L :

w

—_—

LA
iiiiiiiiiiii iiili!iiilili !!!!!i!!!!!

* Each patch is treated as one token as input to ViT
— A convolution layer with kernel P and stride P!
— Or alinear layer on the flatten pixels
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VIT

Vision Transformer (ViT) Transformer Encoder

A

L x

MLP
Head

MLP

A

Norm

Transformer Encoder

i
|
[
I
i
:
o -ddagendune | |
I
I
|
|

[

* Extra learnable
[class] embedding Linear Projection of Flattened Patches 4 $ A
ST [T T 1] Nomn
o m ——— 5

Embedded
Patches

The remaining is same as Transformer
— As an encoder-only model



Image Classification

~J
(@)

D
-

A .

o4
-

40

o

ViT-L/16 -e-ViT-B/32 ResNet50x1 (BiT)
ViT-L/32 ViT-b/32 -#ResNetl152x2 (BiT)

Linear 5-shot ImageNet Topl [%]

oV
)

10M ©30M  100M © 300M
Number of JFT pre-training samples

* Inferior performance compared to CNN when
dataset size is limited — Why?



Inductive Bias

e Convolutional Neural Networks

— Locality

— Sharing weights

* Vision Transformer

— None!

— Has to learn locality and dependency from data!
— A lot lot lot lot lot lot lot lot of data!

RGB embedding filters
(first 28 principal components)

Position embedding similarity

similarity

Cosine

V|T L/16

]
'-g l‘: :

0

é 1'0 1I5 20
Network depth (layer)
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Overview

* Transformer in Audio



Transformer in Audio

Encoder
Outputs

Laier Norm

Feed Forward
Networks

Layer Norm
A

»(1

)
b~ "4
A

Multi-Head
Attention

Layer Norm

Positional
Encoding

b Input
Encoding

____________

I Additional
: Module
1
1

Conv/2 + ReLU

Conv/2 + RelLU

Inputs

Output
Probabilities

Multi-Head
Attention

Layer Norm

Masked
Multi-Head
Attention

Layer Norm

i —

Output (][ @

Encoding

Character
Embedding

Outputs

Positional
Encoding

Speech Transformer for ASR

Output

Transformer Encoder

P ey

T + + * + + + + +

IflTﬁIIElﬂl%ﬂIEﬂ Iflﬂll_EiﬂlEﬂ Egs)

Linear Projection

iiiiﬁiﬁi

*—u ]
- Patch Split with Overlap . . -

Audio Spectrogram Transformer
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Conformer

40 ms rate

The Conformer architecture augments
a transformer by

embedding convolution layers within
the transformer blocks.

Conformer Blocks | x N

Dropout

40 ms rate T
Linear

40 ms rate T

Transformers capture global I
. Subsamplini

dependencies, CNNs capture local =

features efficiently.

=

10 ms rate T
SpecAug

10 ms rate T

‘ Layernorm }

*

"\ ‘+/‘
1 12 XT

Feed Forward Module

@—
T

Convolution Module

Tf/

@—

1
]
1
1
1
]
1
1
1
1
1
1
]
1
1
:
! L
1
1
1
1
1
1
1
1
1
1
1
]
1
1
1
1
1

Multi-Head Self Attention
Module

r

1/2 XT

Feed Forward Module
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* Tokenizer

Overview
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Keg, 32

input latent tokens reconstruction

1 1 1

19 . | Bidirectional \ 19

o — — — ]

: ' Transformer | :

0 0 g o 0
latent masked predicted
tokens tokens tokens

(b) Image Generation

Tokenizers

tpdaq

Jopooug

1y3anH

Quantizer

Student:

v
Semantic Distillation
.

Teacher,

I10pooug

MAA-TIN

Decoder
|
alfusse -|||...-|-|||||-..||n-..

v

Jojeuiwiniasiq

I module for training only
~---» dataflow in training only

%00q2p0d

Multi-scale quantization

g

i 0

Triplane
Decoder

Triplane

Loss

[ R

AR 230

v

2D Patch
Embed

v

UiE R4l

A\

(W
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Poll @965 and @966

Which ones of the following are properties of ViT, compared
to CNN?

*  Weight sharing

* Dynamic weights from data

e Locality

* Global dependency from data

Which of the following statements about the Conformer architecture is
correct?

The Conformer uses convolution layers to replace self-attention entirely

Conformer blocks have convolutional modules placed after the self-attention module
The Conformer architecture eliminates the need for Feed Forward modules
Conformer was primarily designed for computer vision tasks rather than speech
recognition
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Transformer Architecture
Improvements on Transformers
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Parameter Efficient Tuning

Scaling Laws

92



Parameter Efficient Tuning



Overview

* Parameter Efficient Tuning Methods
— Prefix Tuning
— Prompt Tuning
— Adapter
— LoRA



Parameter Efficient Tuning

e Traditionally, you need to fine-tune entire network
on specific downstream tasks

* Parameter Efficient Tuning — Only tune a small
proportion of parameters of the pre-trained
transformer

— Prefix Tuning
— Prompt tuning
— Adapter

— LoRA
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Prefix Tuning

* Only learns a set continuous prefixes)added to the
input and transformer layers for each task.

Fine-tuning

Transformer (Translation)
F H E =B = N = = =

Transformer (Summarization)
- - - @ . H N

Transformer (Table-to-text)

1l

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix
(Translation)

[ ]
Prefix
(Summari Izatio n)

m,',’.;‘i{,,m, Transformer (Pretrained)

NNrnrnne

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix-tuning




Prompt Tuning

* Onlylearns a set of ‘prompt’ or ‘token’ for each task

Pre-trained |
Model Tuning Model i Prompt Tuning
 (11B params) | :
ai 4 N Mixed-task
TaskA 224 | TaskAModel | , Batch
Batch | (1B params) | | AT a1
- “ C | ci Pre-trained
B s N | B | B b1 4[ Model }
Al a2 11B params)
Task B Task B Model | 1| e o5 (11Bp
Batch (11B params) | | '
~ I Task Prompts
= 4 N | (20K params each)
Task C [ c2| | Task C Model I
Batch ‘| (11B params) | |
- J |




Adapter

* Insert MLP at Feed-forward layers

S

’ ~ - ~
' Transh ' {' Layer
1 Transformer .
| Layer ! : |OOOOOO|
1
> ' ' ' | Adapter : !
! ! , Feedforward
0] r—e L . 2x Feed-forward | : up-project
3 ' layer ! !
E -5 L ' [ : ! . |
= : : ! Nonlinearity
2 -104 : ! Layer Norm ! |
o) I
1
£ -15 L | : :
S 7 ! : |
<C 1 1 :
—-20+ «—s Adapters (ours) L ! Adapter ! | Feedforward
. 1 ;
Fine-tune top layers I down-project
95 Tt rhe b &y ! [ Feed-forward Iayer] i : |
- T T vryrveeg T LR R AR | T T rvrvoeg T T rrrees 1 1
5 6 7 8 9 1 1
10 107 10 10 10 ! Multi-headed | L | OO0O0O00O0 |
Num trainable parameters / task 1 . 1 \
1 attention ' 3 ]
\ 7 N
\ A ’ T -




LORA

* Low-rank Adaptation (LoRA)

e No activation in-between

Pretrained

Weights

e Aand B can be fused into W

h=Wyx+ AWx = Wyx + BAx X

99
Hu et al. LoRA: Low-Rank Adaptation of Large Language Models. 2022.



Parameter-Efficient Tuning

* Performance close to full fine-tuning while
just train less than 15% of original parameters

22 Fresssss=a= 7 N
Full Fine-tuning 21.94
Ours 21.90
21 1 O
Adapter 20.98
@ ’ O

Y on | Prefix Tuning 20.46 LoRA 20.50
w 20
U]
D
£

19 -

18 1

BitFit 17.32

0 5 10 15
Fine-tuned Parameters (%)
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Scaling Laws

102



“Magic” of Transformer - Scaling

1000 MT-NLG

O Model Size GPT-3 5308
= Accelerator Memory
2 100 Gap
=
=
£ 10 A100
o V100 TPUV3  MeghtronlM 400 80GB
a TPUv2 8.3B
* , [16GB
@
N
n
3
g 0.1
= Transformer 0.11B

0.05B
0.01
2017 2018 2020 2021 2022

Performance gets better as transformer scales up
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Scaling Law

For decoder-only models, the final performance is only
related to Compute, Data Size, and Parameter Size

— power law relationship for each factor

— w/o constraints by the others

& 4.2
6 —— L=(D/5.4-1013)~0.095 | 5.6 —— L=(N/8.8:10%3)70.076
3.9
4.8
: 4.0
S
*g‘ 3.3 392
F 3
3.0
2.4
L=(Cwn/2:3+108)~0:030
2 . , . . 2.7 . . . ; .
10 1077 10° 1073 107! 10! 108 10° 10° 107 109
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

PF-day = 101° x 24 x 3600 = 8.64 x 10'° floating point operations.
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Scaling Law

8e-3
226 * 7B MHA 2T Token * 7B MHA 2T Token
_ % 67B GQA 2T Token 4e-3 % 67B GQA 2T Token
4524 H19.7M €
g2 e > o = © 000 00®
< _-*9.2M 9 o
b ’? e o 2e-3 o © G@m@
g S g’ owoé&oecqu
2 . o«:g g 1e-3 o © ® 0 ..
] [J]
3 2 Y= = "
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-E 2 i 0 Q060 o® © B 4.2e-0
) s o e © 2504 32e-04
216
1.25e-4
1016 10" 102 102 1024 101 10" 102 10722 10%

Non-Embedding Training FLOPs

(a) Batch size scaling curve

Non-Embedding Training FLOPs

(b) Learning rate scaling curve
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(A) Mod. arithmetic
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In-Context Learning

* Scaled models can generalize to new tasks without
fine-tuning!

— Zero-shot
— Few-shot
Zero-shot Few-shot
The model predicts the answer given only a natural language In addition to the task description, the model sees a few
description of the task. No gradient updates are performed. examples of the task. No gradient updates are performed.
Translate English to French: task description Translate English to French: task description
cheese => prompt sea otter => loutre de mer examples

peppermint => menthe poivrée
plush girafe => girafe peluche

cheese => prompt
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We learned...

Transformer Architecture
Improvements on Transformers
Transformer for different modalities
Tokenizers

Parameter Efficient Tuning

Scaling Laws
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