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Types of Pre-Training
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Encoder only

https://www.sciencedirect.com/science/article/pii/S2095809922006324

Encoder-decoder

Decoder only
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Pre-Training Task: Masked Language Modeling

Use the output of the ' 0.1% | Aardvark

masked word’s position
to predict the masked word

Possible classes:
All English words | 10% | Improvisation Token Reconstruction

0% | Zyzzyva

Af
FFNN + Softmax Stacked
Transformer Encoder
2 3 4 T [ 3N N ] 51 2
( N
® O
BERT
Randomly mask — |
15% of tokens T T T T T T T T T Masking Tokens
[CLS] Let's  stick to  [MASK] in this skit

Input rrt+1 11t 11

[CLS] Let’s stick to improvisation in this skit

http://jalammar.github.io/illustrated-bert/



Types of Pre-Training
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Encoder only

Encoder-decoder

https://www.sciencedirect.com/science/article/pii/S2095809922006324

Decoder only




Encoder-Decoder: BART

- Bidirectional and Auto-Regressive Transformers (BART)

BART: Denoising Sequence-to-Sequence Pre-training for Natural
Language Generation, Translation, and Comprehension

Mike Lewis*, Yinhan Liu*, Naman Goyal*, Marjan Ghazvininejad,
Abdelrahman Mohamed, Omer Levy, Ves Stoyanov, Luke Zettlemoyer
Facebook Al

{mikelewis, yinhanliu, naman}@fb.com

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, 2020



Encoder-Decoder: BART

« Transformer Encoder-Decoder

-« Pre-training for generation tasks but can be also used for representations
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Denoising Autoencoder

Adding noise

Bidirectional

Encoder

-

Generate original input

ABCDE
R

R
A_B_E
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Decoder

TN

<s>A B



Denoising Objective

Token Masking

« A<mask>CD<mask>F. = ABCDEF.
Token Deletion

- ACDF. 2 ABCDEF.

Text Infilling

« A<mask>D<mask>F. - ABCDEF.
Sentence Permutation

- FG.ABC. DE. - ABC. DE. FG.
Document Rotation

- E.FG.ABC.D - ABC. DE. FG.



Denoising Autoencoder

Adding noise

Bidirectional

Encoder

-

Generate original input

ABCDE
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R
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Fine-Tuning: Sentence-Level Tasks

label
+
Pre-trained ‘:> Pre-trained
- Encoder - Decoder .
FErTt FrETd
ABCDE <sSABCDE



Fine-Tuning: Sequence-to-Sequence

ABCDE
£ 4444
Bidirectional :> Autoregressive
<_Encoder Decoder
EEEE Frrfs

VWXY Z <s>ABCD
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Comparable Performance on Classification Tasks

SQuAD 1.1 SQuAD 2.0 MNLI SST QQP OQNLI STS-B RTE MRPC ColA
EM/F1 EM/F1 m/mm Acc Acc Acc Acc Acc Acc Mcc

BERT 84.1/90.9 79.0/81.8 86.6/- 932 913 92.3 90.0 70.4 88.0 60.6
RoBERTa  88.9/94.6 86.5/89.4  90.2/90.2 964 922  94.7 92.4 86.6 90.9 68.0
BART 88.8/94.6 86.1/89.2  89.9/90.1 96.6 925 949 912  87.0 90.4 62.8
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Better Performance on Generation Tasks

Summarization

CNN/DailyMail XSum
R1 R2 RL R1 R2 RL
Lead-3 4042 17.62 36.67 1630 1.60 11.95
PTGEN (See et al., 2017) 3644 15.66 3342 2970 921 2324
PTGEN+COV (See et al., 2017) 3953 1728 36.38 28.10 8.02 21.72
UniLM 43.33 20.21 40.51 - - -
BERTSUMABS (Liu & Lapata, 2019) 41.72 1939 38.76 38.76 16.33 31.15
BERTSUMEXTABS (Liu & Lapata, 2019) 42.13 19.60 39.18 38.81 16.50 31.27
BART 44.16 21.28 4090 45.14 22.27 37.25
Question Answering
Translation
ELIS
R1 R2 RL RO-EN
Best Extractive 235 31 175 Baseline 36.80
Language Model 27.8 47 23.1 Fixed BART 36.29
Seq2Seq 283 5.1 228 Tuned BART  37.96
Seq2Seq Multitask 289 54  23.1
BART 306 6.2 243




Use BART

w  Hugging Face

- BART-base
- 6 layers for both encoder and decoder, hidden size = 768, 12 attention heads
« # parameters = 139M
- BART-large
- 12 layers for both encoder and decoder, hidden size = 1024, 16 attention heads
« # parameters = 406M

13



Encoder-Decoder: T5

« Text-to-Text Transfer Transformer (T5)

Exploring the Limits of Transfer Learning with a Unified
Text-to-Text Transformer

Colin Raffel*
Noam Shazeer*
Adam Roberts*
Katherine Lee*
Sharan Narang
Michael Matena
Yanqi Zhou
Wei Li

Peter J. Liu

Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer, 2020

CRAFFEL@QGMAIL.COM
NOAM@QGOOGLE.COM
ADAROB@GOOGLE.COM
KATHERINELEE@QGOOGLE.COM
SHARANNARANG@GOOGLE.COM
MMATENA@GOOGLE.COM
YANQIZQGOOGLE.COM
MWEILIQGOOGLE.COM

PETERJLIUQGOOGLE.COM
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Motivation: BART

ABCDE label
L4 f44
Bidirectional |:> Autoregressive Pre-trained |::> Pre-trained
Encoder = Decoder " Encoder Decoder
-4 - _
EREEY FE 1] Frres FEffd
VW XY Z <s>SABCD ABCD <s>SABCDE

Different ways when considering classification and seq2seq generation

15



Convert Everything to Text-to-Text Tasks

ABCDE
EERY
Bidirectional Autoregressive)

Encoder 5 Decoder

LR FEfid

VW XY Z <s>SABCD

>

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

"Das ist gut."]

"cola sentence: The
course is jumping well.”

"not acceptable"]

on the grass. sentence2: A rhino

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

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

"summarize: state authorities
dispatched emergency crews tuesday to

J

survey the damage after an onslaught
of severe weather in mississippi.."

16



Masked Span Reconstruction (Seq2Seq Version)

Original text

Thank you fef inviting me to your party [ast week.

- 5D >

Thank you <X> me to your party <Y> week.

Targets
<X> for inviting <Y> last <7>

17



Multi-Task Learning

- Convert everything to text-to-text tasks
 Jointly fine-tune them together

18



Multi-Task Learning

D.7 SST2
Original input:

Sentence: it confirms fincher ’s status as a film maker who artfully bends
technical know-how to the service of psychological insight .

Processed input:| sst2 sentence: |it confirms fincher ’s status as a film maker
who artfully bends technical know-how to the service of psychological insight

Original target: 1

Processed target: positive

19



Multi-Task Learning

D.4 MRPC

Original input:

Sentence 1: We acted because we saw the existing evidence in a new light ,
through the prism of our experience on 11 September , " Rumsfeld said .

Sentence 2: Rather , the US acted because the administration saw " existing
evidence in a new light , through the prism of our experience on September

11 n

Processed input:

mrpc sentencel:

We acted because we saw the existing evidence

in a new light , through the prism of our experience on 11 September , " Rumsfeld
said . sentence2: Rather , the US acted because the administration saw "

existing evidence in a new light , through the prism of our experience on

September 11 "

Original target: 1

Processed target: equivalent

20



Multi-Task Learning

D.16 WMT English to German

Original input: "Luigi often said to me that he never wanted the brothers to end
up in court," she wrote.

Processed input:| translate English to German:| "Luigi often said to me that he
never wanted the brothers to end up in court," she wrote.

Original target: "Luigi sagte oft zu mir, dass er nie wollte, dass die Briider
vor Gericht landen", schrieb sie.

Processed target: "Luigi sagte oft zu mir, dass er nie wollte, dass die Briider
vor Gericht landen", schrieb sie.

21



Relative Position




Fine-Tuning: Text-to-Text For Everything

ABCDE
b £ 4414
Bidirectional Autoregressive
Encoder Decoder

LR FEfid

VW XY Z <s>SABCD

>

[ "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."

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

"summarize: state authorities
dispatched emergency crews tuesday to

J

survey the damage after an onslaught
of severe weather in mississippi.."
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Promising Results

QQP QQP MNLI-m MNLI-mm QNLI RTE WNLI
Model F1 Accuracy Accuracy  Accuracy  Accuracy Accuracy Accuracy
Previous best  74.8° 90.7° 91.3¢ 91.0¢ 99.2¢ 89.2¢ 91.8¢
T5-Small 70.0 88.0 82.4 82.3 90.3 69.9 69.2
T5-Base 72.6 89.4 87.1 86.2 93.7 80.1 78.8
T5-Large 73.9 89.9 89.9 89.6 94.8 87.2 85.6
T5-3B 74.4 89.7 91.4 91.2 96.3 91.1 89.7
T5-11B 75.1 90.6 92.2 91.9 96.9 92.8 94.5
SQuAD SQuAD SuperGLUE BoolQ CB CB COPA
Model EM F1 Average Accuracy F1  Accuracy Accuracy
Previous best ~ 90.1° 95.5 84.67 87.1% 905  95.2¢ 90.6°
T5-Small 79.10 87.24 63.3 76.4 56.9 81.6 46.0
TbH-Base 85.44 92.08 76.2 81.4 86.2 94.0 71.2
T5-Large 86.66 93.79 82.3 85.4 91.6 94.8 83.4
T5-3B 88.53 94.95 86.4 89.9 90.3 94.4 92.0
T5-11B 91.26 96.22 88.9 91.2 93.9 96.8 94.8
MultiRC MultiRC ReCoRD ReCoRD RTE WiC WSC
Model Fla EM F1 Accuracy Accuracy Accuracy Accuracy
Previous best ~ 84.4¢ 52.5° 90.6 90.0¢ 88.27 69.9 89.0¢
T5-Small 69.3 26.3 56.3 55.4 73.3 66.9 70.5
T5-Base 79.7 43.1 75.0 74.2 81.5 68.3 80.8
T5-Large 83.3 50.7 86.8 85.9 87.8 69.3 86.3
T5-3B 86.8 58.3 91.2 90.4 90.7 72.1 90.4

T5-11B 88.1 63.3 94.1 93.4 92.5 76.9 93.8




Use T5

T5-small:

« # parameters = 60M
T5-base:

« # parameters = 220M

- T5-large:

« # parameters= 7/0M
« 15-3B: #

« parameters = 3B
« [5-11B:

« # parameters= 11B

Hugging Face

25



Types of Pre-Training
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Encoder only

https://www.sciencedirect.com/science/article/pii/S2095809922006324

Encoder-decoder

Decoder only
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Language Modeling

- Next word prediction
- Trained with large corpus

ABCDE
NREE

Autoregressive
Decoder

TN

<s>A B
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Decoder-Only: Generative Pre-trained Transformer (GPT)

- Improving Language Understanding by Generative Pre-Training, OpenAl
2018

- Generative Pre-trained Transformer (GPT)

- Language Models are Unsupervised Multitask Learners, OpenAl 2019
« GPT-2

- Language Models are Few-Shot Learners, OpenAl 2020
« GPT-3

28



GPT-3

- Even larger training data, even larger model size

175B parameters

o
1]
1.5B :
@
<
0 o
o
E 1 17 M E G PT_ 2
S o
- <
M GPT-1
512 token size 1024 token size 2048 token size

29



From Text Representations to Text Generation

- BERT provides a good weight initialization (text representations) for fine-
tuning classification tasks

Start/End Span O B-PER O
99— 5
) () e )77 ) [ﬁ[{ I -] *
BERT BERT
Ecs || E; | - Ey || Esem || Ei |~ | B Ecrs E, E, E,
——{r -1 iy i S N = i

s N N ™
[CLS] | | T?k | e ( T:k W [ [SEP] ] [ T?k W . TI':IR [CLS] Tok 1 Tok 2 ees Tok N
| | | |
| |

Question Paragraph Single Sentence



From Text Representations to Text Generation

- BART provides a good weight initialization (text representations) for fine-

tuning classification tasks

Pre-trained

- Encoder .-

EREE
ABCDE

P

label

f

Pre-trained
Decoder .

FEffed
<sSABCDE
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From Text Representations to Text Generation

- BART also provides a good weight initialization for fine-tuning generation
tasks

ABCDE
£ 4444
Bidirectional ::> Autoregressive

- Encoder . Decoder

EREE TTrft

VW XY Z <s>A B
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From Text Representations to Text Generation

- T5 provides a good weight initialization for fine-tuning both classification
and generation tasks via generation framework

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

[ "cola sentence: The

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

"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.”

33



From Text Representations to Text Generation

- GPT provides a good weight initialization for fine-tuning both classification
and generation tasks via generation framework

ABCDE
b4 K44

Autoregressive
Decoder

TN

<s>A B

' R
| S
N
— ) N/

N

r N\ N ~
\. J J o\ J
N\ N N
J J\ J/

.\_)

Causal Masking
34



Encoder-Decoder vs. Decoder Only

ABCDE ABCDE
b £ 4414 $ £ 444
Bidirectional —> Autoregressive Autoregressive
<_Encoder Decoder Decoder
FFfrs Frrfd Frfft

VW XY Z <s>SABCD <s>SABCD



Large Language Models
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Scaling Is The Key

(A) Math word (B) Instruction
problems following (C) 8-digit addition %3 (D) Calibration
25 =
= o 70 100 2!
& <10} Instruction Scratchpad [ 100 -
: 20 + Chai . CS tuning — 80 é}i
% thought % 60 |- § -g
= 15 o > 60 | )
8 % o0 No % g Lct‘tcr
Qﬁ 10 + instruction E 40 E‘F choices
M D tuning 8 [o70]
. = 40 < =
= . Z 20 _ ~ 0l b
@) No chain o No m 10
of though scratchpad
CRE R 0 o 2 R
1021 1022 1023 1024 1021 1022 1023 1024 1019 1020 1021 1022 10%% 1024

Model scale (training FLOPs)

Emergent Abilities of Large Language Models, 2022



/Zero-Shot Prompting

« Prompt - Completion

« Continue writing

This place is incredible! The lobster is the best I've ever
had. The sentiment of the above sentence is

positive.

Completion

38



/Zero-Shot Prompting

« Prompt - Completion

« Continue writing

Stephen Curry’s clutch barrage seals another Olympic
gold for USA. The topic of the above sentence is

Completion

39



A New Way to Use NLP Models

- Task-specific features + task-specific model
- General embeddings + task-specific model
- General embeddings + general model + task-specific fine-tuning
- General embeddings + general model + task-specific prompting

40



/Zero-Shot Prompting

This place is incredible! The lobster is the best I've ever

had. The sentiment of the above sentence is gold for USA. The topic of the above sentence is

Completion

Any |ssues?

Stephen Curry’s clutch barrage seals another Olympic

Completion

41



/Zero-Shot Prompting

« Prompt = Completion

« Continue writing

Prompt
Translate English to French: '
| cheese
IS tasty
Completion

42



Few-Shot Prompting / In-Context Learning

Translate English to French:
sea otter => loutre de mer
peppermint => menthe poivrée
plush girafe => girafe peluche

cheese =>

Language Models are Few-Shot Learners, 2020

task description

examples

Few-Shot Examples
In-context Learning Examples
Demonstration Examples
Demonstrations

prompt

43



Few-Shot Prompting / In-Context Learning

Input: 2014-06-01 -
Output: !06!01!2014!
Input: 2007-12-13
Output: !112113!12007!
Input: 2010-09-23
Output: !09!2312010! _
Input: 2005-07-23 test example
Output: !'67!2312005!

in-context
examples

« — — model completion

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

Accuracy (%)

Unnatural Date Formatting: !'<month>!<day>!<year>!

62.3%

Accuracy
984% 99.5% 99.7% 99.9% 99.9%  99.9%

95.3%

m— Ada
Babbage
Curie
Davinci

4 6 8 10 12 14
Number of in-context examples

44



Few-Shot Prompting / In-Context Learning

Demonstrations
Circulation revenue has increased by 5% in Finland. \n
Panostaja did not disclose the purchase price. \n

Paying off the national debt will be extremely painful. \n
The acquisition will have an immediate positive impact. \n

Test input E

}

Prediction  Positive

Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?, 2022

Positive
Neutral
Negative




Few-Shot Prompting / In-Context Learning

Zero-shot One-shot Few-shot

l l T .

Natural Language

60 Prompt

Accuracy (%)

Number of Examples in Context (K)

Language Models are Few-Shot Learners, 2020

175B Params

13B Params

1.3B Params
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Many-Shot In-Context Learning

Many-Shot In-Context Learning, 2024

Test chrF2++ (%)

Google DeepMind

2024-10-18

Many-Shot In-Context Learning

Rishabh Agarwal*, Avi Singh*, Lei M. Zhangf, Bernd Bohnet', Luis Rosias’, Stephanie C.Y. Chan', Biao
Zhang?, Ankesh Anand , Zaheer Abbas , Azade Nova , John D. Co-Reyes , Eric Chu , Feryal Behbahani,
Aleksandra Faust and Hugo Larochelle

*Contributed equally, "Key contribution

Many-shot ICL: Machine Translation Many-shot ICL: Summarization
PEGASUS (Fine-tuned on XSum)
English - Bemba
45 Engllsh - Kurdish _|| 30 mT5 (Fine-tuned on XLSum)
i
)
_ ———o— "~ _Google Translate (SOTA) S
40 O 25
x
NLLB (SOTA) i
35 i
= 20 GEM-XSum
30 —— XLSum (Transfer}
20 21 22 23 24 25 26 27 28 29 210 21 23 25 27 29
Number of Shots (K) Number of Shots (K)
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What Makes In-Context Learning Work?

- Still an open research problem

Signal for Bayesian inference

Input distribution Output space
| Circulation revenue has increased by 5% in Finland. \n Neutral |
| Panostaja did not disclose the purchase price. \n Negative J Format

| Paying off the national debt will be extremely painful. \n Paositive |

\—/
lnput-Mpping

Random outputs add noise,
but doesn’t remove all signals
for Bayesian inference

X i | y —
demonstrative/mput; moving and important. ~Output: Positive.
samples ,-Input: excruciatingly unfunny and pitifully unromantic. ~Output: Negative.

Input: the plot is nothing but boilerplate clichés from start to finish. | -Output: Negative.

test input I-r.'n.put: intelligent and moving Output:

v 70%: “Positive”

K(x:, x ,
i’ Xtest) > 5} = El ( : test)y j‘
(similarity kernel) 2 K(x; Xy)

https://ai.stanford.edu/blog/understanding-incontext/ Understanding Emergent In-Context Learning from a Kernel Regression Perspective,2025



What Makes In-Context Learning Work?

- Still an open research problem

Transformers Learn In-Context by Gradient Descent

Johannes von Oswald ! 2 Eyvind Niklasson” Ettore Randazzo? Jodo Sacramento
Alexander Mordvintsev? Andrey Zhmoginov? Max Vladymyrov >

 —
to (mquer_vj‘
|

Find .

- . . Thcontext ;
s.t.  to(Tquery; D ) = Yquery

— Transformer HJ

o HEEEEE

t t' ( uer
st (W — Vi L(D™™)) fo (iest) ~ Yrest [ Do ] | Pauery |

Transformers learn in-context by gradient descent, 2022

Loss

1

== Gradient descent
4 Trained Transformer

0 20 40
GD Steps / Transformer Layers

49



Chain-of-Thought (CoT) Prompting

 Provide reasoning chain improves performance

Standard Prompting

BT

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?

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many

~

)

A: The answer is 27. x

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, 2022

N .

Chain-of-Thought Prompting

~

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?

The
answer is 9. /

50



Chain-of-Thought (CoT) Prompting

CSQA StrategyQA

100 0 80
80 80 60
Q
= 60 70 40
Q
-
240 | 60 20
# 9]

20 50 0

8 62540 8 62540

Date

8 62540

100
80
60

40

Sports

I S N

8 62540

Model scale (# parameters in billions)

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, 2022

100
80
60
40
20

SayCan

1 I

8 62540

—e— Standard prompting
—6— Chain of thought

Prior supervised best
- = = Human
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What Makes Chain-of-Thought Work?

- Explicit reasoning steps

- Models can think
- Knowledge expansion

- Model can retrieve and use internal knowledge
 Possibility to refine answers

« Model can do self-correction

52



(a) Few-shot

Q/:Roger has 5 tennis balls. He buys 2 more cans of te®

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

. /

(c) Zero-shot

6: A juggler can juggle 16 balls. Half of the balls are golf balla
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) 8 X

/ero-Shot Chain-of-Thought Prompting

(b) Few-shot-CoT

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

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf

- /

Large Language Models are Zero-Shot Reasoners, 2022

balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
We. So there are 8/ 2 = 4 blue golf balls. The answer is 4. //

(d) Zero-shot-CoT (Ours)

ﬂ): A juggler can juggle 16 balls. Half of the balls are golf balls}
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(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. v /
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/ero-Shot Chain-of-Thought Prompting

MultiArith GSMS8K

Zero-Shot 17.7 10.4
Few-Shot (2 samples) 33.7 15.6
Few-Shot (8 samples) 33.8 15.6
Zero-Shot-CoT 78.7 40.7
Few-Shot-CoT (2 samples) 84.8 41.3
Few-Shot-CoT (4 samples : First) (*1) 89.2 -
Few-Shot-CoT (4 samples : Second) (*1) 90.5 -
Few-Shot-CoT (8 samples) 93.0 48.7
Zero-Plus-Few-Shot-CoT (8 samples) (*2) 92.8 51.5
Finetuned GPT-3 175B [Wei et al.,|2022]] - 33
Finetuned GPT-3 175B + verifier [Wei et al., 2022 - 55
PalLM 540B: Zero-Shot 25.5 12.5
PalLM 540B: Zero-Shot-CoT 66.1 43.0
PalLM 540B: Zero-Shot-CoT + self consistency 89.0 70.1
PalLM 540B: Few-Shot [Wei et al.,|2022]] - 17.9
PalLM 540B: Few-Shot-CoT [Wei et al., 2022] - 56.9
PalLM 540B: Few-Shot-CoT + self consistency [Wang et al., 2022] - 74.4

Large Language Models are Zero-Shot Reasoners, 2022
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Tree-of-Thoughts

............

......

| e@e-

Y

N

(a) Input-Output  (c) Chain of Thought
Prompting (10) Prompting (CoT)

Tree of Thoughts: Deliberate Problem Solving with Large Language Models, 2023

J
Y Majority vote

(c) Self Consistency
with CoT (CoT-SC)

......

(d) Tree of Thoughts (ToT)
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Graph-of-Thoughts

Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT)

-Thought
(CoT)

(This work]

II'lpllt Input Backtracking Refining

' Branching out . from a chain
from a chain i

Input

j(:t/ ¥

N\
ST
AN ?

.

) -

)

J ’ Aggregating —— Aggregating
chains thoughts
Key novel
Olltpllt (bgond CtzT-SC): OUtp UL Key novelty (beyond ToT):
Generating several Arbitrary graph-based thought Output
Key ty Selectin new thoughts based Intermediate transformations (aggregatin
Key novelty: (beyond CoT): o ohain by on a given arbitrary thoughts are thoushts i ggregating
Intermediate Harnessing multiple the best score thought, exploring also scored Dl.lg tS Into a new one,
LLM thoughts independent chains it further, and possibly looping over a thought to
within a chain of thoughts backtracking from it refine it)

Graph of Thoughts: Solving Elaborate Problems with Large Language Models, 2023



Model Reasoning is The Key

ﬁl: A juggler can juggle 16 balls. Half of the balls are golf ballsm
and half of the golf balls are blue. How many blue golf balls are
there?
A: Let’s think step by step.

(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. v /

How to encourage model to generate
better reasoning chain?
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Reasoning Models

Question: If a > 1, then the sum of the real solutions of ya — ya +x = x is equal to

Response: <think>
To solve the equation ya — va + x = x, let’s start by squaring both - - -

2
( a—va+x) =x2 — a- a+x=x2.

Rearrange to isolate the inner square root term:
(a-x2)?=a+x = d®-2a*+(x*)? =a+x = x*-2ax®>—x+(a®-a)=0

Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum canbe - - -
We started with the equation:
Va—-+Va+x=x

First, let’s square both sides:
a—Va+x=x2 == a+x=a—Xx
Next, I could square both sides again, treating the equation: - - -

2

https://developers.openai.com/api/docs/models/compare
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, 2025

GPT-5.2 <

The best model for coding and agentic tasks
across industries

Learn more

Playground

Reasoning ( 3 N N N )
Speed Y 4 4
Input (GRS RN
Output G] & & &
Reasoning tokens Q

GPT-4.1 <

GPT-441

Smartest non-reasoning model

Learn more

Playground

Intelligence (X X N J
Speed Y44
Input ) & &
Output ORAN
Reasoning tokens @

o4-mini <

Fast, cost-efficient reasoning model, succeeded
by GPT-5 mini

Learn more

Playground

Reasoning [ X X N }
Speed 4 4 4
Input [GEN] & &
Output @ & X &

Reasoning tokens Q
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Text Similarity

Semantic Textual Similarity

| like my phone
Your cellphone looks great.

Will it snow tomorrow?

Hurricanes have hit the US 0.4
How old are you?

0.2
what is your age?

0.0

| like my phone

Your cellphone looks great.
Will it snow tomorrow?
Hurricanes have hit the US
How old are you?

what is your age?
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Document Clustering

Disorganized
Documents

https://medium.com/@danielafrimi/text-clustering-using-nlp-techniques-c2e6b08b6e95

g Text Clustering

Technology

Entertainment

Sports
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Information Retrieval

GO gle texas a&m X
Al News Images Maps Videos Shopping Forums i More
=, Texas A&M

https://www.tamu.edu 3

Texas A&M University

Howdy from Texas A&M University. Texas A&M University is an engine of imagination, learning,
discovery and innovation. Here, you'll learn essential career ...

i3 Texas A&M Athletics
https://12thman.com

Texas A&M Athletics - 12thMan.com

The official athletics website for the Texas A&M Aggies.
Football - Staff Directory - 2024 Football Schedule - Composite Calendar

Texas A&M University-Corpus Christi
https://www.tamucc.edu :
Texas A&M University-Corpus Christi: Welcome Home

Welcome to THE ISLAND! Discover the Island University, the only university in the nation located
on its own island, at the heart of the Texas Gulf Coast.

i3 Texas A&M Athletics
https://12thman.com » sports » football » schedule

2024 Football Schedule

2024 Football Schedule - Early: Game will have a start time between 11AM-Noon CT -
Afternoon: Game will have a start time between 2:30PM — 3:30PM CT - Night: ...

https://www.google.com/

=

%)

Tools
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Recommendation Systems

Your recently viewed items and featured recommendations

Sponsored products related to this search What's this? ~

All-new Echo Show (2nd
Gen) + Ring Video Doorbell
2- Charcoal

1 offer from $428.99

Explore more from across the store

ACToNANL
GAMIFICATION

YU-KAI CHOU

Actionable Gamification:
Beyond Points, Badges..,
> Yu-kai Chou

https://www.amazon.com/

AmazonBasics Microwave,
Small, 0.7 Cu. Ft, 700w,
Works with Alexa

WA KA 1375
$59.99 vprime

The Model Thinker: What
You Need to Know to...
» Scott E. Page

O,

an

Echo Look | Hands-Free
Camera and Style
Assistant with Alexa—
includes Style Check to...
Wi W frvy 413
$99.99 sprime

Steve Krug

Don't Make Me Think,
Revisited: A Common...

» Steve Krug

Sonos Beam - Smart TV
Sound Bar with Amazon
Alexa Built-in - Black
v i vy 474
$399.00 vprime

HOOKED
o

Hooked: How to Build
Habit-Forming Products
» Nir Eyal

Echo Wall Clock - see
timers at a glance -
requires compatible Echo
device

Wi fr vryy 1.231
$29.99 sprime

Microservices Patterns:
With examples in Java
» Chris Richardson

Echo Spot Adjustable
Stand - Black

¥ vy oy Wy fy 933
$19.99 vprime

SOLVING
PRODUCT
DESIGN
EXERCISES

Guestions & Answers

Solving Product Design
Exercises; Questions &...
» Artiom Dashinsky

AHASTYLE Wall Mount
Hanger Holder ABS for
New Dot 3rd Generation
Smart Home Speakers...
Wi el i 12

$10.99 vprime

|[ococccecoe

100 Things Every Designer
Needs to Know About...
Susan Weinschenk

Page 10of 3

!

Angel Statue Crafted
Stand Holder for Amazon
Echo Dot 3rd
Generation,Aleax Smart...
ol e e iy 57

$25.99 yprime

Page 1of 6

Infinity
» Jonathan Hickman

i W vy 182
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Semantic Quality Control

Paraphrase generation

We will go hiking if tomorrow is a sunny day.

If it is sunny tomorrow, we will go hiking.

Style transfer

Plagiarism detection
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In-Context Example Selection

Translate English to French:

sea otter => loutre de mer

peppermint => menthe poivrée

plush girafe => girafe peluche

cheese =>

Language Models are Few-Shot Learners, 2020

task description

examples

In-context learning examples
Demonstration examples

prompt
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Semantic Textual Similarity Benchmark

A soccer player is kicking the soccer
ball into the goal from a long way
down the field.

A soccer player kicks the ball into
the goal.

Earlier this month, RIM had said it

expected to report second-quarter

earnings of between 7 cents and 11
cents a share.

Excluding legal fees and other
charges it expected a loss of
between 1 and 4 cents a share.

David Beckham Announces David Beckham retires from
Retirement From Soccer. football.

3.25

1.2

4.4

3.94

0.5

3.8
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Pearson’s Correlation Coefficient

D VG [
V(@ —2)° Y (y; - 3)°

T = correlation coefficient

L = values of the x-variable in a sample
I = mean of the values of the x-variable
Yi = values of the y-variable in a sample
Y = mean of the values of the y-variable

r=10.7

v

r=10.3

r=-0.7

L 4

r=-0.3.

w

L J

https://statistics.laerd.com/statistical-guides/pearson-correlation-coefficient-statistical-guide.php

h 4

¥
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Spearman’s Correlation Coefficient

Pearson’s correlation coefficient on rank

Score

« Human: [1.2, 3.4, 2.5, 0.7, 4.0]

« Machine: [0.5,3.3,1.0, 1.2, 3.4]
Rank

« Human: [4, 2, 3, 5, 1]

« Machine: [5, 2, 4, 3, 1]

Assesses monotonic relationships

« whether linear or not

https://en.wikipedia.org/wiki/Spearman%27s_rank_correlation_coefficient

—10

—15

Spearman correlation=1

Pearson correlation=0.88
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A Simple Approach: Text Encoder + Cosine Similarity

BERT
Ercs E, E Ex
e s o —{
[CLS] Tok 1 Tok 2 Tok N

Single Sentence

E; = Encoder(S;)

E, = Encoder(S,)

+*—% %
) ‘
BERT
E[CLS] E1 Ez EN
[CLS] Tok 1 Tok 2 Tok N
| | |
Single Sentence
Ey - By
Similarity(Sy, S,) =
U IENE,N

Unfortunately, the performance is bad (why?)
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A Simple Approach: Text Encoder + Cosine Similarity

]

. .
5 IZT

(

-

BERT

‘\

)

If it is sunny tomorrow, we will go hiking.

We will go hiking if tomorrow is a sunny day.

f

[CLS] Lets  stick

I

!

T

I

[MASK]

Let’s go to hike once tomorrow is sunny.

1

j

]

Pre-trained BERT embeddings are more
about lexical information

Good classification performance # Good similarity
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Sentence-BERT

« Consider SNLI dataset

- Stanford Natural Language Inference

A boy is jumping on skateboard in
the middle of a red bridge.

A boy is jumping on skateboard in
the middle of a red bridge.

A boy is jumping on skateboard in
the middle of a red bridge.

The boy skates down the sidewalk.

The boy is wearing safety equipment.

The boy does a skateboarding trick.

Contradiction

Neutral

Entailment

70



Sentence-BERT

Contradiction

Neutral

Entailment

Softmax classifier

*

(U, Vv, |U-V|)

/\

u Y
A A
pooling pooling
) )
BERT BERT
f f
Sentence A Sentence B

Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks

cosine-sim(u, v)

4f”///"kxxx“~,

u

7y

Vv

pooling

7y

3

pooling

BERT

3

Sentence A

BERT

?

Sentence B
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Sentence-BERT

Contradiction Neutral

Entailment

Softmax classifier

*

(U, Vv, |U-V|)

/\

u Vv
A A
pooling pooling
4 4
BERT BERT

f

Sentence A

Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks

f

Sentence B

Cross Entropy Loss

o = softmax(Wy(u, v, |u — v|))

Triplet Loss

maz(||sa — sp|| = |[sa — sn|| +€,0)
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Sentence-BERT

If it is sunny tomorrow, we will go hiking.

l 'L\et’s go to hike once tomorrow is sunny.
/ -
|

We will go hiking if tomorrow is a sunny day.
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Sentence-BERT: Performance

Model STS12 | STS13 | STS14 | STS15 | STS16 | STSb | SICK-R || Avg.
Avg. GloVe embeddings 55.14 70.66 59.73 68.25 63.66 | 58.02 53.76 61.32
Avg. BERT embeddings 38.78 57.98 57.98 63.15 61.06 | 46.35 58.40 54.81
BERT CLS-vector 20.16 30.01 20.09 36.88 38.08 16.50 42.63 29.19
InferSent - Glove 52.86 66.75 62.15 72.77 66.87 | 68.03 65.65 65.01
Universal Sentence Encoder | 64.49 67.80 64.61 76.83 73.18 74.92 76.69 71.22
SBERT-NLI-base 70.97 76.53 73.19 79.09 74.30 | 77.03 7291 74.89
SBERT-NLI-large 72.27 78.46 74.90 80.99 76.25 79.23 73.75 76.55
SRoBERTa-NLI-base 71.54 72.49 70.80 78.74 73.69 | 77.77 74.46 74.21
SRoBERTa-NLI-large 74.53 77.00 73.18 81.85 76.82 79.10 74.29 76.68
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SentenceTransformers

« https://sbert.net/

from sentence_transformers import SentenceTransformer

# 1. Load a pretrained Sentence Transformer model
model = SentenceTransformer("all-MinilM-L6-v2")

# The sentences to encode
sentences = [
"The weather is lovely today.",
"It's so sunny outside!",
"He drove to the stadium.",

# 2. Calculate embeddings by calling model.encode()
embeddings = model.encode(sentences)
print(embeddings.shape)

# [3, 384]

# 3. Calculate the embedding similarities

similarities = model.similarity(embeddings, embeddings)
print(similarities)

# tensor([[1.0000, 0.6660, 0.1046],

# [0.6660, 1.0000, 0.1411],

# [0.1046, 0.1411, 1.0000]])
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https://sbert.net/
https://sbert.net/

SIMmCSE

- Simple Contrastive Learning of Sentence Embeddings

-1...1
A

cosine-sim(u, v)

/\

u vV
A A
pooling pooling
) )
BERT BERT
3
Sentence A Sentence B

l;

Contrastive Loss

log

esim(hi ,h;'_)/T

2.

N

j=1

. . +
esnfn(hz,hj )/ T
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SImCSE: Supervised Contrastive Learning

Sentence 1A

Sentence 1B

Sentence 2A

Sentence 3A

Sentence 4A

Sentence 5A

Sentence 2B

Sentence 3B

Sentence 4B

Sentence 5B

Positive
Negative
Negative
Negative

Negative

Contrastive Loss

l; = —log

esim(h;,h) /7

2.

N

j=1

. ) _l_
esml(hZ ,hj )/ T
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SImCSE: Supervised Contrastive Learning

Sentence 1A

Sentence 1B

Sentence 2A

Sentence 3A

Sentence 4A

Sentence 5A

Sentence 2B

Sentence 3B

Sentence 4B

Sentence 5B

Positive

Contrastive Loss

l; = —log

esim(h;,h) /7

2.

;v_ . esim(h,;,hj) /T
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SImCSE: Supervised Contrastive Learning

Sentence 1A

Sentence 1B

Sentence 2A

Sentence 3A

Sentence 4A

Sentence 5A

Sentence 2B

Sentence 3B

Sentence 4B

Sentence 5B

Positive
Negative
Negative
Negative

Negative

Contrastive Loss

l; = —log

esim(h;,h) /7

2.

N

j=1

. ) _l_
esml(hZ ,hj )/ T
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SImCSE: Supervised Contrastive Learning

Sentence 1A

Sentence 1B

Sentence 2A

Sentence 2B

Sentence 3A

Sentence 4A

Sentence 5A

Sentence 3B

Sentence 4B

Sentence 5B

Negative
Positive
Negative
Negative

Negative

Contrastive Loss

l; = —log

esim(h;,h) /7

2.

N

j=1

. ) _l_
esml(hZ ,hj )/ T

80



SImCSE: Supervised Contrastive Learning

Sentence 1A

Sentence 1B

Sentence 2A

Sentence 2B

Sentence 3A

Sentence 4A

Sentence 5A

Sentence 3B

Sentence 4B

Sentence 5B

Positive

Contrastive Loss

l; = —log

esim(h;,h) /7

2.

;v_ . esim(h,;,hj) /T
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SImCSE: Supervised Contrastive Learning

Sentence 1A

Sentence 1B

Sentence 2A

Sentence 2B

Sentence 3A

Sentence 4A

Sentence 5A

Sentence 3B

Sentence 4B

Sentence 5B

Negative
Positive
Negative
Negative

Negative

Contrastive Loss

l; = —log

esim(h;,h) /7

2.

N

j=1

. ) _l_
esml(hZ ,hj )/ T
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SImCSE: Supervised Contrastive Learning

If it is sunny tomorrow, we will go hiking.

H <« | like to study large language models.

-
l/\.

Let’s go to hike once tomorrow is sunny.

We will go hiking if tomorrow is a sunny day.
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SimCSE: Performance

Supervised models
InferSent-GloVe® 52.86 66.75 62.15 72.77 66.87 68.03 65.65 65.01
Universal Sentence Encoder™® 64.49 67.80 64.61 76.83 73.18 74.92 76.69 71.22
SBERT,...* 70.97 76.53 73.19 79.09 74.30 77.03 7291 74.89
SBERT,.s.-flow 69.78 77.27 74.35 82.01 77.46 79.12 76.21 76.60
SBERT} 25.-Whitening 69.65 77.57 74.66 82.27 78.39 79.52 76.91 77.00
CT-SBERTy.se 74.84 83.20 78.07 83.84 77.93 81.46 76.42 79.39
* SINCSE-BERT.sc 75.30 84.67 80.19 85.40 80.82 84.25 80.39 81.57
SRoBERTa,...* 71.54 72.49 70.80 78.74 73.69 77.77 74.46 74.21
SRoBERTay,s.-whitening 70.46 77.07 74.46 81.64 76.43 79.49 76.65 76.60
* SINCSE-RoBERTay . s 76.53 85.21 80.95 86.03 82.57 85.83 80.50 82.52
* SINCSE-RoBERTa; 4 4c 77.46 87.27 82.36 86.66 83.93 86.70 81.95 83.76
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Supervised Data

- Consider SNLI dataset
- Stanford Natural Language Inference

A boy is jumping on skateboard in

the middle of a red bridge. The boy skates down the sidewalk.

A boy is jumping on skateboard in

the middle of a red bridge. The boy is wearing safety equipment.

A boy is jumping on skateboard in

the middle of a red bridge. The boy does a skateboarding trick.

What if we don’t have supervised data?

Contradiction

Neutral

Entailment
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SIMCSE: Unsupervised Contrastive Learning

esim(h;,h) /7

Generate positive example with masking

If it is sunny tomorrow, we will go hiking. If [mask] is sunny tomorrow, we [mask] go hiking.

osim(h; h¥) /T

Sentence 1 Sentence 1’ Positive
Sentence 2 Negative Contrastive Loss
Sentence 3 Negative
. l; = —log
Sentence 4 Negative Z
Sentence 5 Negative
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Dropout

(X x—{
(CRX Hﬁ,wﬁ Hﬁ__\.
‘wﬁ«o«f f«o«#

KNS

ADK AR
(UL RS )
‘Jv :0.}‘. o0, XX %
/XKD ‘x (DR
(usn X-E0

»

2
NS
NN

(b) After applying dropout.

(a) Standard Neural Net

Generate positive example with neuron masking

87

nt Neural Networks from Overfitting

Dropout: A Simple Way to Preve



SIMCSE: Unsupervised Contrastive Learning

Sentence 1

Sentence 1’

Sentence 2

Sentence 3

Sentence 4

Sentence 5

Positive

Contrastive Loss

l; = —log

esim(h;,h) /7

2.

;v_ . esim(h,;,hj) /T
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SIMCSE: Unsupervised Contrastive Learning

Sentence 1 Sentence 1’
Sentence 2 Negative
Sentence 3 Negative
Sentence 4 Negative
Sentence 5 Negative

Positive

Contrastive Loss

esim(h;,h) /7

l; = —log : —
Z;'Vzl esml(hz-,hj )/ T
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SIMCSE: Unsupervised Contrastive Learning

Sentence 1

Sentence 2

Sentence 2’

Sentence 3

Sentence 4

Sentence 5

Positive

Contrastive Loss

l; = —log

esim(h;,h) /7

2.

;v_ . esim(h,;,hj) /T
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SIMCSE: Unsupervised Contrastive Learning

‘ Sentence 1 \

Negative

Sentence 2 Sentence 2’ Positive Contrastive Loss
e bt
Sentence 3 Negative / | esim(hg,hi") /7
L — 0
| ’ S[ N sim(h;,h}) /7

Sentence 4 Negative Zj:l €
Sentence 5 Negative
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SimCSE: Performance

Model STS12 STS13 STS14 STS1S STS16 STS-B  SICK-R  Avg.

Unsupervised models

GloVe embeddings (avg.)* 55.14  70.66 59.73 68.25 63.66 58.02 53.76 61.32

BERTy... (first-last avg.) 39.70 59.38 49.67 66.03 66.19 53.87 62.06 56.70
BERT}, s.-flow 58.40 67.10 60.85 75.16 71.22 68.66 64.47 66.55
BERT}5.-whitening 57.83 66.90 60.90 75.08 71.31 68.24 63.73 66.28
IS-BERT}...~ 56.77 69.24 61.21 75.23 70.16 69.21 64.25 66.58
CT-BERT,.se 61.63 76.80 68.47 77.50 76.48 74.31 69.19 72.05
* SINMCSE-BERT . sc 68.40 8241 74.38 80.91 78.56 76.85 72.23 76.25
RoBERTa,, ;. (first-last avg.)  40.88 58.74 49.07 65.63 61.48 58.55 61.63 56.57
RoBERTay,,s.-whitening 46.99 63.24 57.23 71.36 68.99 61.36 62.91 61.73
DeCLUTR-RoBERTay .5 52.41 75.19 65.52 77.12 78.63 72.41 68.62 69.99
* SINMCSE-RoBERTa, 5 70.16 81.77 73.24 81.36 80.65 80.22 68.56 76.57
* SIMCSE-RoBERTa, ;- ge 72.86 83.99 75.62 84.77 81.80 81.98 71.26 78.90
Supervised models
InferSent-GloVe® 52.86 66.75 62.15 72.77 66.87 68.03 65.65 65.01
Universal Sentence Encoder®  64.49 67.80 64.61 76.83 73.18 74.92 76.69 71.22
SBERT,...* 70.97 76.53 73.19 79.09 74.30 77.03 72.91 74.89
SBERT,.s.-flow 69.78 77.27 74.35 82.01 77.46 79.12 76.21 76.60
SBERT}.s.-whitening 69.65 77.57 74.66 82.27 78.39 79.52 76.91 77.00
CT-SBERTyase 74.84 83.20 78.07 83.84 77.93 81.46 76.42 79.39
* SIMCSE-BERT} 5 s¢ 75.30 84.67 80.19 85.40 80.82 84.25 80.39 81.57
SROBERTay ... * 71.54 72.49 70.80 78.74 73.69 77.717 74.46 74.21
SRoBERTay,,s.-whitening 70.46 77.07 74.46 81.64 76.43 79.49 76.65 76.60
* SIMCSE-RoBERTay,, s 76.53 85.21 80.95 86.03 82.57 85.83 80.50 82.52

* SImCSE-RoBERTa, ;. 7746  87.27 82.36 86.66 83.93 86.70 81.95 83.76




Questions?
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   E 1 = Encoder (  S 1 )


   E 2 = Encoder (  S 2 )


  Similarity  (   S 1 ,  S 2 ) =    E 1 ⋅  E 2   ‖   E 1 ‖  ‖   E 2 ‖

