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Instructing FMs with prompts

ÅPrompts are used to instruct the FM on specific tasks
ÅReplaces, complements, or interacts with traditional programming code

ÅIn-context learning
ÅEnable new capabilities by augmenting the FM with domain knowledge

ÅHelp generate trustworthy and responsible results

ÅEvaluate the capabilities and limitations of an FM for a downstream 
task
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The structure of a prompt

ÅThe quality of a prompt depends on how well-written it is
ÅDifferent components may be required

ÅExamples of prompt components:
ÅTask-related:
ÅInstruction describes what completion task the model should perform

ÅConstraints sets boundaries for the contents the model can generate

ÅOutput format determines how the output should be formatted

ÅContext-related:
ÅKnowledge provides the model with background information

ÅExamples provides the model with instances of the desired completion

ÅPersona provides the model with a specific stereotype identity

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Example of a simple prompt

ÅA basic prompt expects the FM to complete with the next token

Input prompt (no instruction):

The sky is

Result:

blue

https://www.promptingguide.ai/introduction/basics Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Example of a prompt with instruction

ÅA prompt can contain instructions to guide the modelôs 
generation in a specific way (e.g., to perform a task)

ÅMany FMs are fine-tuned to follow instructions

Prompt:

Classifythe sentiment of the following sentence: The meal

was awesome

Result:

Sentiment: Positive

https://www.promptingguide.ai/ Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Example of a prompt with a constraint

ÅA prompt can ask the FM to restrict how the generated result 
look like

Prompt:

Classify the following sentence into neutral, negative or positive:

The meal was awesome

Result:

positive

https://www.promptingguide.ai/ Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Examples of more complex prompts

https://arxiv.org/pdf/2308.10620.pdf Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024
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Prompt engineering techniques

ÅZero-shot directly instructs the FM to perform a downstream task

ÅFew-shot provides examples to nudge the model

ÅChain-of-thought (CoT) enables complex reasoning through an 

example of intermediate reasoning steps (thoughts)

ÅSelf-consistency improves CoT by exemplifying with several 

reasoning paths

ÅUse the generations to select the most consistent answer

ÅTree-of-thoughts (ToT) explores multiple reasoning paths over 

thoughts arranged in a tree-like structure

ÅDefinition of ñthoughtò depends on the task at hand

ÅUses FM to evaluate thoughts and avoid ñimpossibleò ones

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Few-shot prompting

ÅProvide examples in the prompt to guide the model towards a 
task completion

ÅBased on the principle of meta-learning
ÅModel develops a broad set of pattern recognition abilities at training 

time

ÅUses those abilities at inference time to rapidly recognize the desired 
task

ÅMeta-learning is achieved with in-context learning
ÅModel is conditioned on a few demonstrations of the task

ÅCompletes further instances of the task by predicting the next tokens

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Example of few-shot prompting

Prompt:

Circulation revenue has increasedby 5%: Positive 

Panostajadid not disclosethe purchase price: Neutral 

Paying off the debt will be extremely painful: Negative 

The acquisition will have an immediate positive impact:

Result:

Positive

https://www.promptingguide.ai/ Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Few-shot prompting improves 
accuracy in benchmark validation

https://arxiv.org/pdf/2005.14165.pdf Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Do ñcorrectò examples matter?

ÅSuppose that Ὧfew-shot examples are given with pairs 

ὼȟώ ȟȣȟὼȟώ
ÅZero-shot: next token ώis ὥὶὫάὥὼᶰ ὴώȿὼ, where ὼis the input and 

ὅthe possible labels

ÅInput-label mapping refers to whether each input ὼ is labelled 

with a correct label ώ

ÅMin et al., 2022 shows that input-label mapping has little impact 

to performance

https://arxiv.org/pdf/2202.12837.pdf Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Replacing gold labels with random labels 
doesnôt hurt performance considerably

ÅGold-labels: next token ώis 
ὥὶὫάὥὼᶰ ὴώȿὼȟώȟȣȟὼȟώȟὼ

ÅRandom-labels: next token ώis 
ὥὶὫάὥὼᶰ ὴώȿὼȟώȟȣȟὼȟώȟὼ
Åώ is ὅôs random sample

https://arxiv.org/pdf/2202.12837.pdf Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Concerns when designing few-shot 
prompts

ÅDistribution of the input text: underlying distribution of ὼȟȣȟὼ
ÅIn-distribution inputs (from training data) in the examples 

substantially improve performance

ÅLabel space: underlying distribution of ώȟȣȟώ
ÅConditioning on the label spaceὅsignificantly contributes to 

performance gains

ÅFormat of the input-label pairs
ÅKeeping the format of ñinput-label pairsò is important

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Few-shot prompting has limited 
reasoning capabilities 

https://arxiv.org/pdf/2201.11903.pdf

Prompt:

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?

Result:

The answer is 27.

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Chain-of-thought (CoT) prompting

ÅA series of intermediate natural language reasoning steps
that lead to the final output
ÅA prompt consists of triples ἂinput, chain of thought, outputἃ

ÅExplore the ability of language models to perform few-shot 
prompting for reasoning tasks
ÅDecompose multi-step problems into intermediate steps

ÅInterpretable behaviour of the model to debug the reasoning path

ÅSuitable for math problems, commonsense reasoning, etc.

ÅRequires sufficiently large off-the-shelf language models

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Example of chain-of-thought prompting 

Prompt:
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: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 tennis balls. 5 + 6 =
11. 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?

Result:
The cafeteria had 23 apples originally. They used 20 to make lunch. So they had 23ҍ20 =
3. They bought 6 more apples, so they have 3 + 6 = 9. The answer is 9.

Exampleof aἂinput, chain of thought , outputἃtriple. The chain-of-thought

component of the prompt is highlighted
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Example of zero-shot chain-of-thought 
prompting 

https://arxiv.org/pdf/2205.11916.pdf

Prompt:

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:Letôsthink step by step.

Result:

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.

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Self-consistency

ÅComplex reasoning tasks typically admit multiple reasoning paths

ÅThree-step procedure:
1. Prompt the FM using chain-of-thought (CoT) prompting

2. Replace the ñgreedy decodeò in CoT by sampling from the FMôs decoder to 
generate a diverse set of reasoning paths

3. Average out the reasoning paths and choose the most consistent answer

ÅCharacteristics:
ÅEntirely unsupervised

ÅWorks off-the-shelf with pre-trained language models

ÅRequires no additional human annotation

ÅAvoids any additional training, auxiliary models or fine-tuning

ÅNot an ensemble technique as it uses a single FM

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Self-consistency explained 

https://arxiv.org/pdf/2203.11171.pdf Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Example of self-consistency prompting
Prompt:

Q: Michael had 58 golf balls. On Tuesday, he lost 23 golf balls. On Wednesday, he lost 2

more. How many golf balls did he have at the end of Wednesday?

A: Michael initially had 58 balls. He lost 23 on Tuesday, so after that he has 58Ϻ23 = 35

balls. On Wednesdayhe lost 2 more so now he has 35Ϻ2 = 33 balls. The answer is 33. 

(... more CoT examples ...)

Q: When I was 6 my sister was half my age. NowIôm70 how old is my sister?

A:

Result 1:

When I was 6 my sister was half my age, so she was 3. Now I am 70, so she is 70Ϻ3 = 67.

The answer is 67.

Result 2:

When the narrator was 6, his sister was half his age, which is
3. Now that the narrator is 70, his sister would be 70 - 3 = 67 years old. The answer is 67.

Result 3:

When I was 6 my sister was half my age, so she was 3. Now I am 70, so she is 70/2 = 35. The

answer is 35.h
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Tree-of-thought (ToT) prompting

ÅAllows FMs to explore multiple reasoning paths over thoughts

ÅFrames a problem as a tree search, where each node is a state 
representing input and the sequence of thoughts
ÅDefinition of thought depends on the problem 

ÅDesign of a ToT prompt involves four steps:
1. Decompose the intermediate process into thought steps

2. Generate potential thoughts from each state

3. Heuristically evaluate states

4. Search algorithm

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Thought decomposition in ToT prompting

ÅToT leverages problem properties to design and decompose 
intermediate thought steps
ÅA couple of words (Crosswords)

ÅA line of equation (Math solving)

ÅA whole paragraph of writing plan (Creative Writing)

ÅA thought should be:
ÅSmall enough so that FMs can generate promising and diverse 

samples (a whole book is too big to be coherent)

ÅBig enough so that FMs can evaluate its prospect toward problem-
solving (one token is usually too small to be evaluated)

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Thought generation in ToT prompting

ÅGiven a tree state ί ὼȟᾀȟȣȟᾀ , there are two strategies to 
generate Ὧcandidates for the next thought step

1. Sample thoughts from a CoT prompt

2. Generate thoughts sequentially using a propose prompt

Propose prompt for solving the Game of 24

(... CoT examples ...) 

Input: 4 9 10 13 

Possible next steps:

Result:

4 + 9 = 13 (left: 10 13 13)
10 - 4 = 6 (left: 6 9 13)
(... other thoughts ...)
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State evaluator in ToT prompting

ÅHeuristic that determines which states to keep exploring and in which order

ÅTwo strategies to reason about states:

1. A value prompt reasons about the state ίto generate a scalar value ὺor a 

classification that could be heuristically turned into a value

2. A vote prompt deliberately compare different states w.r.t. their value

Value prompt for solving the Game of 24

Evaluate if given numbers can reach 24 (sure/likely/impossible) 10 14: 10 + 14 = 24.
sure
(... more examples ...)

10 13 13

Result:

(13 - 10) * 13 = 3 * 13 = 39
10 + 13 + 13 = 36 There is no way to obtain 24 with these big numbers. 
impossibleh
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Voting mechanism in ToT prompting

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

A ToT with depth 2 (and only 1 intermediate thought step) for the Creative Writing task. The FM first
generates k = 5 plans and votes for the best one, then similarly generate k = 5 passagesbased on the
best plan then vote for the best one. A simple zero-shot vote prompt (ñanalyzechoices below, then
conclude which is most promising for the instructionò)is used to sample 5 votes at both steps

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Search algorithm in ToT prompting

ÅPlug and play of different search algorithms depending on the 
tree structure

ÅTwo relatively simple search algorithms:
ÅBreadth-first search (BFS) maintains a set of the ὦmost promising 

states per step

ÅDepth-first search (BFS) explores the most promising state first, until:
ÅThe final output is reached ὸ Ὕ

ÅThe state evaluator deems it impossible to solve the problem from the current 
state

https://arxiv.org/pdf/2305.10601.pdf Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



ToT implementation 

ü The prompter agent instructs the LLM to generate an 

intermediate solution instead of the full solution in a single shot.

The checker module checks the validity of the generated 

intermediate solution. If it passes, the intermediate solution is 

stored in the memory module. Otherwise, the ToT signals the

prompter agent to enrich the prompt and send it to the LLM again

ü Thoughts deemed as invalid by the

checker module are backtracked to the 

parent node.

ü Nodes that donôtlead to a final solution

are also backtracked

https://arxiv.org/pdf/2305.08291 Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



IO vs. CoT vs. self-consistency vs. ToT
prompting

https://arxiv.org/pdf/2305.10601.pdf Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024
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Decoding strategies

ÅAutoregressive and Transformer models iteratively compute the

next tokenίof a sequence

ÅEach iteration outputs a probability distribution

ὴὛȿίȟȣȟί ȟὺȟȣȟὺ

ÅPriors include source tokensὺ and target tokensί

ÅὛ is a random variable of the possible target tokensίat positionὸ

ÅGenerate all possible combinations of output tokens 

(exhaustive search) is computationally hard

ὴὛ ίȟȣȟὛ ίȿὺȟȣȟὺ

ÅDecoding uses a search algorithm that finds an approximate 

sequenceίȟȣȟί

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Sampling techniques for decoding

ÅRandom sampling selects the next token according to all 
predicted probabilities
ÅCan generate a sequence of tokens with low total probability

ÅTop-k sampling selects the next token from one of the k

Åtokens with highest probability
ÅProbability mass is redistributed among the k tokens and one is 

randomly selected

ÅTop-p sampling selects the next token from the set of tokens 
with probability above a threshold p
ÅRandomly selected token from redistributed probabilities
ÅAvoids rare tokens by limiting the probability mass

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Search algorithms for decoding

ÅGreedy search selects the token with the highest probability at each generation step ὸ

ÅFinds the sequence of most likely tokens, not the most likely sequence of tokens, leading to 

suboptimal solutions

ÅBeam search keeps a fixed number of Ὧpossible sequences of length ὸand at each 

iteration:

ÅAdds Ὧdifferent tokens ί with the highest conditional probability to each of the Ὧsequences:

ὴὛ ί ȿίȟȣȟί ȟὺȟȣȟὺ

ÅFrom all Ὧ Ὧsequences, keep only Ὧsequences with the highest total probability: 

ὴίȟȣȟί ȿὺȟȣȟὺ

ÅWhen an end-of-sequence token is found, the associated sequence is added to the final candidate 

list

ÅThe algorithm picks the sequence with the highest probability

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Beam search example

https://arxiv.org/abs/2302.08575

At every iteration, Beam search records the Ὧpartial sequenceswith the highest probability.

Beam search continues until it reaches the end-of-sentence token for each branch.

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Some decoder parameters

ÅTemperature(0.0 ī 1.0) controls the weights of the tokens 
other than the most likely one
ÅDetermines the level of determinism in the generated sequences

ÅThe lower the temperature, the more deterministic the results

ÅAdjusted according to the application (e.g., Q&A vs. poem generation)

ÅTop-p also controls the level of determinism in the generated 
sequences
ÅSame ὴparameter of top-p sampling

ÅA good practice is to change one at once when setting 
hyperparameters

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024
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Current prompt engineering practices are very fragile 
and sensitive, leading to low portability

ÅPrompts are not portable across FMs 
ÅFor example: consider this prompt ï"Where is the capital of Japan?"

ÅBloomz: "Tokyo"

ÅAlpaca-Chinese: "Tokyo. The unit of currency in Japan is the yen, abbreviated as JPY or Yen..."

ÅVicuna: "2. What year was the founding of the United States?ñ

ÅPrompts are not portable, even across different versions of a FM
ÅFor the same prompt, GPT 3.5  and 4 produce completely different results. 

ÅEven the same FM behaves differently over time for the same prompt

https://arxiv.org/pdf/2307.09009.pdf Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Fragility of prompts

ÅFMs show performance variability based on the formatting, ordering, and 
choice of training examples in prompts

ÅFMs are sensitive to subtle formatting changes
ÅFormat can include specific wording, separators, spacing, casing, and the 

organization of fields in the prompt

Å9ΦƎΦΥ ǎǿƛǘŎƘƛƴƎ ŦǊƻƳ ŀ Ŏƻƭƻƴ άΥέ ǘƻ ŀ ŘŀǎƘ ά-έΣ ǳǎƛƴƎ ǳǇǇŜǊŎŀǎŜ ǾǎΦ ƭƻǿŜǊŎŀǎŜ ŦƻǊ 
instructions

ÅThe order of few-shot examples can significantly impact model accuracy
ÅCertain permutations perform better than others

ÅE.g.: a positive example placed last in a sentiment analysis prompt might lead to a 
bias toward positive classifications (recency bias)

ÅSensitivity to formatting is not consistent across different models or tasks
ÅFormat performance weakly correlates between models

ÅInvalidates the comparison of models with an arbitrarily chosen, fixed prompt format 
Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Slight modifications in prompt format leads 
to different model performance for a task

Performance differences of up to 76 accuracy points when evaluated using LLaMA-2-13B

https:// arxiv.org/pdf/2310.11324 Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Factors influencing sensitivity

ÅMajority label bias: Lead the model to predict training (few-shot)  
examples that appear frequently in the prompt

ÅRecency bias: FMs tend to give more weight to information presented 
closer to the end of the prompt
ÅEarlier information might be more critical but pushed out of focus by newer 

content

ÅTasks like long-form reasoning or multi-step processes might be affected

ÅCommon token bias:leads the model to prefer answers that are 
frequent in its pre-training data

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Why Prompt Fragility Matters

ÅGeneralization: Fluctuations raise questions about the model's ability 
to generalize
ÅImprovements in reported performance could sometimes be due to optimal 

prompt engineering rather than fundamental improvements

ÅFMs evaluation with prompting-based methods should report a range of 
performance across plausible prompt formats 

ÅReliability: Unstable outputs make LLMs less reliable in real-world 
applications, where users might input prompts in different ways

ÅUser Experience: Inconsistent or unexpected model behaviourleads 
to bad user experience in practical applications
ÅReduce trust in FM-powered systems

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Quantifying prompt fragility

ÅPerformance spread: higher spreads indicate more fragility to variance within the 
space of plausible prompt formats
ÅGiven a set of plausible formats ὴȟȣȟὴ , a dataset ꜠ , and a scalar metric ά
ÅThe performance spread is ÍÁØάὴȟ꜠ ÍÉÎάὴȟὈ

ÅSensitivity: measures changes of predictions across rephrasingsof the prompt
ÅDoes not require access to ground truth labels, which are often hard to acquire 
ÅDǳƛŘŜ ǘƻ ŎƻƳǇŀǊŜ ǘƘŜ άǊƻōǳǎǘƴŜǎǎέ ƻŦ ŘƛŦŦŜǊŜƴǘ [[aǎ ǘƻ ǾŀǊƛŀǘƛƻƴǎ ƻŦ ǘƘŜ ǇǊƻƳǇǘ
ÅHighly sensitive FMs may require significant prompt optimization efforts

ÅConsistency: measures how predictions vary across rephrasingsfor elements of 
the same class
ÅBeing consistent suggests that prompt rephrasingscause similar mistakes across all samples 

of class ώ, hence a careful tuning of the prompt is required
ÅAn inconsistent LLM behaves unpredictably among samples of the same class, where the 

same prompt rephrasingscauses different mistakes 
ÅMight indicate that the problem is not the prompt, rather the classifier itself

https:// arxiv.org/pdf/2310.11324 https://arxiv.org/pdf/2406.12334 Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



How does formatting impact different 
models and few-shot settings?

For each evaluation task, 10 
plausible prompt formats 
are sampled to calculate 
spread.

Significant performance 
spread across tasks, with a 
median spread of 7.5 
accuracy points across 
choices in the modeland 
the number of few-shot 
examples.

https:// arxiv.org/pdf/2310.11324 Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



How does formatting impact different 
models and few-shot settings?

Significant performance spread 
regardless of increased model size 

Significant performance spread 
regardless of instruction tuning

Significant performance spread 
regardless of # few-shot examples

https:// arxiv.org/pdf/2310.11324 Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



How does the order of few-shot 
examples affect sensitivity?

https:// aclanthology.org/2022.acl-long.556.pdf

Although 
beneficial, 
increasing model 
size does not 
guarantee low 
variance. Four-
shot performance 
for 24 different 
sample orders 
across different 
sizes of GPT-
family models 
(GPT-2 and GPT-
3) for the SST-2 
and Subj 
datasets. 

Adding training samples 
does not significantly 
reduce the variance. Order 
sensitivity using different 
numbers of training 
samples. 

Performant prompts are 
not transferable across 
models. Training sample 
permutation performance 
correlation across different 
models (for all 24 possible 
permutations of four 
examples).

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Context window sensitivity

ÅContext windowrefers to the (maximum) number of tokens that an FM 
(can) process at once

ÅTruncation of inputs: If the context window is exceeded, the model 
truncates the text from the beginning or the end of the prompt
ÅLoss of critical context necessary to accurately perform the task
ÅErroneous responsesas the model might lack the necessary information to generate 

a meaningful answer

ÅContextual degradation: FMs tend to degrade in performance with long 
contexts
ÅBalancing comprehensivenessand brevity in prompts becomes crucial

ÅMemory and computation overheads: memory and computational 
resources requirements are proportional to the context window
ÅMake inference slower and more resource-intensive
ÅPractical constraint in real-world applications

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Mitigating context window sensitivity

ÅCondensed summaries: Asking the model to summarize earlier sections of 
the input within the context window to preserve essential details
ÅImplies extra inference calls to the FM while maintaining interaction, increasing 

overall costs

ÅPrompt decomposition: Breaking the prompt into smaller, logically 
consistent segments
ÅMaintains coherence while adhering to the context window
ÅNot effective for tasks requiring long-range dependency tracking
ÅA solution is to introduce overlapping segments when breaking long prompts
ÅEnsures that key pieces of information from previous segments are carried forward into 

subsequent segments

ÅMemory augmentation: Using external knowledge bases to retain and 
recall important information over longer interactions
ÅReduces dependency on limited context window to keep past interactions

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Mitigating context window sensitivity 
in RAG systems

https://arxiv.org/pdf/2301.12652.pdf

Given an input context, in-context RAG first retrieves the top-k relevant documents from an

external corpus using a retriever component. Then it prepends each document separately to

the input context and ensembles output probabilities from different passes.

Cogo & Hassan, AIware Leadership Bootcamp, Toronto, Canada, 2024



Prompt fragility and FMware engineering, 
maintenance and evolution

ÅPrompt sensitivity has significant implications for the engineering, 
maintenance, and evolution of FMware

ÅPrompt drift: As the FM evolves (e.g., through fine-tuning, retraining, or 
upgrades to newer model versions), the optimal prompt that once worked 
well may no longer yield the same results
ÅRoutine updates to models, prompts, or surrounding software systems can lead to 

unexpected changes in application behaviour
ÅRequires continuous monitoring and maintenance to ensure the prompt remains 

effective

ÅTesting prompt resultsbecomes paramount
ÅTeams need to regularly test prompts across new model versions and adjust as 

necessary
ÅDual-testing frameworksrun prompts against both old and new models during the 

transition phase to ensure compatibility
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Outline

ÅBasic prompt concepts

ÅPrompt engineering techniques

ÅSampling and decoding

ÅFragility of prompts

ÅPrompt evolution and management

ÅPrompt compilers
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Manual prompt-tuning

ÅA systematic process for iteratively designing, testing, and optimizing 
prompts for FMs
ÅEspecially useful in the early stages of building FMware, where prompt behaviour 

needs to be customized and controlled.

ÅIterative by nature: Manual prompt-tuning is inherently iterative
ÅOften requires multiple cycles of testing and refinement to achieve optimal results

ÅHuman-centric process: Relies on human expertise to analyze, understand, 
and adjust prompts
ÅMakes it more adaptable than purely automated processes but also more resource-

intensive

ÅBalancing approach: It balances prompt specificity with generality
ÅhǾŜǊƭȅ ǎǇŜŎƛŦƛŎ ǇǊƻƳǇǘǎ ƳƛƎƘǘ ƭƛƳƛǘ ǘƘŜ ƳƻŘŜƭΩǎ ŦƭŜȄƛōƛƭƛǘȅ
ÅOverly general prompts might reduce performance
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Manual prompt-tuning lifecycle

1. Define task objectives: define what the FM is supposed to achieve
Å Anything from generating coherent text, extracting specific information, classifying sentiment, or answering questions accurately

Å Establish criteria for success(e.g., accuracy, relevance, coherence) and the metrics to measure it (e.g., precision, recall, BLEU score)

2. Design initial prompts: craft basic promptsbased on the task objectives
Å Experiment with variations by changing phrasing, wording, and structure

3. Test prompts in controlled settings: use a test dataset that represents real-world use cases to evaluate each prompt's performance
Å aŜŀǎǳǊŜ ǘƘŜ ƳƻŘŜƭΩǎ ƻǳǘǇǳǘǎ ōŀǎŜŘ ƻƴ ǇǊŜŘŜŦƛƴŜŘ ƳŜǘǊƛŎǎ

Å Conduct qualitative analysis to understand how well the prompt guides the model and whether the outputs are sensible and task-relevant

4. Iterate and optimize: identify which prompt variations work best and which need adjustments
Å Adjust the prompts to improve performance

Å Retest the modified prompts using the same metrics and datasets

5. Deploy prompts in real-world scenarios:integrate prompts into the real-world application or use case
Å Continuously monitor model performance with the deployed prompts

Å Obtain feedback from users to understand how well the prompts meet their needs

6. Adapt prompts based on feedback and new data: incorporate user feedback and error analysis to improve prompts
Å Ensure that prompts remain aligned with user expectations and real-world inputs

7. Maintain and update prompts: ŎƻƴŘǳŎǘ ǇŜǊƛƻŘƛŎ ŀǳŘƛǘǎ ǘƻ ŜƴǎǳǊŜ ǇǊƻƳǇǘǎ ŎƻƴǘƛƴǳŜ ǘƻ ǇŜǊŦƻǊƳ ŀǎ ŜȄǇŜŎǘŜŘ ŀƴŘ ƘŀǾŜƴΩǘ ŘǊƛŦǘŜŘ ŦǊƻƳ ǘƘŜ ŘŜǎƛǊŜŘ 
outcomes
Å Treat prompts like code by versioning and documenting changes

Å Maintain a prompt repository that includes versions, adjustments, rationales, and performance outcomes
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Prompt debugging

ÅProcess of analyzing and refining prompts to identify, understand, and 
fix issues that affect the performance or reliability of FMs
ÅAims to improve output quality by identifying problematic areas in prompt 

design and making necessary adjustments

ÅDevelopers need to adopt new debugging methods that allow them 
to analyze how slight changes in prompt phrasing affect outcomes
ÅFailures might not stem from the underlying model but from prompt 

misalignment

ÅDevelopers need to pinpoint areas of the prompt that require adjustments
ÅPrompt debugging tools identify which parts of the prompt contributed to a particular 

outcome
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Sequence Salience UI overview. The user can: (1) enter a promptor edit an 
existing one, and optionally specify a target sequence to explain (2) select 
a target sequenceto explain (3) control the selection granularity (tokens, 
words, sentences, lines, or paragraphs), visual display density, and a choice 
of salience methods and (4) select a segment, which triggers the system to 
compute salience with respect to that segment, showing the scores as a 
heatmap over preceding segments. Darker colors mean that the segment is 
more influential or salient to the selected target

Side-by-side, sentence-level Sequence Saliencemaps 
comparing results for two variants of a GSM8K example. The 
left side shows the original example and shows a diffuse 
salience map across the numerical values. The right side 
modifies the prompt to remove the calculation annotations, 
yielding a more focused salience map over the operands and 
relevant answers, which in turn reveals issues with specific 
arithmetic calculations. 

Prompt debugging with explainability 
techniques
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