
Self-Improving GenAI
Without Fine -Tuning



About Source Allies
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● IT Consultancy  

○ Industries: Insurance, AgriTech, Energy, FinTech

○ Engineers (Data, AI/ ML/ LLM, Software, Cloud, DevOps)

● Builders Who Teach

● Simplest Architecture

Presenter Notes
Presentation Notes
Tie back to “Dependent relationships aren’t our thing” :) 

Consider adding: We build production AI systems that have to pass governance, not just demos

In much of our Data & AI work, we’re take pride in building the simplest architecture vs. the over-engineered / rube goldberg machines we see out there from other proserv groups we’re often brought in to fix.

And in terms of expertise in both cloud an on-prem, often with kubernetes, we’ve got you covered with so many certifications and competencies from cloud providers - which give us the ability to use special funding mechanisms … you know the drill.



About Our Speakers
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Matt Vincent
• Founded Source Allies in 2002
• One of several teammates who started our AI practice 7+ years ago
• Fun fact: Dad led neural networks research group

Ben McHone
• Open source contributor: Phoenix, LangChain, DSPy
• Builds production AI systems (agents → multi -agent)
• Turns vague ideas into deterministic-ish systems

Presenter Notes
Presentation Notes
We recently took a trip to San Francisco with Ben and he really is respected in the AI Open Source community - CEO of langchain wanted to say hi gave free ticket to GTC 2026 (“Super Bowl of AI”), the head of Open Source at Arize was thanking him…
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Presenter Notes
Presentation Notes
Point to the speaker runners

The GenAI Divide
STATE OF AI IN
BUSINESS 2025
https://mlq.ai/media/quarterly_decks/v0.1_State_of_AI_in_Business_2025_Report.pdf
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Most GenAI Projects Fail Due to Lack of Trust,

Not Capability

Question:  What are you doing to improve trust?
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Presenter Notes
Presentation Notes
“AI Moves at the Speed of Trust”�Trust is subjective - "Does it feel right?"
Acceptance criteria are vague - "Make it better"�Lead audience towards: Trust requires measurement (evals)���Audience Participation - What are people doing to improve trust? “Evals” “A/B testing” “Frequent demos”, “RLHF - Reinforcement learning through human feedback”

RIGHT!   YOU HAVE TO MEASURE YOUR AI
EVALS ARE TABLE STAKES
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Presenter Notes
Presentation Notes
RIGHT!   YOU HAVE TO MEASURE YOUR AI�
EVALS ARE TABLE STAKES NOW.  IT IS STEP 1.��IF YOU NEE HELP WITH THIS OR ADVANCING YOUR EVALS, THAT’S AN AREA WHERE SOURCE ALLIES HAS DEEP EXPERTISE, SO STOP BY AFTER.��BUT THE KEY POINT HERE IS THAT YOU NEED TO MEASURE ONE OR MORE THINGS.  YOU NEED METRICS BEFORE YOU CAN USE THE APPROACHES WE TALK ABOUT TODAY
~~~~


“The Head of Product at Claude Code ran an eval to test Claude Code every time a new model came out.�That’s it. That’s modern AI product management.�If you’re not investing in evals, you’re not really shipping—you’re guessing” - Aparna Dhinakaran
https://x.com/aparnadhinak/status/2035150120539328617

Unsuccessful products almost always share a common root cause: a failure to create robust evaluation systems. - Hamel Husain
https://hamel.dev/blog/posts/evals/

The teams escaping the pilot trap are treating the pilot itself as a measurement exercise rather than a proof-of-concept. That means going into the pilot with defined success metrics, instrumented outputs, and a monitoring setup that can tell you whether those metrics are moving. - Jason Lopatecki
https://x.com/jason_lopatecki/status/2039364687536812270





MIT: State of AI in Business
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The Primary Barrier with GenAI Systems Isn’t Model Quality
It’s that our GenAI Systems Don’t Learn

● Don’t retain feedback
● Don’t improve over time 
● Don’t learn from how we work

Question: What are you doing 
today to mitigate this problem?

Presenter Notes
Presentation Notes
Strong evals are table stakes, GEPA and similar methods assume you have them.  But bringing this back to the Primary Barrier that the MIT State of AI in Business report shared:�Audience Participation 

The issue isn't that underlying LLMs are "dumb" , foundation models are powerful for generation, but that our deployed apps often treat them as non-learning black boxes without the surrounding architecture (memory, feedback loops, RAG with updates, fine-tuning mechanisms, or agentic persistence) needed for ongoing adaptation.

This aligns with a broader technical reality: Standard generative AI (transformer-based LLMs) is inference-only in most apps. They don't "learn" in real-time like traditional online machine learning systems; any adaptation requires separate processes like retrieval, fine-tuning, or human-in-the-loop overrides.

Success stories emphasize:
Continuous learning systems over broad features.
Context retention and memory (e.g., persistent knowledge bases).
Feedback loops where the system improves from corrections.
Humble designs that surface uncertainty and learn rather than hallucinate confidently.
Better organizational integration, not just bolting AI onto existing processes.

Reflective prompt mutation (the core idea behind GEPA and optimize-anything) isn't just another trick; it sits at a fundamentally different layer: it extracts reusable strategies and principles in natural language from execution traces. The alternatives below are powerful but address different problems:��
“Just use RL / fine-tuning”
“RL and fine-tuning are fantastic - they literally changed the field. But they’re expensive in both data and compute, and they collapse everything into a scalar reward. GEPA’s paper (arXiv 2507.19457) directly compared reflective prompt mutation to GRPO (a strong RL baseline for prompt optimization) across six tasks. Result? GEPA beat GRPO by 6–20% while using up to 35× fewer rollouts.
Why? Because instead of turning trajectories into a single number, the system reflects in plain English: ‘Here’s why this reasoning trace failed on step 3, and here’s the high-level principle we should add.’ You get interpretable strategies you can read, reuse, and port across models or tasks - not just updated weights for one model.
So yes, RL works. Reflective prompt mutation often works better and cheaper, especially when you don’t have thousands of labeled trajectories or GPU weeks to burn.”
“Just add RAG — better context”
“RAG is brilliant for grounding in facts. But context is only half the battle. Even with perfect retrieval, the reasoning strategy can still be mediocre.
Reflective prompt mutation operates one level higher: it watches the full trajectory (retrieved docs + reasoning + output), reflects on where the strategy broke, and mutates the prompt to encode a better general approach. GEPA experiments showed that the evolved instructions generalize better than exemplar-heavy prompts precisely because they distill principles, not just more context.
In short: RAG gives you better data. Reflective mutation gives you better thinking. They compose beautifully - you can even use GEPA to optimize the RAG prompt itself.”
“Just add memory”
“Memory is essential — we all love persistent state. But raw memory just records steps; it doesn’t abstract them. You end up with a long, noisy history that the model has to re-read every time.
Reflective prompt mutation does the abstraction for you. It looks at many trajectories in memory, diagnoses recurring failure patterns in natural language, and mutates the system prompt to encode the lesson as a reusable principle. The result is a shorter, higher-signal instruction set that generalizes to new cases instead of replaying old mistakes.
Memory stores the past. Reflective mutation learns from it.”
“Just add skills” (or tools / agents)
“Absolutely — skills and tools are the future. The real question is: how do you discover and refine the right skills in the first place?
That’s exactly where GEPA and optimize-anything shine. Because they optimize any text artifact (prompts, code, agent architectures, even entire workflow descriptions), they can literally evolve new skills from scratch. The optimize-anything framework has already been used to evolve agent architectures, cloud scheduling policies, and code — all by reflecting on failures and mutating the textual spec.
So yes, add skills. But use reflective prompt mutation to build the right ones, faster and more systematically than manual trial-and-error.”
—--------------------------
“None of these are enemies — RAG, memory, skills, and even RL are all force-multipliers. But reflective prompt mutation is the meta-layer that makes them smarter. It turns trial-and-error into explicit, human-readable strategy. And because it works on any text, the same technique that optimizes a prompt today can optimize an agent architecture or a piece of code tomorrow.
That’s why GEPA and optimize-anything aren’t just prompt tools, they’re a new, sample-efficient way to do RL in language space.”
This framing positions your topic as the natural next step rather than a competitor, which lands much better with technical audiences.





MIT: State of AI in Business
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The Primary Barrier with GenAI Systems Isn’t Model Quality
It’s that our GenAI Systems Don’t Learn

This feedback 
improves 

Google's model,  
not yours.

Presenter Notes
Presentation Notes
We’re accustomed to feedback systems (RLHF), but it’s not helping the AI for our team/department/company get better or provide competitive differentiation, it’s helping the next frontier model get better for Anthropic, Google, OpenAI….��Or we’re capturing it “to use in the future”.  Well, good news is that the future is now here and it’s not going to be expensive as we thought to get our models to learn.
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Generic GenAI tools shine for 
individual brainstorming, but stall 
in enterprise settings because they 
lack iterative learning.

Path forward involves moving 
beyond prompt-and-forget LLMs 
toward systems with continuous 
improvement loops.

Presenter Notes
Presentation Notes
MIT clearly diagnoses the problem and describes the properties of the solution—but does not provide a concrete blueprint for building it.��The primary barrier is not model quality, infrastructure, regulation, or talent shortages. It's learning — specifically, the "learning gap":
Most GenAI systems do not retain feedback, adapt to context, or improve over time.
every interaction often requires re-providing full context, and they don't accumulate organizational knowledge or learn from user corrections/edits.
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RL/Fine-Tuning Can Be a Trap

● Requires Infrastructure & AIOps *
○ Lose "shared responsibility" comfort**

● Triggers heavier governance vs. consumable API

* Some fine-tuning APIs exist to create managed, no weight access models.
** Where cloud vendor takes primary resp for model's core behavior, safety, and updates.

Presenter Notes
Presentation Notes
And the normal goto for learning, RL/Fine-tuning, has some downfalls.

Change this to focus on new weights vs new instructions

Instructions can be validated by a human, weights require inherent trust
Model Risk Management is not a common task with our clients today - Validate this claim with Grey


"Treat the model as regulated software" means that once you fine-tune (or apply RL/LoRA/etc.) a large language model, regulators, internal risk teams, and compliance departments start treating the resulting system much more like a traditional piece of custom-built, high-risk software — rather than a lightweight, consumable API or prompt wrapper.
In practice, this triggers a significantly heavier governance, validation, and oversight regime, especially in regulated industries like banking, insurance, healthcare, or any sector under frameworks such as SR 11-7 (Federal Reserve/OCC guidance on Model Risk Management), SS1/23, or similar global standards.
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Presenter Notes
Presentation Notes
��https://youtu.be/SQtLYIbrWoM?si=YpXoK8tmElC43Nnm&t=739 - “Most failure modes are the result of poorly written prompts where the criteria or edge cases are under specified.  LLMs are really good at following instructions, but the hard part is actually writing good instructions.”

(1) LLMs are highly sensitive to prompt phrasing and structure
(2) many “failures” are actually instruction-specification failures
(3) improving prompts (clarity, constraints, edge cases) materially improves outcomes


“Failures are mostly due to underspecified prompts”
“The method we’re showing today GEPA discovers principles/strategies that weren’t explicitly stated”

“Some of the most important instructions aren’t written because we don’t know them yet—and GEPA helps uncover them.”����“Research shows that LLM performance is extremely sensitive to prompt quality—many failures are due to underspecified instructions.
But in practice, the challenge isn’t just writing clearer prompts—it’s that the right instructions often aren’t known upfront.
What looks like a prompt failure is often a knowledge gap: missing constraints, unstated strategies, or edge cases we haven’t yet articulated.
Techniques like GEPA are powerful because they don’t just refine prompts—they help surface the underlying principles that should have been in the prompt in the first place.”
����~~~ research ~~~


📄 Prompt engineering is immature / underspecified
The Prompt Report: A Systematic Survey of Prompting Techniques
Key support:
The field has a “fragmented ontological understanding” of prompts 
There is no clear consensus on what makes a “good prompt”
👉 Supports:
Writing good instructions is the hard part
Failures stem from poorly defined prompts

📄 Prompt sensitivity (failures from small changes)
https://arxiv.org/abs/2406.12334�“What Did I Do Wrong? Quantifying LLMs' Sensitivity…”
Key finding:
LLM outputs vary significantly across minor prompt rephrasings
👉 Supports:
Many failures are prompt artifacts, not model limitations

📄 Instruction-following depends on phrasing (not task difficulty)
https://arxiv.org/abs/2410.14516�“Do LLMs ‘know’ internally when they follow instructions?”
Key finding:
Success correlates more with prompt phrasing than task difficulty
👉 Supports:
“LLMs are good at following instructions”
But outcomes depend on how instructions are written

📄 LLMs strongly follow instructions—even bad ones
https://arxiv.org/abs/2308.10819�“Evaluating Instruction-Following Robustness…”
Key finding:
Models are often overly sensitive to instructions in prompts
👉 Supports:
If instructions are flawed → outputs will be flawed
The model is doing what you said, not what you meant
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Presenter Notes
Presentation Notes
https://www.youtube.com/watch?v=0cVuMHaYEHE&t=692s

https://natebjones.com

There is no predefined playbook for how to use LLMs effectively—so we are collectively discovering it in real time.

Wouldn’t it be cool if we had a systematic way to do this, versus just manual trial and error?
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RL / Fine-Tuning ● Deep model optimization, proven at 
scale

● Expensive, slow to change, 
triggers governance overhead

RAG ● Better grounding with current, 
domain-specific facts

● Improves data, not reasoning 
strategy

5 Xä ç ì© ڈ $ çãḟ ã§Äö©�JNìç î î �î Xî î Äçã î ₧�ãç �ìX└
êìç¶ÄTÄãz�NçãöX®ö

● Stores history, doesn’t extract 
lessons from it

Hand-crafted 
prompts, skills, etc

● Fast to iterate, no infrastructure 
needed

● Doesn’t scale; humans miss 
recurring failure patterns

Presenter Notes
Presentation Notes
Each approach helps  but none closes the feedback loop


RL/fine-tuning - Yes RL works!  WhatIf? Faster and cheaper existed.  Interpretable strategies you can read, reuse, and port across models or tasks, vs. updated weights. 
RAG - Yes RAG gives you better data.  WhatIf?  You could get better thinking.  
Memory -  Yes, memory stores the past.  WhatIf? You could learn from it.
Skills / Tools / Agents - Yes & WhatIf? You had a way to build the right skills, faster and more systematically than manual trial-and-error.
Better Evaluations - Yes WhatIf? You could extract interpretable principles.
Hand-craft Stronger Prompts - Great for simple tasks. WhatIf? You could scale to compound systems w/ interacting prompts, tools, agents & failure modes.
More Rollouts at Inference - Powerful.  WhatIf? Less expensive alternative and fixed underlying strategy flaws where bad reasoning patterns get called repeatedly.




What If We Could...



What If We Could…
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● Improve AI continuously
● Extract strategies and principles uncovered from user feedback
● Use any model (Claude, GPT, open-source)
● Keep full audit trails
● Reverse changes in minutes, not weeks
● No infrastructure burden
● Align with existing governance structures
● And…Achieve similar improvements to Fine Tuning

Presenter Notes
Presentation Notes
Call out GEPA here so not burying too much, Optimize anything.  Here’s the library.��STOP.  Now LOOK TO FUTURE.��How it would typically work.
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Presenter Notes
Presentation Notes
We built a self-improving culinary AI using GEPA. Here's what that looks like.



Presenter Notes
Presentation Notes
Our demo takes you through the typical chat flow we’re all familiar with.  Along with the user feedback mechanisms we’re all familiar with.  But we know those feedback mechanisms typically just help the frontier model makers train their next big model.



Presenter Notes
Presentation Notes
What we want to measure in our demo, is how closely culinary / food / recipe answers resemble michelin star quality answers.



Presenter Notes
Presentation Notes
So where a small LLM out of the box might give a really simple answer to making a roast, we want an answer that would be more likely to give us michelin star food.

Now if you you’re thinking “how do I make a roast?” is wildly underspecified, you’re right!  And that’s kind of the point in this presentation :) 



Presenter Notes
Presentation Notes
Users give thumbs up/ thumbs down, and can add comments.



Presenter Notes
Presentation Notes
And are even prompted and rewarded for giving us the answers that an expert would provide.



How Do We Leverage This Data?
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Presenter Notes
Presentation Notes
Point to the speaker runners

The GenAI Divide
STATE OF AI IN
BUSINESS 2025
https://mlq.ai/media/quarterly_decks/v0.1_State_of_AI_in_Business_2025_Report.pdf



Presenter Notes
Presentation Notes
The starting system prompt, behind the scenes of the chat, starts simply:



Presenter Notes
Presentation Notes
And after optimization, captures principles of food science, knowledge about the domain, and even cooking strategies.  �Importantly, It does not list steps to prepare each dish.  No instructions on how to make a roast.��https://gist.github.com/BenMcH/783a560b895e7985e7eaa0833ac7f519



Presenter Notes
Presentation Notes
Users give thumbs up/ thumbs down, and can add comments.

Same model, same infra, see the better answer it kicked out with better system prompt�




Presenter Notes
Presentation Notes
You see, prompts are extremely important.  There are github repos that have the leaked system
Prompts from the major frontier commercial models and they are very extensive - 50-60k tokens in length, almost 15k words, 1200 lines, 98k characters.

https://github.com/x1xhlol/system-prompts-and-models-of-ai-tools/tree/main



Introducing GEPA
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Genetic Pareto, a framework can optimize text systems, like system prompts, 
using AI and written feedback .

"Evolutionary search works now because LLMs can perform the mutation 
intelligently"

Reflective prompt evolution can outperform reinforcement learning

Research: DSPy GEPA, Quality-Diversity Optimization 

Presenter Notes
Presentation Notes
Ben M will take this - Ideally reference interaction with GEPA maintainer

https://github.com/x1xhlol/system-prompts-and-models-of-ai-tools



Introducing GEPA
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GEPA Leverages LLMs to Understand:

● Principles: Extracts the underlying general rules or gaps that cause the 
failures in the first place.

● Practices: Discovers unspoken rules or “tribal knowledge” within our 
task.

● Strategies: Is able to “reason” ahead of time by reflecting on known 
failures or undesirable behavior that we are able to define.

● Techniques: The optimization result provides us specific patterns or 
analogies that resonate better with the language model.

Presenter Notes
Presentation Notes
Tell the audience to go out and look at the system prompts from SOTA tools. They are massive and an org traditionally can’t keep up

This slide was animated in the HTML to reveal each line upon clicking

Key Points to Remember:
"Take a deep breath" → 80.2% accuracy
"Let's work step by step" → 58.8% accuracy
Prompt phrasing matters enormously



The Magic - Reflective Prompt Evolution
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Traditional 
Optimization

GEPA

Numeric feedback only Natural language guides mutations

A| X�ä çTX̉�ìXJ î ç ã î �JMç §ö�Äöî �çß ã �ZJÄ̉§ìXî JãT�X¶ç ̉ ¶Xî �
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Presenter Notes
Presentation Notes
This slide was animated in the HTML 
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Presenter Notes
Presentation Notes
This slide was animated in the HTML to reveal each line upon clicking



Where else is text  used?
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What Else Can GEPA Optimize?

● Chat system prompts (this demo)

● LLM-as-judge prompts (this demo)

● Skill instructions and AGENTS.md

● MCP server descriptions

● Tool-routing logic

● Meta-optimization for custom instructions

● Any module in a compound AI system

Presenter Notes
Presentation Notes
Audience Participation

Discover tribal knowledge
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Pareto Frontiers as Trust Metrics
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Instead of asking "Is the model good enough?"

Old Way
"This version feels better"

GEPA Way
"This version dominates
the previous one across 
agreed trust dimensions"

Presenter Notes
Presentation Notes
This slide was animated in the HTML 



Side-by-Side Comparison
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Dimension RL/Fine-Tuning GEPA

What Changes Model Weights Instructions & Logic

Infrastructure GPUs, hosting, MLOps Serverless inference

Vendor Flexibility OSS Only OSS + Claude/GPT/Gemini

Cost Model Fixed + High Variable + Low

Time to Revert Days - Weeks Minutes

Presenter Notes
Presentation Notes
This slide was animated in the HTML 



The Self-Improving Loop
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Your feedback improves YOUR company's AI,
not just the foundation model 

User Chat  Thumbs Down Answer Why? Golden 
Answer 

Dataset GEPA  Better Prompt Improved Chat

Presenter Notes
Presentation Notes
This slide was animated in the HTML 



Before: The Baseline Prompt
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Generic, minimal domain knowledge

67%
Avg score

35%
Strict accuracy

Presenter Notes
Presentation Notes
This slide was animated in the HTML 
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Task inputs:

● A question about a specific chemical reaction or process related to 
cooking, baking, or food preparation

● Optional context…

Generated outputs:

● A detailed explanation of the chemical reaction or process

● Clear description of what happens chemically, why it’s important

Presenter Notes
Presentation Notes
This slide was animated in the HTML 
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Domain-specific knowledge:

● Chemical reactions: Maillard reaction, caramelization, emulsification

● Cooking techniques: sautéing, roasting, boiling, steaming

● Food chemistry: starches, proteins, carbohydrates, fats

Strategies:

● Use analogies to explain complex chemical concepts

● Provide step-by-step explanations of cooking processes

Presenter Notes
Presentation Notes
This slide was animated in the HTML 



A| X�>Xî §̉ öî

404040404040

Baseline
67.3% Avg score

35.3%  Strict accuracy

8 ê ḟ ä Ä™XT
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į Ā→◦ � Ää ê ìç¶Xä Xãö�Äã �J¶XìJzX�î Nç ìX
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Presenter Notes
Presentation Notes
https://gist.github.com/BenMcH/783a560b895e7985e7eaa0833ac7f519




GEPA at Scale
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Presenter Notes
Presentation Notes
Tell the audience to go out and look at the system prompts from SOTA tools. They are massive and an org traditionally can’t keep up

This slide was animated in the HTML to reveal each line upon clicking

Key Points to Remember:
"Take a deep breath" → 80.2% accuracy
"Let's work step by step" → 58.8% accuracy
Prompt phrasing matters enormously
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Presenter Notes
Presentation Notes
Dropbox recently shared GEPA wins:

Massive Error Reduction: NMSE on smaller models like Gemma-3 fell from 46.88 to 17.26.
Operational Reliability: Valid JSON output on smaller models improved from 58% to 99% (9 failures out of 856).
Cost & Scale: Optimizing cheaper open-weight models to match proprietary performance allows 10–100x more data labeling for the same cost.
Efficiency: Model adaptation time reduced from 1–2 weeks of manual "prompt surgery" to 1–2 days of automated optimization.
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$ §ììXãö�$ ̉ ÄXãö

ڈ + ( ;  �§î XT�öç �̉ XJ ìã �ê ìçêXì�í §Xì©�î Xä Jãḟ Nî �Zç ì�J �
TJöJ �̉ JÜX

ڈ # J î X̉ÄãX�●� � ₧�8 êḟ ä Ä™XT�� Ā� �┼▪ ℓ � �+ JÄã═
ڈ 2XJìãXT�î öJãTJ ìT�êJ† Xìã î �ß Äö| Äã �ö| X�TJöJ
ڈ &JöJ î Xö�ß J î �JM̉X�öç �MX�X®öìJNöXT�Zìçä �X®Äî ḟ ãz�

ìXêç ìḟ ãz�JãT�¶J ̉ ÄTJöXT
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Before After

Generic Domain-Specific (culinary chemistry)

No Examples Task Examples From Failures

No Strategies Learned Strategies

Vague Outputs Prescriptive Outputs

 ̉ ̉ �Z§̉ ̉ ©�J§TÄöJM̉X�JãT�ìX¶Xìî ÄM̉X‗

Presenter Notes
Presentation Notes
How many people have been to a Michelin star restaurant?



Enterprise Applications
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User Interactions

GEPA Optimizes Prompts

Users Provide Feedback

03 

01 02 

Regular Prompt Optimization Allows AI to Learn

Presenter Notes
Presentation Notes
Create an image of feedback and prompts flowing from

Enterprise App -> Phoenix
Phoenix -> GEPA
GEPA -> Enterprise App

This unlocks competitive advantage by removing the model upgrade cycle as our primary method of improvement



Flipping the Script
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Every time you upvote/downvote on ChatGPT, you’re helping 
OpenAI make a better foundation model.

You’re not helping YOUR company’s AI get better. 

GEPA flips this: Your feedback improves YOUR AI
Create competitive advantage, not just “rising tide lifts all boats”

Presenter Notes
Presentation Notes
This slide was animated in the HTML 
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User Feedback Loop

$ | Jö User 
Feedback

Phoenix 
Dataset

User Judge

Optimization
Improved Prompts

Scores

Optimization Pipeline

Presenter Notes
Presentation Notes
This slide was animated in the HTML 



How Do We Leverage This Data?
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We can demonstrate that AI can reflect on 
its own failures when given examples.

1. Gather Examples:Collect your team's 
top 5 instances of poor AI performance 
this week.

2. Request Improvement: Present the 
failed interaction to the AI and ask it to 
generate a refined prompt that would 
yield better results.

3. Iterate: Repeat the process for each 
example.

4. Validate: Test the newly generated 
prompt and refine further as necessary.

Presenter Notes
Presentation Notes
Point to the speaker runners

The GenAI Divide
STATE OF AI IN
BUSINESS 2025
https://mlq.ai/media/quarterly_decks/v0.1_State_of_AI_in_Business_2025_Report.pdf



Tomorrow!
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On Wednesday, Start Here 

1. Pick one AI workflow that gets complaints : customer-facing chat, internal doc 

search, whatever gets the most thumbs-down.

2. Add evals if you don't have them : even simple pass/fail from user feedback counts.

3. Run Optimize-Anything against it : one prompt, one afternoon. Read the principles it 

extracts.

4. Show the diff to your team : the before/after is the proof. Plain English, fully 

auditable.

Presenter Notes
Presentation Notes
We had this big aha moment.  It’s extracting principles and strategies that are not currently written down.  Not coming from RAG, not in skills, but learned by interacting with your entire team, department or enterprise.  This is a massive unlock.  This is what everyone’s been worried about - aging workforce, nothings written down, don’t know how to capture decades of experience…. That now has a solve… and for $5 in tokens.���It learns what nobody wrote down - and you can read what it learned. Extracts unspoken strategies from a handful of real interactions. Unlike fine-tuning's opaque weights, every improvement is plain English you can review, audit, and version-control.
Better instructions, not better models. Most LLM failures are knowledge gaps in your prompts. Small changes create big improvements. Smaller models perform like larger ones with the right strategies.
It works on any text. Prompts, skills, routing logic, judges. Every framework has a text file that's a huge lever.
Works with whatever you're using. Hand-rolled, LangChain, CrewAI, DSPy; Optimize-Anything doesn't care.
Stay on the upgrade path. Evals + prompt optimization run before you swap models. No lock-in, no retraining.
You can start tomorrow. No infrastructure, no AIOps team, just inference costs.





Questions?
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Pick one up 
from me or 

Ben or at our 
booth 

Presenter Notes
Presentation Notes
This slide was animated in the HTML 
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