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LLM Feedback Loops for More
Reliable AI Output

How I Stopped Prompt Engineering
and Started Outcome Engineering –
The Non-Coder's Guide to AI
I used to think better AI results came from longer prompts. What changed
everything was realizing that reliable output doesn't come from saying more. It
comes from building a process the model can work inside.

I used to write prompts like manifestos. Three paragraphs of context, bullet-pointed
instructions, examples wrapped in examples. I'd paste these novels into ChatGPT
and hope for coherent output. Sometimes it worked. Mostly it didn't.

The breakthrough came when I realized I was thinking like a writer trying to control
an AI, instead of thinking like an engineer managing a process. LLM feedback loops
aren't about crafting the perfect prompt. They're about building structured
environments where minimal inputs produce reliable outputs.

In practice, that means replacing verbose prompts with reusable schemas that carry
context forward through memory and iteration. It means using language as a
measurement tool to test, critique, and refine outputs instead of trying to specify
everything upfront. And it means shifting from prompt crafting to outcome
management by treating the interaction as a process, not a one-shot writing
exercise.

The Prompting Trap I Fell Into
Last year, I spent three hours crafting a single prompt for a strategy document. I
included the company background, the audience profile, the desired tone, examples
of good writing, and a detailed outline. The result was generic corporate speak that
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missed the mark entirely.

The problem wasn't the effort. It was where I put it. I was trying to frontload all the
intelligence into one massive input, like explaining an entire project to someone in a
single conversation and expecting perfect execution. The quality of input matters,
but the deeper truth is that quality comes from embedding intelligence in the
environment, not cramming it into the initial request.

The prompt isn't the system. It's just the entry point.

That was the first faint glimmer in the blackness for me. Once I saw it, the whole
workflow changed. Experienced developers don't write thousand-line functions and
hope for the best. They build small, composable pieces that work together through
clear interfaces and shared structure. That same logic applies here, even if you
don't write code.

Language as Your Debugging Tool
Once you stop treating the prompt as the main event, a more useful pattern
appears. Language stops being just an instruction layer and becomes a testing layer
too.

The shift happened when I started treating language like code. In programming, you
write a function, test it, see what breaks, and iterate. You don't try to write perfect
code on the first pass.

With LLMs, language becomes your debugging interface. You can ask, “What's
unclear about this section?” or “Rate the clarity of this argument from 1-10 and
explain your reasoning.” The model doesn't just generate. It reflects, measures, and
helps you calibrate.

I now spend more time in conversation with the output than crafting the input. A
typical session moves through a simple loop: minimal prompt, draft, critique,
refinement, and validation. Each pass exposes something the previous one missed.

For example, when writing executive summaries, I might start with: “Draft a 200-
word executive summary for [topic].” Then I ask: “What key stakeholder concern
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does this summary fail to address?” That second question often surfaces the insight
that makes the summary genuinely useful.

This is where the decision shift becomes clear. You want reliable output, not
occasional brilliance. The friction is that long prompts feel thorough while still
producing uneven results. The belief that unlocks better work is that reliability
comes from process, not verbosity. The mechanism is the Triangulation Method:
start with a simple structure, test the output against explicit criteria, and use each
feedback loop to tighten the result. Once those conditions are in place, the decision
gets easier. You stop asking how to write a better prompt and start asking how to
build a better loop.

Building Structured Environments
That naturally leads to the next change: structure has to live somewhere more
durable than a single prompt.

The real breakthrough came from understanding schemas. Instead of describing
what I want in prose every time, I create templates that carry the intelligence
forward.

A friend who runs a consulting firm showed me what this looks like in practice.
Instead of writing detailed briefs for each report, he built a structured template with
placeholders for key insights, stakeholder concerns, and recommended actions.
Now he feeds the AI raw research notes and lets the template shape the output. His
reports went from inconsistent to reliably sharp.

The real leverage isn't better prompting. It's better constraints, better
structure, and better loops.

The magic isn't in the initial prompt. It's in the environment where the output gets
assembled. When you embed structure, constraints, and success criteria into the
interaction itself, minimal inputs can produce sophisticated results.

This approach scales because the structure compounds. I've used it for board
presentations, research memos, and strategy drafts. The template becomes a
reusable asset, and each round of use improves it.
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What Good Outcome Management Looks Like
Once you work this way for a while, the interaction feels fundamentally different.
You're no longer hoping for a strong result. You're engineering one.

I start with structure, not content. I define success criteria before generating
anything. I use the AI to critique its own work against specific standards. Most
importantly, I treat each interaction as part of a larger process, not a standalone
transaction.

The practical effect is simple. First drafts are better. Revision cycles are shorter. I
spend less time fighting with prompts and more time refining ideas.

Your First Reversible Test
If you're still writing paragraph-long prompts, the easiest way to test this is with a
routine task. Pick something you already do regularly and strip the prompt down.
Build a simple template with a few key sections, feed the AI only the essential input,
and let the structure do more of the work.

Then use the output as something to inspect, not just accept. Ask what's missing,
what's unclear, and what would make the result more useful for the actual
audience. That feedback helps you improve both the template and the content,
which is exactly how LLM feedback loops become reliable instead of accidental.

This is why I stopped thinking in terms of prompt engineering alone. The real shift
was toward outcome engineering: building an environment where language,
structure, and iteration work together. Once you make that shift, AI stops feeling
like a slot machine and starts feeling like a process you can steer.


