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Prompt Engineering: Wizardry of the 2020s
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Prompt Engineering |-

Zero-shot Prompting [Radford er al., 2019]

)
Few-shot Prompting [Brown et al., 2020] ]
+ Chain-of-Thought (CoT) Prompting [Wei er al., 2022] |
 Automatic Chain-of-Thought (Auto-CoT) [Zhang et al., 2022] |
)
)
)
)

H Self-Consistency [Wang et al., 2022]

-{ Logical CoT (LogiCoT) Prompting [Zhao ef al., 2023]
-[ Chain-of-Symbol (CoS) Prompting [Hu er al., 2023]
-[ Tree-of-Thoughts (ToT) Prompting [Yao et al., 2023a]
H__ Graph-of-Thought (GoT) Prompting [Yao et al.. 2023b] )
H_ System 2 Attention Prompting [Wesion and Sukhbaatar, 2023] |
H__ Thread of Thought (ThoT) Prompting [Zhou er L., 2023] )
= Chain of Table Prompting [Wang er al., 2024]

_ Retrieval Augmented Generation (RAG) [Lewis ef al., 2020]

—

Reasoning and Logic §2.2 }.

P

ReAct Prompting [Yao er al., 2022]

—{ Reduce Hallucination §2.3 }-—{ Chain-of-Verification (CoVe) [Dhuliawala er al., 2023]
—[ Chain-of-Note (CoN) Prompting [Yu er al., 2023]
.[ Chain-of-Knowledge (CoK) Prompting [Li ef al., 2023d]

Active-Prompt [Diao er al., 2023]

(APE) [Zhou et al., 2022]

tic Prompt Engin

Automatic Reasoning

and Tool-use (ART) [Paranjape et al., 2023]

Knowledge-Based Reasoning and
Generation§2.6

Improving Consistency
and Coherence §2.7

Contrastive Chain-of-Thought
Prompting (CCoT) [Chia et al., 2023]

=L

Emotion Prompting [Li er al., 2023a]

Scratchpad Prompting [Nye er al., 2021]

Program of Thoughts (PoT) Prompting [Chen er al., 2022]
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Structured Chain-of-Thought
(SCoT) Prompting [Li er al., 2023¢]

Chain of Code (CoC) Prompting [Li e al., 2023b]

-[ Optimization and Efficiency §2.10 }_( Optimization by Prompting [Yang er al., 2023]

Rephrase and Respond (RaR) Prompting [Deng er al., 2023]
-[Mm and Self-Reflection §2.12H Take a Step Back Prompting [Zheng et al., 2023]

Taxonomy of Prompt
Engineering Techniques

A systematic survey, Sahoo et al, 2024 3


https://arxiv.org/abs/2402.07927

Few Shot Learning and In-Context Learning

e |n the context of prompt engineering,

e ... few shot learning == providing examples in prompt

[ Training

-~

Domain Transfer

—

M

)

~

( In-Context Learning /

Fine-Tuning J

Require many samples
Slow and expensive
Generates a new model
Bigger capacity

L Prompt Engineering

|

Few examples
Fast and cheap

Does not generate a new model
Depends on foundation model

/




Few-Shot (In-Context) Learning

Positive

Neutral

Negative




Chain-of-Thought

Standard 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?

J

N

A: The answer is 27. x

Wei et al. Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. 2022 — Google Brain

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

Co they have?

A:

answer is 9. J



https://arxiv.org/abs/2201.11903

Chain-of-Thought

—o— Standard prompting
—6— Chain-of-thought prompting
- = = Prior supervised best
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We explore how generating a chain of thought—a series of intermediate reasoning 2
steps—significantly improves the ability of large language models to perform 0

complex reasoning. In particular, we show how such reasoning abilities emerge
naturally in sufficiently large language models via a simple method called chain-of- 100
thought prompting, where a few chain of thought demonstrations are provided as i
exemplars in prompting.

Experiments on three large language models show that chain-of-thought prompting
improves performance on a range of arithmetic, commonsense, and symbolic
reasoning tasks. The empirical gains can be striking. For instance, prompting a
PalLM 540B with just eight chain-of-thought exemplars achieves state-of-the-art
accuracy on the GSM8K benchmark of math word problems, surpassing even
finetuned GPT-3 with a verifier.
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Chain-of-Thought

Standard Prompting

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?

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: 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: The answer is 27. x A

N

answeris 9. ¢/ j

This is not “standard prompting”. It's a
control setting in evaluation.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

True Standard Prompting

CoT implemented by
One-Shot In-Context Learning

The goal is to change the behavior of
LLM.

Question: Aside from the Apple Remote, what other device
can control the program Apple Remote was originally

designed to interact with?
(lc) Act-Only }—

Answer: iPod Act 1: Search[Apple Remote]

Obs 1: The Apple Remote is a
_(n;) CoT (Reason Only)

remote control ..
Thought: Let's think step

X
(L2 cor @amson onin |

Act 2: Search([Front Row]

by step. EpplelRemOLelwas] Obs 2: Could not find [Front
originally designed to| Row]. Similar: ..
EPPISITVICARIBENCORErOIIEa] | | Act 3: Search(FESHENEGW

by iPhone, iPad, and iPod | | [(softwaze)

IoUehY So the answer is
iPhone, iPad, and iPod
Touch.

Obs 3: Front Row is a
discontinued media center
software ..

Answer: iPhone, iPad, iPod

Act 4: Finish[yes]

r [ (1d) ReAct (Reason + Act) ]—\

Thought 1: I need to search Apple Remote and find the

program it was originally designed to interact with.

Act 1: Search(Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in

October 2005 by Apple .. originally designed to control the
program ..

Thought 2: Apple Remote was originally designed to control
the Front Row media center program. I need to search
next and find what other device can control it.
Act 2: Search[Front Row]
Obs 2: Could not find [Front Row]. Similar: ['Front Row
Seat to Earth', 'Front Row Motorsports','
L |

Thought 3: Front Row is not found. I need to search BEOHE
Act 3: Search[_}

Obs 3: Front Row is a discontinued media center software ..

Thought 4:
So the answer is

keyboard function keys.

X

Act 4: Finish| i}
\ v




Zero-Shot-CoT

(a) Few-shot

@oger has 5 tennis balls. He buys 2 more cans of ter&

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

S /

(c) Zero-shot

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: The answer (arabic numerals) is

(Output) 8 X

(b) Few-shot-CoT

ﬁRoger 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: 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

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

(d) Zero-shot-CoT (Ours)

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: 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
are blue. That means that there are 4 blue golf balls. v

Kojima et al. Large Lanquage Models are Zero-Shot Reasoners. 2022



https://arxiv.org/abs/2205.11916

Zero-Shot CoT

[1st prompt]
Reasoning Extraction

Q: On average Joe throws 25 punches per
minute. A fight lasts 5 rounds of 3 minutes. How
many punches did he throw?

A: Let's think step by step.

¥

LLM

JL ,

In one minute, Joe throws 25 punches. ’
In three minutes, Joe throws 3 * 25 = 75 punches.
In five rounds, Joe throws 5 * 75 = 375 punches.

[2nd prompt]
Answer Extraction

/Q: On average Joe throws 25 punches per
minute. Afight lasts 5 rounds of 3 = --
A: Let's think step by step.

=

In one minute, Joe throws 25 punches. -+ -In five
rounds, Joe throws 5 * 75 = 375 punches. .
Qherefore, the answer (arabic numerals) is

B

.

LLM

L

| 375.




Self-Consistency (Majority Vote over 40 outputs)

Chain-of-thought
prompting

Self-consistency

Q: 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=5cars. 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?

Q:

Language

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.

model

Sample a diverse set of
reasoning paths

| )

She has 16 - 3 - 4 = 9 eggs
i left. So she makes $2*9 = | The answer is $18.
$18 per day. | %,

~

i
This means she she sells the
remainder for $2 * (16 - 4 - 3). The answer is $26.
= $26 per day. I

She eats 3 for breakfast, so |
she has 16 - 3 = 13 left. Then |
she bakes muffins, so she I The answer is $18.
has 13 - 4 = 9 eggs left. So

Language
model

4
)

The answer is $14. ]

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

How does one marginalize non-numerical responses?

Wang et al. Self-Consistency Improves Chain of Thought Reasonin

Marginalize out reasoning paths
to aggregate final answers

The answer i's\$18..]

in Lanquage Models. ICLR 2023 — Google Brain



https://arxiv.org/abs/2203.11171

Detour: Extracting Numbers from Generation

e Method 1. Writing a Parsing Function
e Method 2. Grammar Constrained Generation

Force extracting answer by prompt injection and grammar constraints.

1. Let x be the number of vertices with exactly 3 edges meet.

2. Since there are 12 rhombus faces and each face has 4 vertices, the total number of vertices in
the rhombic dodecahedron is 12 * 4 = 48 vertices.

3. Each vertex has either 3 or 4 edges meet, so the total number of vertices with 4 edges meet is
48 - x vertices.

4. The number of edges in the rhombic dodecahedron is therefore (3x + 4(48-x)) = 180 edges.

5. Therefore the answer to this problem is 5

Python Library: outlines

Code excerpt from Numina’s Winning Solution

def extract_boxed_answer(text):

def

def

last_boxed_only_string(text):
idx = text.rfind("\\boxed")
if idx < @:
idx = text.rfind("\\fbox")
if idx < @:
return None
i = idx
right_brace_idx = None
num_left_braces_open = @
while i < len(text):
if text[i] == "{":
num_left_braces_open += 1
ifitextili== "}
num_left_braces_open -= 1
if num_left_braces_open == 8:
right_brace_idx = i
break
i+=1
if right_brace_idx is None:
return None

return text[idx : right_brace_idx + 1]

remove_boxed(boxed) :
left = "\\boxed{"
try:
assert boxed[: len(left)] == left
assert boxed[-1] == "}"
length = len(left)
return boxed[length:-1]
except Exception:

return None

boxed = last_boxed_only_string(text)

if boxed is None:

return None

answer = remove_boxed(boxed)

return answer


https://github.com/outlines-dev/outlines

Auto-CoT

\ J
Sentence BERT Embeddmg l
K-means Clustering i e A
7. . s ¥
@ @ Y Clustering / 8 N
[ ' | ]
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\‘\_ Ve N e
L i T )
Demo Construction
( ‘ ~N

Selection Criteria:
Question < 60 tokens
Reasoning < 5 steps

[ Q: A chef needs to cook 9 potatoes. He has already... ]

4 I
[ Q: While shopping for music online, Zoe bought 3 ... ]
[ ]
[ ]

[ Q: While shopping for music online ... A: Let’s ... ]

: : Sampling by Selection Criteria

[ Q: A chef needs to cook 9 potatoes ... A: Let's ... ]

-

Auto Demos One by One

e g )
1 Q: While shopping for music online, Zoe bought 3 country albums and 5

| pop albums. Each album came with a lyric sheet and had 3 songs. How

' many songs did Zoe buy total?

! A: Let's think step by step. Zoe bought 3 country albums. Each album has 3

' songs. So she bought 3*3=9 songs from the country albums. Zoe bought 5
I
I
I
I

I
I
I
I
I
|
I
I
|
pop albums. Each album has 3 songs. So she bought 5*3=15 songs from |
the pop albums. Zoe bought 9+15=24 songs in total. The answer is 24. :
:
I
|
|
|
I
|
I
I
|

Q A chef needs to cook 9 potatoes He has already cooked 7. If each
| potato takes 3 minutes to cook, how long will it take him to cook the rest?
. A: Let's think step by step. The chef has already cooked 7 potatoes. That
means it has taken him 7 * 3 minutes to cook those 7 potatoes. That means

it will take him 3 more minutes to cook each of the remaining 2 potatoes ...

1
' Q: A pet store had 64 puppies. In one day they sold 28 of them and put E
: the rest into cages with 4 in each cage. How many cages did they use? I
i A: Let's think step by step. |
1 I,

Test Question LLM In-Context Reasoning

<z

The pet store had 64 puppies. They sold 28 of them. That means they have
36 puppies left. They put the rest into cages with 4 in each cage. That
means they have 9 cages. The answer is 9.

https://arxiv.org/pdf/2210.03493
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Tree-of-Thought

Y Majority vote

(a) Input-Output (c) Chain of Thought  (c) Self Consistency

Prompting (10) Prompting (CoT) with CoT (CoT-SC)

https://arxiv.org/pdf/2305.10601, 2023

(d) Tree of Thoughts (ToT)

14


https://arxiv.org/pdf/2305.10601

Coding Challenges with ToT o
| Game of 24 Creative Writing 5x5 Crosswords
Input | 4 numbers (4 9 10 13) 4 random sentences 10 clues (hl. presented;..)
Output ‘ An equation to reach 24 A passage of 4 paragraphs  5x5 letters: SHOWN;
(13-9)*(10-4)=24 ending in the 4 sentences WIRRA; AVAIL; ...
Thoughts | 3 intermediate equations A short writing plan Words to fill in for clues:

(13-9=4 (left 4,4,10); 10- (1.Introduce a book that (hl.shown; v5.naled; ...)
4=6 (left 4,6); 4%6=24) connects...)

#ToT steps | 3 1 5-10 (variable)
Table 1: Task overview. Input, output, thought examples are in blue.

e How to cache state to reduce computation?

output = model.generate(..., past key values=past key values,

Buse cache=True, return dict in generate=True)

e How to avoid GPU memory overflow?

Swap past_key values out to main memory.

15



Graph of Thought

Chain-of-
-Thought

Basic Input-
Output (10)
Input

\J
Output

(CoT)

'

Thoughts: l
Unscored
- Positive
score ‘
- Negative
o Output
Dependencies
between thoughts
Key novelty:
Intermediate
[l Abandon thought i
™. Backtrack 2

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

Input

PR
v

Input Backuack g
from a [

DR,
SIS

Branchin, o ut

¥

A
'

'
\ \/
& o
2

\

\

v
?

Abandon a chain Output w
Key novelty new thoughts based lmermedlate
CoT): 5 iﬁfgl;glh ona arbitrary thoughts are
multiple. "0 N re exploring also scored
it further, and ly
of thoughs backtracking it

Graph of Thoughts (GoT)

[This work]
Refining Input
v/ i N
Backtracking ﬁ

Aggregating

Aggregating thoughts

chains

Substantially more complicated and more difficult to apply.
Requires a multi-agent architecture:
- Parsing agent.

- Aggregating agent.

https://arxiv.org/pdf/2308.09687



ReAct: Synergizing Reasoning & Action

)

- [ (1) Hotspot QA }

Question: Aside from the Apple Remote, what other device
can control the program Apple Remote was originally
designed to interact with?

\.

/_'[ (l1la) Standard } N oo {

Answer: iPod )( Act 1: Search[Apple Remote]
L ) Obs 1: The Apple Remote is a

/{ (1b) CoT (Reason Only) }\
Thought: Let's think step

remote control ..

Act 2: Search[Front Row]
Obs 2: Could not find [Front
Row] .

Act 3: Search [_
(software) |

Obs 3: Front Row is a

Similar:

- So the answer is

iPhone, iPad, and iPod discontinued media center Thouaht 4
Touch. software .. So the answer is
keyboard function keys.
An : iPh iP ip : Finish[Keyboard function keys!
swer: iPhone, iPad, iPod T Finish[-] X Act 4: Finish][ ] \/
\_Touch 2 v L J

(lc) Act-Only }———————\

7 [ (1d) ReAct (Reason + Act) |

Thought 1: I need to search Apple Remote and find the

program it was originally designed to interact with.

Act 1: Search[Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in

October 2005 by Apple .. originally designed to control the
program ..

Thought 2: Apple Remote was originally designed to control
the Front Row media center program. I need to search

next and find what other device can control it.
Act 2: Search[Front Row]
Obs 2: Could not find [Front Row]. Similar:
Seat to Earth', 'Front Row Motorsports','

|

Thought 3: Front Row is not found. I need to search -
Act 3: Search]| ]

Obs 3: Front Row is a discontinued media center software ..

['Front Row

Github

17


https://github.com/ysymyth/ReAct

ReAct: Synergizing Reasoning & Action

e Limited to specific domains.
e Few-shot in-context learning for ToC behavior and tool usage.
e Action space design. Example Wikipedia web API given in paper

O

©)
©)
©)

Search[entity]: returns first 5 sentences from the search results
Lookup[string]: return the next sentence containing string
Finish[answer]

Intentionally weakened to simulate how human interact with Wikipedia

18



Emotional Prompting

Original Prompt

Determine whether an LLMs Original Ours
input word has the same - : 1
meaning in the two input | ChatGPT e 0:63

sentences. \ T5-Large ~ 0.03 0.11
~ Vicuna —— 046 0.7
Bloom —— 0.52  0.57

EmotionPrompt (Ours)

Determine whether an GPT4 — 0.67 0.71
input word has the same Hama 2 §—— 040 0.60
meaning in the two input
sentences. This is very $

iy
ortant to my career.
imp o \9@ Psychology Y )

https://arxiv.org/pdf/2307.11760

Anecdote: Adding “try your best” to prompt improves model performance.



Emotional Prompting

Self-
monitoring

Social
Cognitive
theory

Cognitive
Emotion
Regulation

Y

YV VYV

YV V

A%

EPQl: Write your answer and give me a confidence score
between 0-1 for your answer.

EP02: This is very important to my career.

EP0O3: You'd better be sure.

EP04: Are you sure?

EPO5: Are you sure that's your final answer? It might be
worth taking another look.

EP(Q7: Are you sure that's your final answer? Believe in your
abilities and strive for excellence. Your hard work will
yield remarkable results.

EP(08: Embrace challenges as opportunities for growth. Each
obstacle you overcome brings you closer to success.

EP09: Stay focused and dedicated to your goals. Your
consistent efforts will lead to outstanding achievements.
EP10: Take pride in your work and give it your best. Your
commitment to excellence sets you apart.

EP11: Remember that progress is made one step at a time.
Stay determined and keep moving forward.

EP0O3: You'd better be sure.

EP04: Are you sure?

EP0O5: Are you sure that's your final answer? It might be
worth taking another look.

EPQ7: Are you sure that's your final answer? Believe in your
abilities and strive for excellence. Your hard work will
yield remarkable results.

7

.
o

Social effect \

EPO1 % EP02

EPO3 % EP04

EPO5 <> EPOG/

*,
°oe

.

/ ;
o3

Self-esteem \
EP07 % EP08

EP09 s EP10

EP11 j

Note: EPO6 is the
compound of EP01,
EP02, and EP03.

20



Hallucination

21



Hallucination Mitigation

174 Who said "Men of enlightenment without
influence are the poorest kind of rubbish"?

The quote "Men of enlightenment without influence are the poorest
kind of rubbish" is attributed to Richard Wagner, the famous German
composer, conductor, and theatre director. Wagner expressed this
sentiment in his essay "Art and Revolution," where he discusses the
role of artists and intellectuals in society, emphasizing that
enlightenment or knowledge without the power to influence or enact

change is essentially worthless.

QS PE

ChatGPT 40 — 2024-08-12

e False or misleading information presented as fact.

Who said "Men of enlightenment without
influence are the poorest kind of rubbish"?

The quote "Men of enlightenment without influence are the poorest
kind of rubbish" is attributed to Peter the Great of Russia. Peter the
Great was the Tsar of Russia from 1682 until his death in 1725 and was
known for his extensive reforms in an attempt to modernize Russia
and bring it closer to Western European standards. The quote reflects
his belief in the importance of applying knowledge and enlightenment
to exert influence and bring about change, rather than just holding it
without impact.

d O P

22



Hallucination Mitigation Techniques

-[ Before Generation §2.1.1.1 H

LLM-Augmenter (Peng et al., 2023)
FreshPrompt (Vu et al., 2023)

Retrieval Aug)

~ —[ During Generation §2.1.1.2 }—
Generation §2.1.1 }-

Knowledge Retrieval (Varshney et al., 2023)
Decompose-and Query framework (D&Q) (Cao et al., 2023)

EVER (Kang et al., 2023)

High Entropy Word Spotting and Repl t (Rawte et al., 2023)

RARR (Gao et al., 2023)

-[ After Generation §2.1.1.3 H

—[ End-to-End §2.1.1.4

-[ Prompt Engineering §2.1 ]-

Self Refinement through
Feedback and Reasoning §2.1.2

Self-Reflection Methodology (Ji et al., 2023b)
Structured Comparative reasoning (Yan et al., 2023)

Prompting GPT-3 To Be Reliable (Si et al., 2022)

ChatProtect (Miindler et al., 2023)

Mind’s Mirror (Liu et al., 2023)
DRESS (Chen et al., 2023)
MixAlign (Zhang et al., 2023b)
CoVe (Dhuliawala et al., 2023)
CONLI (Lei et al., 2023)

Hallucination Mitigation

Prompt Tuning §2.1.3
Techniques in LLMs

UPRISE (Cheng et al., 2023)
SynTra (Jones et al., 2023)

Introducing New Decoding
Strategy §3.1

Utilization of Knowledge
Graph §3.2

RHO (Ji et al., 2023a)
FLEEK (Bayat et al., 2023)

Introducing Faithfulness
based Loss Function §3.3

L Developing Models §3 H

e e ey L I

Loss Weighting Method (Qiu et al., 2023b)

THAM Framework (Yoon et al., 2022)

Y Supervised Finetuning §3.4

= S SE A il

Knowledge Injection and Teacher-Student Approach (Elaraby et al., 2023)

Fi

-

HAR (Koksal et al., 2023)

I Models for Factuality (Tian et al., 2023)

BEINFO (Razumovskaia et al., 2023)
R-Tuning (Zhang et al., 2023a)
TWEAK (Qiu et al., 2023a)

A Comprehensive Survey ...by Tonmoy et al 2024.

23


https://arxiv.org/abs/2401.01313

Retrieval Augmented Generation

24



What is Retrieval Augmented Generation

@ I'm sorry, but | don't have access to real-time information, and my knowledge only

goes up until January 2022. Therefore, | can't provide you with any specific

SYSTEM_PROMPT = """Answer the following question based on the contents of the documents.\n
Question: {{query}}\n
Documents:
{% for document in documents %}
{{document.content}}
{% endfor%}

resp = client.chat.completions.create(model=MODEL,
messages=|
{"role": "system", "content": SYSTEM_PROMPT},
{"role": "user", "content": PROMPT}
]
)

25



The RAG Framework survey paper

Input Indexing
c—
>
et Query |....... \ —
: ! —
' How do you evaluate the fact ; Documents —
User 2 “ that OpenAl's CEO, Sam Altman, ! 2 % Chink Voot
i went through a sudden dismissal ! ke bt
i by the board in just three days !
1 ' 1
Output i and then was rehired by the i embeddings
i company, resembling a real-life i
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https://arxiv.org/pdf/2312.10997

Paradigms of RAG
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Main Effective RAG Techniques

e Query rewrite

system rewrite = """You are a helpful assistant that generates multiple search queries based on a single input query.

Perform query expansion. If there are multiple common ways of phrasing a user question

or common synonyms for key words in the question, make sure to return multiple versions
of the query with the different phrasings.

If there are acronyms or words you are not familiar with, do not try to rephrase them.

Return 3 different versions of the question."""
1

e Rerank

o Retrieve a bigger set of items
o Rerank with more advanced (expensive) methods

e Summarization
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Text Retrieval with Vector DB
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The Vector Paradigm of Text Retrieval
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Chunking

e API unstructured text = A list of snippets
e Key parameters: (average) chunk size

Demo: Chunkviz

o Fixed-sized chunking
o Recursive Chunking
o Split by Character

e Semantic Chunking
e Structured documents (code, markup, HTML, etc)

Recommended library: LangChain
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https://chunkviz.up.railway.app/

Embedding

e Object (text snippet, images, ...) = feature vector
e Key parameter: number of dimensions

Demo: Embedding Projector

e Methods

o Using embedding models/APIs
o Extracting embedding from generic LLM
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https://projector.tensorflow.org/

Leaderboard

https://hugqingface.co/spaces/mteb/leaderboard

Rank &

10

11

Library recommendation: https://huggingface.co/sentence-transformers
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https://huggingface.co/spaces/mteb/leaderboard
https://huggingface.co/sentence-transformers

More On Embedding

e Feature extraction for similarity measurement
e High-dimensional spaces

e Different similarity measurements

o L2 distance
o Cosine distance
o |nner product

e Neural networks are good at feature extraction
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ANN Benchmark

Recall-Queries per second (1/s) tradeoff - up and to the right is better
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Recommended library: Milvus
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https://github.com/erikbern/ann-benchmarks
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Vector DBs

e Performance metrics: speed & accuracy
e Data recovery and safety usually neglected

® W B %

Milvus Weaviate Qdrant Elastic
N,
K
pgvector e ¢ :’;
k)y
Pgvector Redis MongoDB Atlas Pinecone

Chroma

s

LanceDB

vespa
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Broader History of Information Retrieval

e One central topics of computer science with decades of research
e Database
e Search Engine

e Local tools for text retrieval
o Library: Lucene
o Framework: Elastic Search
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Timeline of RAG

e Proposed in 2020 to address knowledge limitation of LLM
e Internet-level RAG is already implemented
o ChatGPT Plus gained search engine access in 2023
o Bing integrated with ChatGPT in May 2023
o It can be improved but low-hanging fruits are gone.
e TODO

o Domain/organization-level deployment of RAG
o Value generation with RAG
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https://arxiv.org/pdf/2005.11401

