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A lay of the land - what wi

tune model output?

Hard Prompt tuning
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By ncorporating these three propertis nto ard promps, you can create more challenging and engaging tasks fo anguage models o solve.

5 User You are an Generative Al expert. List e three different ropertie or hard promps. B crisp nd prescripeive.

1. pecicy: Hard pro i e highiy specfic and detale, providing lea nstruction 1 the Language model on what espanse is expected. This ncuces o

constraints, nd specifying thedesied tone,stye, and structure of the response.

2. Complexty: Hard prompts should be complex and nuanced, equirng the Language model to engage n higher-lvel thinking and generate 3 more sophisticated

complex lemmas, o proviing scenarios that are ot easly predict

3. Uncertainy: Hard prompts should contain uncertainty o ambiguty, which can be achieved by providing multiple pasibi answersorscenaros, o by asing qued
s the language modelto explore diferent possibllties and generate creative soluions.

By Incorporating these three propertis nto ard promes, you can create tasks that are more chalenging and engaging for anguage models, leading to more orig)
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Soft Prompt tuning
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Prefix tuning

Fine-tuning
Transformer (Translation)

Transformer (Summarization)
[ - am

Transformer (Table-to-text)
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name Starbucks type coffee shop [SEP] Starbucks serves coffee
Prefix Input (table-to-text) Output (table-to-text)
(Translation)
1 .. .
Prefix-tuning
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Hard Prompt
Optmization
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Hard prompt optimization from a user perspective

Run the

Initial prompt — ->
/‘ EEE PIOmp model

User Inspect the
output
Tweak
prompt
setting



Hard Prompt Optimization

Advantages: Drawbacks:

« Human readable - Optimization often requires trial &

) error => Large Effort
« Open to non-technical users

- Prompt formats differs slightly
between models

Potential: . Static in nature and hence

- Flexibility by using templates inflexible
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Optimization
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Soft Prompts

Trainable Parameters Input Prompt
Virtual Tokens Always take the scenic route
(¢ J
Y
Task specific
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Soft Prompts - Finetuning

Virtual Tokens Always take scenic route _
)
Y
Small amount 1 .. 100s billions
of parameters parameter
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Soft Prompts Finetuning - does it work?

—®= Model Tuning —Hl- Prompt Design
Model Tuning (Multi-task)  =%= Prompt Tuning

v
-~
O
O
wn
L
>
-
O
—
v
Q
=
wn

10° 1010
Model Parameters

aws

N 2) © 2024, Amazon Web Services, Inc. or its affiliates. All rights reserved.

Source: The Power of Scale
for Parameter-Efficient
Prompt Tuning
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Soft Prompts - Summary

Advantages:

 Flexibility - easy adaptation across
different tasks without changing
entire model

- Efficiency - more versatile strategy,
particularly useful in multi-task
learning

Potential:

« Enable more nuanced and
adaptable responses from Al
models

Drawbacks:

 Less interpretable by humans due
to their non-linguistic nature

- Work best if model is open-source
and user can take full control.

« Might be less relevant with LoRA
Adapters
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Automation of the
optimzation process #
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How to do this in a more automated fashion?

« Use LLMs as optimizer!

objective function
evaluator

return top solulions

when finish meta-prompt

LLM as solution-score pairs

optimizer task description

Source: LARGE LANGUAGE MODELS AS OPTIMIZERS

aws

N > © 2024, Amazon Web Services, Inc. or its affiliates. All rights reserved.

16


https://arxiv.org/pdf/2309.03409.pdf

LLMs as optimizers

Prompting with natural language feedback. A recent line of work investigates approaches to
improve the LLM performance by prompting with natural language feedback to revise the model
output, which has shown effectiveness in reducing harmful LLM outputs (Bai et al., 2022; Ganguli
et al., 2023), improving reasoning (Shinn et al., 2023: Madaan et al., 2023) and code generation
performance (Chen et al., 2023e; Olausson et al., 2023; Shinn et al., 2023; Chen et al., 2023b),
dialogue applications (Nair et al., 2023; Madaan et al., 2023; Yuan et al., 2023), and so on (Kim et al., We dO thIS
2023; Wang et al., 2023). Specifically, Yuan et al. (2023) develops a human-in-the-loop framework
for deriving system-level feedback from a collection of instance-level feedback, which is then used
for refining data. In our work, the optimizer LLM utilizes the optimization trajectory in the prompt,
which implicitly requires the LLM to summarize the common characteristics among solutions with
similar scores. We consider incorporating explicit natural language feedback on generated solutions
for later optimization steps as future work.

Tuning language models for optimization. Some previous works tune or prompt language models
to behave as mutation and crossover operators in evolutionary algorithms. Meyerson et al. (2023)
utilizes language models with few-shot exemplars to propose evolutionary cross-overs on tasks such
as image and code generation. In Lehman et al. (2022), the large language model trained on code diff
generation is used as the mutation operator, and they further design a fine-tuning method to improve
performance in the Sodarace domain for robot simulation. EvoPrompting (Chen et al., 2023a) uses

large language models to evolve neural network architectures, where they combine evolutionary
search with soft prompt tuning. With respect to taking the trajectory as the input for optimization,
OptFormer (Chen et al., 2022) trains a transformer model on large collections of hyperparameter
optimization data. On the other hand, our work performs optimization solely by prompting without
additional training.

Source: LARGE LANGUAGE MODELS AS OPTIMIZERS
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https://arxiv.org/pdf/2309.03409.pdf

From Experimentation to a more systematic approach

Run the

Init prompt — —>
/"‘ template model _\
/ Inspect the
& Improve the output
prompt
User

Recommendations Assign goal

for improvement — metric /
benchmark
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How do we orchestrate the prompt optimization?

Run the

Init prompt — —>
template model _\
/ Inspect the
Improve the output
prompt
Recommendations Assign goal

for improvement — metric /

j } benchmark

Prompt Guide
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Different Ways to orchestrate

Complexity
1. Build it yourself from the ground
up

2. Use a Library like ™. LangGraph

3. Use a Framework like

autogen
AG

Learning
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Guide the Optimization Process by setting Goals

Qualitative Goals Quantitative Goals

> Example: Generate Marketing E- » How much of a score can | achieve?

Mails
> Potentially a lot of effort if you use
How well do the output adheres to entire data set => use a subset
the provided style guidelines?

» Example: Instruction Generation

How easy is it to follow the
instructions?
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This image was generated by Titan Image Generator G1 v1 on Amazon Bedrock.
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On Quantitative Goals

Things to consider: Priority
»Benchmark Data

>Evaluation Function
»Qutput Parsing

>Multithreading to reduce execution time
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Deep Dive Time - Solution Walkthrough

“Dive Deep Leaders operate at all levels
stay connected to the details, audit

frequently, and are skeptical when metrlcs .

and anecdote differ. No task is beneath AL,

them.” — Amazon Leadership Principle TS
N T "
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https://www.amazon.jobs/content/en/our-workplace/leadership-principles

Wrap Up and References

Key Takeaways:

- Try to automate as much as
possible

« Apart from Finetuning,
optimization outside of models is
possible

« Use available library and
frameworks
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References:

« Paper: The Power of Scale for
Parameter-Efficient Prompt Tuning

« Paper: LARGE LANGUAGE MODELS
AS OPTIMIZERS

« Blogpost: From Prompt
Engineering to Auto Prompt
Optimisation

« Code on GitHub: Soft-Prompt
Optimization
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Github Repo
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