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Attention



Attention

Input

Embedding

Queries

Keys

Values

Thinking

LT T 17

q:[ 1]

Machines
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Attention

Input

Embedding
Queries

Keys

Values

Score

Divide by 8 ( vd, )
Softmax

Softmax
X
Value

Sum

Thinking
x+ (IR
o [EINN
« [T
vi [
q‘ok1=|7§'f

14
0.88
v [

Machines

Attention(Q, K, V) = softmax(

QK"

Vdy

1%



Multi-head attention

|
|

Calculating attention separately in
eight different attention heads

v

ATTENTION ATTENTION ATTENTION
HEAD #0 HEAD #1 HEAD #7

1) Concatenate all the attention heads 2) Muitiply with a weight
matrix that was trained
jointly with the model

‘?Il”"l‘i‘i”lli?' %

3) The result would be the ~ matrix that captures information
from all the attention heads. We can send this forward to the FFNN



Masked self-attention

Self-attention —» Masked Self-attention
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Can be either input or a hidden layer
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Ensures causal dependency



Transformer Models



Encoder-Decoder

Qutput
Probabilities
Soft i
Cross-attention
( )
Feed
Forward
-
j Multi-Head |11
Feed Attention |
Forward ) Nx
N
Nix
Add & N .
> Add & Norm } Masked - Masked self-attention
Multi-Head Multi-Head 1
Attention Altention
A ) A )
S S— J \ pr— )
Positional Positional
Encodi '9 G' :
ncoding Encoding
lnput Qutput
Embedding Embedding
Inputs Outputs

(shifted right)



Encoder-only

Decoder

Training method:
predict masked words

Advantages:
comprehension

Disadvantages:
generation



Bert

BERT: Bidirectional Encoder Representations from Transformers

Mask LM

Mask LM \
*

Le ()~

BERT

£9 £ E5 = 65

[eeall & | ..

CIE)E] - (]

P
L= ] 3 N - FE - N

?

hG
R -

\_'_I

Masked Sentence A

[,...][.m.][-.!... E....]

Masked Sentence B

E 3
Unlabeled Sentence A and B Pair

Pre-training

N A~

ﬁ iJd =
()] .. [f

Lo 60 6.
\\\ anQuesﬁon :Mf P:: o /

Fine-Tuning

24 [ ENCODER
= @: 4 [ ENCODER ]
ese 3 [ ENCODER J
2 l ENCODER 2 [ ENCODER )
1 l ENCODER 1 [ ENCODER ]
BERT yast BERT anc

Encoder-only structure



Bert

Pretrain:
1. Masked LM
2. Next sentence prediction

vocabulary size Predicting the

( A y masked word

|
e

tt 1t
gk [MASK] @t 40 -

Predict likelihood
that sentence B
belongs after
sentence A

1% | isNext
98% NotNext
?
[ FENN + Softmax ]
“
..
ESe =
® ©
BERT
N

Tokenized
Input

Input

U dadsl 3 L&

[CLS) the [MASK] 1o 1t e [SEF) pe (MASK] 4
\ L

)
Sentence A Sentence B



Bert

Fine-tuning:
1. Single text classification

2. Text Pair Classification or Regression

3. Text Tagging

Label

Label
!

Dense
f

Rep.s-  Rep; Rep, Reps Rep, Reps Reps  Repcsep-
t t t t { t f t

BERT
<cls> Token; Token, Token, Token, Tokeng ] Tokeng <sep>
\\\\\:\\\ \\ // ,/’:,"”
VO VY 2 e

Single text sequence

Highly dependent on fine-tuning
X Generation/Zero-shot/Few-shot

Dense
Rep<cls> Rep1 Repz Rep<sep> RepS Rep4 RepS Rep<sep>
t t { t { t t t
BERT
<cls> Token, Token, <sep> Token, Token, Token; <sep>
\\ // N 3 : Sl g
N/ ~ s
Text sequence 1 Text sequence 2
Label Label Label Label Label Label
Parameters T T T T T T
a(;; E;zgf:d Dense Dense Dense Dense Dense Dense
f f f f f f
Rep.is-  Rep; Rep, Rep; Rep, Reps Reps  Repcsep-
t t t t { t t t
BERT
<cls> Token, Token, Token; Token, Tokens Tokeng <sep>
\\\\ \\\ -\ / /, ’/’,'
s ~ \ / s -

~_ 0~ s o
S~ N 4 LT

Single text sequence




Decoder only

Output
Probabilities

Decoder

Uni-directional

Auto-regressive

Masked Self-attention +
Cross-attention

\_T_/

Outputs
(shifted right)

Training method:
autoregressively predict the
next token

Advantages:
generation

Disadvantages:
suboptimal semantic
comprehension



GPT-1/2

Gptl:
Training: unsupervised pretrain
+ supervised fine-tuning

Gpt2:
Training: unsupervised pretrain

12x —

Text & Position Embed

Text & Position Embed




Pretrain

map m string D atoi

) D s 4

( Attention blocks #2-6

1 L 1 1 1

/ Attention block #1
(_ Feed forward tayer
/" Self Attention
E o R D .
"B Tz Par oz 04 e

..........
-

Cross-entropy loss

L1(U) = Zlog P(udui_k, N 7 7 @)

-
- - b
csvcas S e -
- L 3 P -
-

map E] string [:] atoi




KV cache

Pl Q X QK'
e
gf x = x =
{1, emb_size) (emb_size, 1) nn (1, emb_size| (1, emb _size)
Q X'
Quesy Token 1
f f x = * =
(1, emb_size) (emb_size, 1) N (1, emb_size) (1, emb_size)
Dmn-ﬂb-ﬂ -vu—n'ltn--n-'
Step 2
*® Q
i lii
f@ Quuery Token 2 p
g
(2, emb_stze) (emd_sze, 2) @2 {2, emb_size) (2. emb_size)
Q oK' v Attention
£ ; : . . s
(1, emb._size) {emb_size, 2) na 12, emb_size) (1, emb_size)

D“M--_ .\—M—--‘mm

Q

Query Token 2

(3, emb_size)

(1, emb_size)

QK™
0% | ok
aq oK
(emb_size, 3) (3,3
QK'

O(n?

(emb_size, 3) (1,3)

Dmmnmm .muwummm

) -> O(n)

.&2?22?2@

(3, emb_size) (3, emb_size)

{3, emb_size)

(1, emb_size)



Scale up Fncoder or Decoder?

vocabulary size Predicting the [ B
masked word D D D D D

Attention blocks #2-6

1 1
/~  Attention block #1

( Feed forward layer
"' L l] ...... |_:_:o|1 |_:_|°2 |_:_’6|" '_::'02 l—:_,g‘
- I_Ll?k“l—‘-:l' ----- e
Ql [ 1"r"—’“‘f""r—‘—1
] Cmm
R B B 000 0 %]
ik [MASK] AN oo [

1. Auto-regression training makes full use of data
2. Causal attention enables KV cache



Accuracy

GPT-3

TriviaQA
e e SO DN T

3

3

&

8

—e— Zero-Shot
—e— One-Shot
—e— Few-Shot (K=64)

175B

0.4B

08B 1.3B 2.6B 6.7B  13B
Parameters in LM (Billions)

The larger GPT-3's parameter count, the higher its
zero-shot/few-shot QA accuracy

Scaling up

Accuracy

Arithmetic (few-shot)

100
—e— Two Digit Addition

—e— Two Digit Subtraction
—e— Three Digit Addition
—e— Three Digit Subtraction
—e— Four Digit Addition
—e— Four Digit Subtraction
—e— Five Digit Addition
—e— Five Digit Subtraction
—eo— Two Digit Multiplication

o —e— Single Digit Three Ops

%
— —0 &
0.8B 1.3B 26B 6.7B 13B
Parameters in LM (Billions)

0.4B 175B

arithmetic abilities of GPT-3



Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a & year old

Y

)

Z

Some people went
ta the moan

Y
SFT

B

Yz
BEIE

Instruct-GPT(RLHF

trained to produce outputs that align with human preferences

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to & & yoar okd

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

»

Write & story
about frogs

/)N ‘\,



Reasoning



Cot

The reasoning ability of large language models can be unlocked by simple methods

Standard Prompting

N

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11,
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?
\

[ A esmmcnz X J ,.

Chain-of-Thought Prompting

(d) Zero-shot-CoT (Ours)

3??:&?23?&'1’.‘.? ::Esé:i:;y ﬁu@n&fﬁ? ﬂn: A juggler can juggle 16 balls. Half of the balls are golf balls,\
SRS 20N Qs e hevs pou and half of the golf balls are blue. How many blue golf balls are

there?
A: Let’s think step by step.

+8=11, The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

d"“:'f;e';",’;'::.;‘d bought J:maoss. how maky appies (Output) There are 16 balls in total. Half of the balls are golf
\ balls. That means that there are 8 golf balls. Half of the golf balls
- Qre blue. That means that there are 4 blue golf balls. « /
A

answeris 9.

Few-shot cot Zero-shot cot



Self-Consistency Cot

Chain-of-thought
prompting

Prompt J«_

Self-consistency

ﬂa: If there are 3 cars in the parking \
lot and 2 more cars arrive, how many
cars are in the parking lot?

A:There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3+ 2 =5 cars. The answer is 5.

Q: Janet's ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How
much does she make every day?

\A:

Self-consistency leverages the intuition that complex reasoning tasks typically admit

Language

model

—_—

Language
model

Greedy decode
This means she uses 3 + 4 = 7 eggs every day.
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

\-[ The answer is $14. }

The answer is $14.

Sample a diverse set of
reasoning paths

Shehas16 -3 - 4 =9 eggs
left. So she makes $2 *9 =
$18 per day. |

| The answer is $18.

Marginalize out reasoning paths
to aggregate final answers

VA \

i
This means she she sells the

= $26 per day.
|

remainder for $2* (16 - 4 - S)I The answer is $26.

She eats 3 for breakfast, so |
she has 16 - 3 = 13 left. Then |
she bakes muffins, so she
has 13 - 4 = 9 eggs left. So

she has 9eggs * $2=%$18. |

I The answer is $18.

|IIII Y
xt The answer is $18.
Y

multiple reasoning paths that reach a correct answer.



-
anpUt ) | thought . _ _ o _

—— e ! Thought decomposition: Decompose intermediate thinking into
coherent based on task characteristics, providing a clear carrier
for reasoning.

:{ Thought generator: Generate k diverse candidate thoughts via
Independent sampling or sequential proposal based on the

current reasoning state.

...... State evaluator: Leverage LLM's autonomous reasoning to
/,j\_ assess candidate states.

(d) Tree of Thoughts (ToT)



MLLM



Multimodal Model Architecture

Modality
Encoder
........ - -
>
........ COnEEoH LLM
Backbone

v

Text

1. Modality encoder
2. Connector
3. LLM



Modality encoder

(1) Contrastive g
Vision Transformer (ViT) Transformer Encoder
A
\ Class Lx
P'r.j;:p;: 'L:‘m- Bird MLP @4—
aussie pup Ball Head
Car [ MLP
4
Norm
Transformer Encoder

Iff:f:fﬁ:ﬂfjjing Linear Projection of Flattened Patches A * A
. . | | | | | I I | | Norm
o m ——— 0 O S

J

Embedded
Patches

|
|
|
|
|
|
: QS‘_
- HDODONHODD | | [
:
|
|
|

Text-encoder: transformer language model(decoder-only)
Image-encoder: VIT/ResNet

T3 ‘ s I} Ty

to of




Connector

LLaVA connector: Linear layer

Language Response X, . . .

Language Model fq«,

OO0 &
Projection W Z. H, qu
Vision Encoder

Xy Image Xq Language Instruction

Blip-2 connector: Q-former

Vislon-and-Language
Representation Learning

Q-Former :
—
Querying Transformer| | |

f f
Text

Queries

Bootstrapping Pre-tralned
Image Models

Vislon-to-Language
Generatlve Learning

|
|
|
|
m '
|
|
|
|
|
|
|
|
|

Write a romantic message
that goes along this photo.

Love is like a sunset, it's
hard to see it coming but
when it does it’s so beautiful. [

Bootstrapping Pre-trained
Large Language Models (LLMs)



Connector

LLaVA connector: Linear layer

|

Transformer Encoder Langois Rasponas:, X . . ‘
- D NOO @6
g Lmear Pro_;ecuon of Flattened Patches Projection W z. H qu

| Vision Encoder

—*ﬁ.lﬂ&lﬁﬁﬂ

Xy Image Xq Language Instruction

Connector (Projector): Aligns VIT Feature Dimension with
LLaMA Word Embedding Dimension



Connector

Blip-2 connector: Q-former

1. self-attention: Bert base(pretrained)

Q-Former Image-Text e T 2. cross-attention: randomly initialized
Matching [ Image-Text 1 Text Generation
N . Ve | 3 : :
' w '[CE""E.B“”E g ' . ITC: Image-text Contrastive
Feed Forward carning Feed Forward . ;
for every . ITG: Image-text Generation
other block . _ :
' Cross Attention ITM: Image-Text Matching

Attention Masking

: —  bidirectional —
S1E R auc e i H— mutlimodal causal —
—*— - yni-modal - —* —

Self Attention x N

XN

]

1 T T

&

i r

Learned -
Queries [|:| OO |:|] Input Text [a cat wearing sunglasses I




