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12 Prompt Engineering Techniques

Prompt Engineering can be described as an art form, creating input
requests for Large Language Models (LLMs) that will lead to a
envisaged output. Here are twelve different techniques in crafting a
single or a sequence of prompts.
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I'm currently the Chief Evangelist @ HumanFirst. I explore & write about all
things at the intersection of AI & language; ranging from LLMs, Chatbots,

Voicebots, Development Frameworks, Data-Centric latent spaces & more.

Least-To-Most Prompting

The process of inference is reaching a conclusion based on evidence and
reasoning. And in turn reasoning can be engendered with LLMs by

providing the LLM with a few examples on how to reason and use evidence.

Hence a novel prompting strategy was developed, named least-to-most

prompting. This method is underpinned by the following strategy:

1. Decompose a complex problem into a series of simpler sub-problems. Top highlight

2. And subsequently solving for each of these sub-questions.
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Solving each subproblem is facilitated by the answers to previously solved
subproblems.

Hence least to most prompting is a technique of using a progressive

sequence of prompts to reach a final conclusion.

Least To Most Prompting Least To
Least To Most Prompting for Large Language Models (LLMs) M t

enables the LLM to handle complex reasoning. 0s
cobusgreyling.medium.com Promptlng

Self-Ask Prompting

Considering the image below, it is evident that Self-Ask Prompting is a

progression from Direct and Chain-Of-Thought prompting.

The interesting thing about self-ask prompting is that the LLM reasoning is
shown explicitly and the LLM also decomposes the question into smaller

follow-up questions.

The LLM knows when the final answer is reached and can move from follow

up intermediate answers to a final answer.

Direct Prompting Self-Ask
—| GPT-3

Question: Who lived longer, Theodor Haecker or Harry Vaughan Question: Who lived longer, Theodor Haecker or Harry Vaughan

Watkins? Watkins?

Answer: Harry Vaughan Watkins. Are follow up questions needed here: Yes.

Follow up: How old was Theodor Haecker when he died?

Question: Who was i of the U.S. when st ivi Intermediate answer: Theodor Haecker was 65 years old when he

was discovered? died.

Answer: Franklin D. Roosevelt x Follow up: How old was Harry Vaughan Watkins when he died?
Intermediate answer: Harry Vaughan Watkins was 69 years old when
he died.

So the final answer is: Harry Vaughan Watkins
Chain Of Thought Question: Who was president of the U.S. when
was discovered?
GPT-3 Are follow up questions needed here: Yes.
Follow up: When was superconductivity discovered?
Question: Who lived longer, Theodor Haecker or Harry Vaughan liate answer: ivity was di in 1911,
Watkins? Follow up: Who was president of the U.S. in 19117
Answer: Theodor Haecker was 65 years old when he died. Harry Intermediate answer: William Howard Taft.
Vaughan Watkins was 69 years old when he died. So the final answer is: William Howard Taft.
So the final answer (the name of the person) is: Harry Vaughan
Watkins.
Question: Who was presi iperconductivity.
was discovered?
Answer: Superconductivity was discovered in 1911 by Heike
Kamerlingh Onnes. Woodrow Wilson was president of the United
States from 1913 to 1921. So the final answer (the name of the
president) is: Woodrow Wilson. x
Source
Self-Ask Prompting S I f
o : . elf-Ask
Self-Ask Prompting is a progression from Chain Of Thought

Prompting. Below are a few practical examples and an...

Prompting
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The key principle underpinning Meta-Prompting is to cause the agent to

reflect on its own performance and amend its own instructions accordingly.

While simultaneously using one overarching meta-prompt.

Meta-Prompt

LLMs
Meta-Prompt for building self-improving agents with a single &

universal prompt.

MetaPrompting

cobusgreyling.medium.com

Chain-Of-Thought Prompting

Intuitively we as humans break a larger task or problem into sub-tasks, and
then we chain these sub-tasks together. Using the output of one sub-task as

the input for the next sub-task.

By using chain-of-thought prompting within the OpenAI Playground, a
method wherein specific examples of chain of thought are provided as
guidance, it is possible to showcase how large language models can develop

sophisticated reasoning capabilities.

Research has shown that sufficiently large language models can enable the

emergence of reasoning abilities when prompted in this way.

Chain-Of-Thought Prompting & LLM Reasoning Chain-Of-Thought
When we as humans are faced with a complicated reasoning task, Prompting &’
such as a multi-step math word problem, we segment our... LLM Reasoning

cobusgreyling.medium.com @

ReAct

With humans the tight synergy between reasoning & acting allows for
humans to learn new tasks quickly and perform robust reasoning and
decision making. We can perform this even when unforeseen

circumstances, information or uncertainties are faced.

LLMs have demonstrated impressive results in chain-of-thought

reasoning(CoT) and prompting, and acting (generation of action plans).
The idea of ReAct is to combine reasoning and taking action.

Reasoning enables the model to induce, track and update action plans, while

actions allow for gathering additional information from external sources.

Combining these to ideas are named ReAct, and it was applied to a diverse
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set of language and decision making tasks to demonstrate its effectiveness
over state-of-the-art baselines in addition to improved human

interpretability and trustworthiness.

W&LangChain
ReAct: Synergy Between Reasoning & Acting In LLMs

An element of human intelligence is the ability to seamlessly ReAct

combine task-oriented actions with verbal or inner... S
ynergy Between

. . Reasoning
cobusgreyling.medium.com &

Acting
InLLMs

Symbolic Reasoning & PAL

LLMs should not only be able to perform mathematical reasoning, but also
symbolic reasoning which involves reasoning pertaining to colours and
object types.

Consider the following question:

I have a chair, two potatoes, a cauliflower, a lettuce head, two tables, a

cabbage, two onions, and three fridges. How many vegetables do I have?

The LLM should convert the input into a dictionary with entities and values

according to their quantities, while filtering out non-vegetable entities.

Finally, the answer is the sum of the dictionary values, below the PAL output
from the LLM:

# note: I'm not counting the chair, tables, or fridges
vegetables_to_count = {
'potato': 2,
'cauliflower': 1,
'lettuce head': 1,
'cabbage': 1,
‘onion': 2
}

answer = sum(vegetables_to_count.values())

Symbolic Reasoning & PAL: Program-Aided Large Language
Models

LLMs should not only be able to perform mathematical reasoning,
but also symbolic reasoning which involves reasoning...

cobusgreyling.medium.com

Iterative Prompting

Of late the focus has shifted from LLM fine-tuning to enhanced prompt
engineering. Ensuring that prompts are contextual, contains few-shot

training examples and conversation history.
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Ensure the prompt holds contextual information via
an iterative process.

Iterative prompting should establish a contextual chain-of-thought, which
negates the generation of irrelevant facts and hallucination. Interactive

context-aware & contextual prompting.

Q: “What is the place of birth of Gwilym Lloyd George’s father?”
(Answer: Manchester)

R
(Fompir )+ @

C1: “David Lloyd George is the
“David Lloyd George” <+— father of Gwilym Lloyd George”

“Whois the father of |
Gwilym Lloyd George?”

PLM
o — " - Lromper e 0ecr
Pokgewaas] | I8 C2: “Manchester is the place of
Standard Probing birth of David Lloyd George”
Iterative Prompting
—
Source

Considering the image above, at C1 and C2 knowledge is important for
accurately answering the question. The approach of iterative prompting

contains strong elements of chain-of-thought prompting and pipelines.

Sequential Prompting

Sequential prompting considers the possibility of building a capable
recommender with LLMs. Usually recommender systems are developed in a
pipeline architecture, consisting of multi-stage candidate generation
(retrieving more relevant items) and ranking (ranking relevant items at a higher

position) procedures.

Sequential Prompting focuses on the ranking stage of recommender
systems, since LLMs are more expensive to run on a large-scale candidate
set.

The ranking performance is sensitive to the retrieved top-ranked candidate
items, which is more suitable to examine the subtle differences in the

recommendation abilities of LLMs.

Retrieving candidates & Ranking w/ LLMs
User Triggering LLMs to perceive order Bootstrapping to reduce position bias  (e.g. ChatGPT)
Sequential prompting @@ @ @

Candidate generation 1
Retrieve e 8]
- . enEml @AY 2O
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Self-Consistency

With Chain-Of-Thought reasoning a path of thought is generated which then
in turn is followed. And on the contrary, self-consistency, leverages the
intuition that a complex reasoning problem typically admits multiple

different ways of thinking leading to its unique correct answer.

Greedy decode
. This means she uses 3 + 4 = 7 eggs every day.
Chain-of-thought Language She sells the remainder for $2 per egg, so in 3
prompting model total she sells 7 * $2 = $14 per day. The answer is $14.
The answer is $14.
Self-consistency ﬁ Sample a diverse set of Marginalize out rfeasoning paths
reasoning paths 7 to aggregate final answers
|
Q: If there are 3 cars in the parking She has 16 - 3 - 4 = 9 eggs I
lot and 2 more cars arrive, how many left. So she makes $2*9 = | The answer is $18.

cars are in the parking lot? $18 per day. 1
A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3+2=5cars. The answer is 5.

i
This means she she sells the
remainder for $2 * (16 - 4 - 3)I The answer is $26.
Q: Janet's ducks lay 16 eggs per day. Language =(HBpEG
She eats three for breakfast every model
morning and bakes muffins for her She eats 3 for breakfast, so |
friends every day with four. She sells she has 16 - 3 = 13 left. Then |
the remainder for $2 per egg. How she bakes muffins, soshe | The answer is $18.
much does she make every day? has 13 - 4 = 9 eggs left. So I

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

The answer is $18.

Source

The self-consistency method is constituted by three steps:

1. prompt the LLM to generate a chain of thought (CoT)_reasoning part.
2. Generate a diverse set of reasoning paths.

3. Select the most consistent output for the final answer.

The approach followed by the self-consistency method can introduce
increased overhead; especially if the steps of each CoT involves the calling of
external tools and APIs. The overhead will manifest in the form of additional

cost and time to complete the round-trips.

Automatic Reasoning & Tool Use (ART)

It has been illustrated that Chain Of Thought prompting elicits complex and
sequential reasoning from LLMs. It has also been proven that for each step

external tools can be used to improve the specific node’s generated output.

The premise of developing these methodologies is to leverage a frozen large
language model (LLM). Hence augmenting a previously trained model which
is time-stamped.

Automatic Reasoning and Tool-use (ART) is a framework which also

leverages frozen models to generate intermediate reasoning steps as a
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program.

The approach of ART strongly reminds of the principle of Agents, that of

decomposing a problem, and making use of tools for each decomposed step.

With ART, a frozen LLM decomposes instances of a
new task into multiple steps using external tools
whenever appropriate.

ART is a fine-tuning free approach to automate multi-step reasoning and
automatic tool selection and use.

Generated Knowledge

The principle of generated knowledge is that knowledge can be integrated at
inference time. Showing that reference knowledge can be used instead of

model fine tuning.

Tests were performed across multiple datasets, common-sense reasoning,

etc.

The principle of generated knowledge is supported by developments like
RAG, pipelines, and more.

s Follow me on LinkedIn for updates on Large Language Models .

I'm currently the Chief Evangelist @ HumanFirst. I explore & write about all
things at the intersection of AI & language; ranging from LLMs, Chatbots,
Voicebots, Development Frameworks, Data-Centric latent spaces & more.

HumanFirst — Design, test and launch custom NLU and prompts

HumanFirst makes sense of unstructured data quickly. Pairing 2 = -
human-in-the-loop and Al-powered features, seamlessly... =

. . __‘E
www.humanfirst.ai I — =

Linked [}
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NLP/NLU, LLM's, Chatbots,
Voicebots, Conversational Al,
Ubiquitous User Interfaces

University of South Africa/Universiteit
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LinkedIn

Get an email whenever Cobus Greyling publishes.

Get an email whenever Cobus Greyling publishes. By signing up,
you will create a Medium account if you don’t already...

cobusgreyling.medium.com
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28K followers - O following

I'm passionate about exploring the intersection of Al & language.
www.cobusgreyling.com
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Caroline Mccord

@ John Faig e
Sep 27,2023 (edited)
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Do you see LLMs being able to generate a set of prompts where they can respond accurately? I'm thinking

about self-augmentation and self-curation where LLMs need to know what they know before they can add

content.

)4 Reply

Sanjay Krishna Anbalagan
Feb 12,2024

Hi great construct and clarity. | guess now we have to dynamically update our prompt style based on the type

of user questions. Now how do we determine this type ? Should we use another LLM and define that lIm’s

prompt to act as a classifier? To find the type? Your recommendation in this greatly appreciated. Thank you

§9 1 Reply

Q Thomas Elton
May 17,2024

Knowing any prompt engineer techniques will enable you to succeed:

https:/www.linkedin.com/pulse/prompt-engineer-what-engineering-seo-services-4tsre

Also, https://promptengineer-1.weebly.com

&) Reply

See all responses
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Using LangChain With Model

Context Protocol (MCP)

The Model Context Protocol (MCP) is an
open-source protocol developed by...

Mar10 W15K @6 0o e
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Why The Focus Has Shifted from Al
Agents to Agentic Workflows

We find ourselves on a stairway from where
Large Language Models were introduced to...

Feb5 W18K @ 56

Stairway to human-like interactions ... >

© o

Human-Al Agent Collaboration
Ed:

Behavioural Mapping

Compliance Monitoring Systems.
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OpenAl Has Added Remote MCP
Server Support

OpenAl has introduced support for remote
MCP servers in its Responses API, following...

May22 W33 @1 [T eee

(See all from Cobus Greyling)
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6 In Towards Al by Gao Dalie (Fi£#Y)

A2A + MCP + LangChain =
Powerful Agent Communication

In this Story, | have a super quick tutorial
showing you how to create a multi-agent...

3

May14 N476 @ 4

m

n In Mr. Plan B Publication by Pasindu Rangana

9 Al Skills You MUST Learn Before
Everyone Else Does (or Get Left...

You don’t need to be a tech wizard to profit
from Al, You just need to know these...

May2 17K @ 57

CONCEPTS

Output

T 11

Large Concept Model

Al Agents are not Ready Yet

No company wants to pour resources into
developing software only to see it become...

Mar5 W701 @13 [ eee

prompting (zero-shot & few-shot)
“Let's think

B2 in TDS Archive by Ida Silfverskisld

Advanced Prompt Engineering:
Chain of Thought (CoT)

Comparing different techniques for reasoning

Dec23,2024 W16K @ 16 [ eee

. In Al Advances by Kenny Vaneetvelde

Building Al Agents the Right Way:
Design Principles for Agentic Al

So, you want to build the next super-smart Al
agent. You wire up GPT-40 to a few APIs and...

May18 N525 @ 16

1
| GHGIRAUBRREE Summarise this news articte.”]

[Msta Prompt: “Describing the desired output”]
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5_ In AlGuys by Vishal Rajput € 6 Cobus Greyling

Forget LLMs, It’s Time For Large Meta Prompting: A Practical Guide

Concept Models (LCMs) to Optimising Prompts...

In LCM, modeling is performed in a high- Discover how meta prompting can enhance

dimensional embedding space instead of on... your results by using advanced models to...
Feb26 W)438 @ 17 [I s Feb6 W430 @2 [T e
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