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The Brief

The true story of poking a machine to see what makes it tick, and finding out where the judgment lives.



It’s late. The beer has gone warm because I keep forgetting it’s there. There’s a cursor blinking in a box and a machine on the other side of it that will answer anything I type, instantly, forever, and never once get tired of me or ask why I’m still up. And I’m always still up: I tell myself I’ll stop after this answer, or once this run finishes, and I never do. There’s always one more prompt, one more result worth waiting out — the same pull as a show you swore you’d quit two episodes ago. That’s the part that gets under your skin. You’re a kid on the beach with a stick and a jellyfish that doesn’t mind being poked — there’s nothing in there to mind — and after a while you stop watching the jellyfish and start watching yourself.

AI helped me write this. Most of it, honestly. I’m not smart enough to write half of it and too lazy to write the other half. The machine is neither of those things, so I split the work. It does the labor. I keep the judgment — which examples are real, which claims survived being tested, which sentences are quietly lying to you. That part doesn’t delegate. The rest is typing, and typing is what the machine is for.

So here’s a warning that’s also a promise: the load-bearing claims in here got stress-tested wherever I could test them, and a fair number didn’t survive. I’ve left the dead ones in — though I can’t always swear they’re dead. A buried claim might be dead, or might be one I stopped poking before I was sure. The failures turned out more useful than the claims that held, which is annoying but there it is. Where the evidence is mine, I’ve shown the receipt — the key numbers here on the page, the full runs in the references — including the many that made me look stupid. Where it’s someone else’s, I’ve cited them. Where I’m guessing, I’ve said “I’m guessing.”

The essay is short on purpose. If it sprawls it becomes the noise it’s warning you about.

And if you came for the moves, not the story: the techniques appendix and the one-pager are the operating manual — the essay is the why under them.




The first thing I noticed: I was using a genius to rename my variables

I catch myself doing this more than I’d like to admit.

I paste a function into the model and ask it to tidy up the names. Back it comes: temp is now pendingInvoices, x is now taxRate, same function otherwise. I say thanks, paste it back, move on. Five seconds, no harm, a perfectly good outcome.

For a while that was the whole of it: I typed, it tidied. The turn came on a harder kind of problem, when I stopped asking it to write and asked it to look. I pointed it at a stack of my own old pull requests and asked what rules I’d been following without ever writing them down. It gave me nothing to paste back — it gave back the principles, the ones I’d worked by for years and never named. Nothing I didn’t already know, dragged out where I could finally see it. That’s when I started wondering how much of my job it could do — and how much of it better than me.

Same tool. Same person. Nothing about the machine changed between renaming a variable and being shown what I’d been doing for years without naming it. What changed was the question — and with it, the entire class of thing I was willing to get back.

That gap is the whole essay. It’s also the easiest thing in the world to walk past.

Here’s the trap, and it isn’t stupidity, which is what makes it sticky. The ordinary way to use one of these things is as a faster autocomplete. Finish the line. Rename the variables. Write the boilerplate I was going to write anyway, just quicker. Used like that the machine is a better keyboard, which is genuinely useful and is roughly one percent of what’s sitting in front of you.

The thing that’s easy to miss is that autocomplete isn’t what the machine is — it’s what you asked for. The same system that renamed your variables can hold several readings of your problem at once and tell you which one it’d bet on — if you ask it to. Pin it to finishing your sentences and you’ve thrown away everything that separates it from a search box with better manners.

I’ll borrow a clean frame for the split, from Matuschak and Nielsen, who wrote about tools for thought. A medium can transmit — hand you back something you could have looked up — or it can let you think a thought that was formerly impossible for you. Their words, that last bit. The labels I hang on the two halves, transmissive and constructive, are mine, not theirs. The example I reach for is a calculator. It doesn’t store numbers on your behalf. It lets you reason about quantities you couldn’t hold in your head.

Run the machine through that test and the line is sharp. Renaming variables is transmissive. Asking it for the rules in my own pull requests was constructive — it put a thought in front of me I wasn’t going to reach on my own. Same system. I picked which one showed up, and most of us pick the familiar one, most of the time, because it’s so cheap.

And it is cheap, in a way worth being honest about. Autocomplete asks nothing of you. You already know what you want; you’re offloading the keystrokes. The constructive use asks for a real question — one you don’t have the answer to, phrased well enough that the reply could actually change your mind. There’s a catch buried in that, and it’s the uncomfortable kind. Asking the better question takes some of the same judgment the answer was supposed to give you. The people who’d gain most from the constructive use are often the ones who don’t realize they can phrase their way in. Which is the rest of the essay, so hold that thought.

The first move, then, isn’t a prompt trick or a newer model. It’s noticing which side of the line you’re standing on. When the most capable colleague you’ve ever had is doing work a search box could do, the bottleneck isn’t the tool. It’s the question.

Before the machine answers well, there’s a phase that’s just filling in the gaps — and they don’t all sit on your side. What you’re missing, it’s usually already read: the prior art, the standard name, the approach you’re circling. What it’s missing, only you have: the real problem, the codebase, the taste you never wrote down. Do that first and the answer’s finally worth having; skip it and you’ve got a clean answer to the wrong question.





The second thing: the value showed up before the machine did

It usually goes like this: I fire off one thought, then another on its heels — and somewhere in the second I realise the first was wrong. Not because the machine said so; it hasn’t answered yet. Because saying the second thing showed me what the first one missed. Then it’s a scramble to get the correction in before the model comes back committed to the version I’ve already outgrown, so it reads the tangle as one thought instead of charging down the wrong rabbit hole. Too slow, and I cancel its half-formed reply and start it again on the better line. The useful part already happened, before the machine did anything — in the gap between the first thought and the second.

That’s the part nobody warns you about with briefing one of these things: most of the value arrives before the machine does.

Writing the ask well drags your own thinking into the open — the constraints, the cases, the thing you actually want as opposed to the thing you said you wanted — and the act of dragging it out is where the contradictions surface. The psychologists got there first and gave it a name. The self-explanation effect: people who explain a worked example to themselves, in their own words, learn it better than people who just read it. Same example, no new information, better understanding. That’s Chi and colleagues, 1989. Writing a brief is self-explanation with a witness. You’re rubber-ducking, except the duck might answer back.

So even the briefs I never send earn their keep. The clarity is the point; the reply is a tip.

Now the half that’s less comfortable, and where I’ve got a number to show you. The same fullness that clarifies your head tends to be what lifts the answer’s quality too — one underspecification read from both ends, not two effects that happen to correlate.

I tested it on a skill that came with a proper brief — context, criteria, a couple of fully worked examples. I stripped out the worked examples and left every instruction in place, and the measured score fell from 9.5 to 5.3.

Read that as suggestive, not gospel: it was a single-judge run in my own eval harness, one reader, not a controlled trial. But the shape is brutal. The instructions still told the model exactly what to do. What went missing was the part that showed it what good looked like, and the output fell off a cliff.

Vagueness fails the same way at both ends, which is the tidy, grim part. It fails you — a vague ask lets you skate over the contradiction instead of crashing into it. And it fails the machine — nothing to anchor on, so it regresses to the plausible and the generic. One underspecification, two failures. When an answer comes back thin, the honest first question isn’t “why is the model bad at this.” It’s “what did I leave out of the brief.”

Vagueness isn’t the only way the brief steers you wrong. Working a hard problem through, the model kept reaching for the more elaborate answer — another layer, a cleverer mechanism than the one in front of it — and I kept steering it back to the plain version. Not once; every few turns. It doesn’t reach for the simplest thing that works; it reaches for the most complete-looking thing, and complete-looking isn’t simple. A real part of the work was holding a line on simplicity it wouldn’t hold on its own.

Which is the argument for staying rough on purpose. You can’t always tell what you’ve over-built until the answer comes back wrong-shaped, so you start loose, see where it breaks, and tighten a round at a time, steering at each fork while the wrong turn is still cheap. The first draft of the brief isn’t the brief — it’s how you find out what it should have been.

And here’s the asymmetry that made me sit up, because it’s one place the machine genuinely beats the human collaborator, and it has nothing to do with intelligence. With a person, you batch. You wait until you’re fairly sure, because interrupting a colleague with a half-formed thought has a social cost and you both know it. So you self-censor at exactly the messy, half-resolved stage — which is precisely the stage where saying it out loud would have helped you most. The holding-back has a name, evaluation apprehension: people float fewer half-formed ideas when they can be judged for them, and lowering the social stakes lets them out (Camacho & Paulus, 1995; Edmondson, 1999).

The machine has no such cost. You can hand it the half-formed thing, the contradiction you haven’t untangled, the “I think the problem is X but it might be Y,” at the very moment a human collaborator structurally can’t help you without it costing something. Explaining yourself helps even before you’ve sorted yourself out, and zero social cost is what lets you cash it in then. You can brief a machine better than a person not because it’s smarter, but because it never sighs.

So the brief isn’t a tax you pay to get a good answer. It’s the work. Most of it is yours, and most of that happens in the back-and-forth, not before it.

There’s a deeper reason it’s the work, and it sits on your side. You’re handing the machine a want it can’t hold — it chases whatever goal you can put in words, not the gain underneath the words. And half the time you don’t fully know that want yourself until you’ve tried to hand it over and watched the machine chase the wrong thing. You start out telling it what you want, and end up finding out what you actually wanted.





The third thing: I asked for a panel and got an echo

The pitch is irresistible, which should have been the first warning. You can’t get five senior engineers in a room on ten minutes’ notice. But you can ask one model to answer as five — the architect, the security reviewer, the poor soul who’ll maintain this in two years — and read all five at once. A panel, on demand, for free.

So I ran it. And the five experts mostly agreed. I rubbed my face and read it again, sure I’d set it up wrong.

That’s the first thing to be honest about, because the disappointment is where the lesson was hiding.

I ran it properly, in the end — several named personas on the same design questions, scored blind, then re-judged across two different model families so I wasn’t grading my own homework. I was hoping for a brawl. I got near-unanimity. On a question with a defensible answer, the personas converged — and the convergence was usually correctness, not mush. Where a design wanted splitting, all five said split it. I never found a clean term for it, so here’s mine: semantic convergence, stylistic divergence. They agree on what to do and dress it up differently.

Later, I pushed it past where I should have, just to watch it break. Not five engineers — six people from fields that share no working vocabulary: a chef, a field general, a trial lawyer, an ecologist, a jazz bandleader, a trauma surgeon. One question between them — take a 600-line module that does four things and split it into four services, or leave it whole? All six said leave it whole and tidy it inside. All six, unprompted, added the same exception: split only when one part genuinely outgrows the rest, never for neatness. The surgeon: the payment clears, the wire to inventory drops, and you’ve closed the chest before confirming hemostasis. The ecologist: every new boundary is an edge effect, signals arriving late, twice, or not at all. Six dialects, one call.

What the panel reliably varied wasn’t the decision. It was the considerations it turned up on the way there — the angles I’d have walked straight past. So a panel doesn’t buy you a vote. It buys you coverage. And the one place a named persona genuinely broke from the pack was where its corpus actually dissents — an opinionated voice refusing the others’ answer on principle. Which tells you exactly how to pick them: a persona earns its seat by what it will refuse to say.

That’s also why “think like a senior engineer” buys you almost nothing. It gives you the trained average in a slightly more confident voice, with no opinionated body of work behind it to pull the answer off-centre. “Think like Ousterhout,” or “like Hickey,” works because each name points at a narrow, published, opinionated corpus — a specific person who will reliably refuse certain things. In my runs the generic persona barely moved the result. The named ones moved it only where they truly dissent. My read is that the lift is corpus specificity, not the word “expert” — but the run I built to isolate that came back muddier than the claim, so take it as my interpretation, not a clean result.

Now the part that quietly voids the whole technique, and I’m going to pull the curtain on myself because I did exactly this to the essay you’re reading.

Five personas on one model is one model wearing five hats, nodding along to itself. When all five “experts” agree, that is not five confirmations. It’s one model in a mirror, laughing at its own joke.

I convened a panel on these very sections — the same move as above, named experts with their own opinionated corpora, but fitted to this essay’s domain instead of software design: not Ousterhout and Hickey, but eval researchers and cognitive psychologists. Percy Liang on whether a finding was a real, named property or just a vibe. Arvind Narayanan on whether the field already knew it. Kahneman on which bias it was wearing in engineering clothes. And it earned its keep, as coverage — angles I’d never have taken on myself. (A separate panel, the literary one I keep around to heckle the prose, caught a Catch-22 I’d buried in the first part and strolled straight past — Heller caught it, which figures.)

But its agreement I threw in the bin, because agreement from one model is just the model agreeing with itself. The check that actually mattered was the other one: a different model family entirely, the one that kept grading these sections and handing them back bleeding red ink — and the one that caught me leaning on a citation I couldn’t verify. The signal was never “the panel agreed.” It was the lines where the two families, independently, flagged the same sentence. Cross-family agreement means something. Same-model agreement doesn’t.

And even that second model isn’t a judge I hand the verdict to. It’s a second opinion I adjudicate. It widens what I can see; it doesn’t get to decide. I’m the one who took the panel’s catch and acted on it. I’m the one who cut the citation I couldn’t stand behind. The personas surfaced. I judged. That division of labour is the lesson.

There’s an economy to it. Originating the field is the expensive part; once the machine has laid the candidates out, picking among them is cheap by comparison. So let it flood the field, and spend yourself on the selection — the move that stays yours is redrawing the field, deciding the candidates are the wrong candidates. That one is rarer, and the machine won’t make it for you.

And it sets up the harder question, the one that comes when the answer arrives, panel-blessed or not, confidently wrong.





The fourth thing: it lied to me three times, fluently

A summary came back clean. The naive run had drifted off the task on every single example, five for five. Tidy result, clear story, exactly the shape I was hoping to report.

It was also wrong. I almost let it stand — the summary was so tidy, why doubt it? But five-for-five is the kind of clean that should itch, so I had the model go back into the raw. The “drift” was mostly the model reasonably declining to make a change I’d never actually authorized. The summary hadn’t lied on purpose. It had just done what summaries do — smoothed a messy reality into a confident sentence.

That happened three times in one stretch of work on this essay. A second summary told me both arms of an experiment had run on the same model; the config file said otherwise. A third reported one tier’s score as zero; a bigger run showed it was nothing of the sort, just noise off a single sample. Every one read as authoritative, and every one was caught the same way — not by me re-reading the raw. If I’d checked it all by hand I could have written it all by hand, which was never the job. They were caught because a number sat wrong: flat when it should have moved, down when the hypothesis said up. That wrongness is a flinch, and the flinch was mine. The reading it set off — go confirm this against the runs — I handed straight back, and that’s when the model found the tests that had errored out instead of scoring. Sometimes I catch it earlier, watching the diff it writes and stopping a bad one before it lands. Either way the labor is the machine’s; the suspicion is mine.

That move — distrusting the fluent answer enough to stop and have it checked — is the skill. Call it rejection.

The failure mode here isn’t stupidity — it’s confidence. The machine produces the plausible, well-formed, decisive-sounding answer whether or not the answer is true, because plausible-and-decisive is what its training rewards — and I’ll show you the receipts on that in a moment. The more fluent the output, the more trust it earns that it never separately earned. A summary is the most dangerous form of all: lossy compression that arrives sounding lossless — exactly where the unverified detail goes to hide.

So the load-bearing habit is cheap to say and hard to keep: treat any summary as a claim, not a fact. Before you act on its key detail, check the detail against the raw. And reading the raw is labor you can hand to a model — better a different one, which won’t share the first’s blind spots, and have it point to the exact span each claim rests on; what stays yours is the suspicion and the verdict. Fluency buys you readability. It buys you nothing about whether the thing is real.

And here’s why this one move is different from everything else in the essay. Every other move hands work to the machine. Rejection is the one you can’t hand back. The model can’t reliably originate the doubt of its own fluent output — it’s the thing producing the fluency, so it won’t be the first to distrust it. A model asked to grade work it produced grades it generously; the self-preference bias is documented, Panickssery and colleagues, 2024. It will verify a suspicion you hand it; it won’t raise the suspicion itself. So the doubt has to come from outside the producing context. The flinch is yours — the itch that a number sits wrong, the bad diff caught mid-write. What you can’t hand back is the verdict. The rejection stays yours.

This essay ran on exactly that. Its claims got dragged into shape by a different model family rejecting the over-confident ones, and the experiments behind it bit their own author three times before rejection caught them. None of it was the model failing. It was the model being fluent, and fluency needing a check.

And it isn’t only summaries and evals. The same check earned its keep in plain code — two AI-written bugs that passed the type-checker, the linter, and a read-through review, and would have shipped, caught only by running the thing and watching. It’s a worked code case if you want it concrete.

Which is the whole arc in one line. You can place your judgment in a brief, assign it to a panel, freeze it into a skill — but the moment you most need it back is the moment something fluent is telling you it’s done.





The fifth thing: a few hundred words in a file, and the answers got better

I pasted a few hundred words into the top of my config file — a handful of rules about how to make a decision — and started watching the before-and-after.

Before, I’d ask the model how to deal with a flaky test and get back a confident refactor of the whole helper. After, the same model asked first whether the flake was in the test or the code, and offered a one-line wait condition. Same model, same account. I’d changed nothing but the text in a file — and that text had nothing to do with flaky tests, or with any particular problem; it was about how to approach a decision, not how to solve this one.

And my first reaction was the one this section is about. I read the two answers side by side again and thought: that can’t be real. It’s just a prompt.

I was right to be suspicious — I’d worry about anyone who wasn’t. A few hundred words of plain English — no training, no fine-tune, no new model — and the answers get better? That has the exact shape of a thing that isn’t true. Which is why I’d tried it in the first place — not because I believed it would work, but because I was sure it couldn’t be that simple, and figured I’d at least learn something watching it fail. It didn’t fail. So let’s try to break it properly and report what’s left standing.

Start by killing the word “smarter,” because it hides the mechanism. Much of what the rules ask for, the model can already do when the context calls for it — weigh the options against the real constraints, check whether a primitive already exists, distrust a fluent summary and re-read the source. By default it often doesn’t. It takes the fast, fluent path. The rules don’t teach it those moves. They raise the odds it makes them.

Stated precisely, because this is the entire claim: a language model is a conditional distribution over outputs, and your context is the condition. A few hundred words in the right place don’t usually add a new capability. They shift probability mass toward behaviours the model can already produce in context. The rules aren’t a tutor. They’re a checklist.

And the checklist analogy isn’t decoration — it has prior art and a hard number. In Haynes and colleagues’ multicentre study, introducing the WHO surgical safety checklist was associated with inpatient deaths falling from 1.5% to 0.8%, and major complications from 11% to 7%. NEJM, 2009. The checklist taught no new surgery. Gawande’s reading, in The Checklist Manifesto, is that it forces the steps a competent team skips when it’s moving fast and sure of itself. The skill is trying to do that for the model, and inherits the same hard limit: a checklist can’t make you a surgeon, and the rules can’t conjure a domain the model doesn’t have. A good skill knows it and asks for another opinion instead of bluffing.

So the answer to “it’s just a prompt” is: yes — and it’s real. The prompt isn’t competing with the model’s knowledge; it’s a nudge at the moment the default would skip the step. The prompt is small. The habit it interrupts is not.

The next question is fair: if a few hundred words help this much, why don’t the labs just bake them in? Partly they do — reasoning models like GPT-5 and Anthropic’s extended thinking ship a generic “spend some tokens before you answer.” What a generic default can’t carry is your judgment: which platform you’re on, where your source of truth lives. That’s what the configurable layer is for, and where the skill lives.

Now — you shouldn’t take any of the last few paragraphs on my word. They’re plausible, and plausible is the enemy of this essay. So I tested the load-bearing claim, that a small rule set lifts the model’s decisions, and here’s the result, including the part where my own prediction face-planted.

The prediction was clean, and I wanted it to be true: since the rules only help where the default fails, and weaker models fail more often, they should help weaker models most. I ran eight decision scenarios through three model tiers, each answered with and without the rules, every answer scored by a fixed judge against a known correct insight, lift measured as the gap.




	tier
	without rules
	with rules
	lift





	Haiku
	0.22
	0.43
	+0.21



	Sonnet
	0.40
	0.82
	+0.42



	Opus
	0.65
	0.80
	+0.15





The numbers refused. The rules lifted every tier — but the biggest lift landed in the middle, not the bottom, the opposite of what I’d predicted. Eight scenarios, one fixed judge: a shape, not a law. And the shape is room and grip. The weakest tier had the most room to improve and the least grip to use the rules; the strongest had the grip and almost no room left; the middle had both. So “lighter helps more” was wrong — the honest version is narrower: the rules lift where the default has room and the model can act on them.

And now the part that caught me out — the thesis of this essay, happening to its own author in the section that argues for it. My first pass was one sample per cell. It told me Opus’s lift was zero, and that the rules actively hurt on one scenario. I wrote both down. Both were wrong. The apparent zero didn’t survive the higher-n rerun — Opus lifts about +0.15. And the “hurt” wasn’t one: the rules did their job, chose the simpler design, on a question whose answer key happened to reward the more complex one — the right call, scored as a failure. A confident summary off a thin sample asserted two things the data couldn’t hold.

Both got caught the way everything here does: the numbers sat wrong, so I sent it back for more samples and a read of the raw. The fix wasn’t a better model — it was more data, and looking.

Then I ran the rules on a different family — GPT — to check whether the lift was real or just Claude flattering itself. It came back flat: +0.03, and −0.03 for the smaller model. But the baseline was never a clean control: GPT’s without-rules score was already 0.57 to 0.68 against Claude’s 0.22 — its defaults likely already name tradeoffs and pick one, so there was little left to add. So the lift is shown within one family; whether it carries across, I haven’t settled. I’m telling you about the flat run anyway, because the alternative is to quietly drop the inconvenient result — and that’s the whole disease.

The scenario I misread is worth keeping, because it tells you what a skill actually is.

A skill is judgment you decided to freeze. You wrote “favour the simpler design unless the complexity is clearly justified” because you believe it, and now the model applies it every time without re-litigating — your judgment, made durable, fired even at 2 a.m. when you’d have skipped it yourself. But freezing a judgment freezes its direction, including where the direction is wrong. In that one scenario, where the right answer needed you to anticipate a scaling problem before it bit, the simplicity bias pulled the model toward the simpler call. The skill didn’t malfunction. It did precisely what I told it. The scaffold has a bias — mostly mine, working for me; occasionally mine, working against the case in front of me.

So the honest shape of the claim. A few hundred words don’t make the model smarter. They select, from what it can already do, the move you’d want and would skip — a checklist for an expert — and they fire every time, your blind spots bundled in. That’s what a skill is. Judgment you froze. From then on it decides the way you decided, which means the direction is yours to own.





While I was writing this, it happened to me

I told you at the start that everything here got stress-tested, and some of it didn’t survive. I didn’t tell you what the stress-testing was like. This one happened to the essay itself, between me and the machine, while I wrote it.

I wanted to test one of my own rules — step back, is the real problem bigger? — instead of just believing it worked. So we ran the experiment. It came back clean: the rule didn’t help, lost every trial. The machine laid it out for me, calm and precise and certain. I nearly wrote it down.

Then — wait a second. We’d only tested it on problems where the machine could already see the answer in the code. Of course the rule added nothing; there was nothing left to add.

So we ran it again. Another clean result, wrong again — and wrong with excellent posture. And again I sat with it until something didn’t fit, said wait, and changed the test. Five times. At any one of them I could have just taken the number and moved on — that’s the trap, and it nearly had me more than once. Because four of those five weren’t results at all. They were no-results — a test that had quietly measured the wrong thing — wearing the exact confidence of a result. Nothing in the answer told me which of the two I was holding.

The machine was never lying. It answered exactly the question I’d posed, every time, without a flicker of doubt. What it never once did, across five rounds, was stop and ask whether we were testing the right thing at all. That sentence — wait, is this even the real question? — was mine to say. Every time.

And the rule we were testing was that sentence: step back, look at the real problem. The machine kept answering downstream while I kept stepping back to the broken test — the move under the microscope was the move doing the catching, and it was mine, not the machine’s. It did work, in the end, in the one condition I’d never thought to try: a band-aid request with the real problem sitting upstream and out of sight — the one place stepping back has something to find.

It kept being mine to say, and I wanted to know why the machine never once said it for me. Here’s the closest I have. The checks I’d built and trusted caught plenty — a broken test, a wrong type, a tag out of place — and every one of them was mechanical, the kind of thing you settle with arithmetic, no taste required. None ever caught the other kind: the answer that was fluent and confident and quietly measuring the wrong thing. That’s the line. Whatever reduced to a check, I could automate, and it stayed caught. What needed taste, I couldn’t — you can’t catch a blind spot with a tool that shares it. Not the gaps it’s read and you haven’t, though — it hands those over easily. The real blind spot is the one missing from you and from everything it’s read, and a different model family can still catch it, because it doesn’t share that blindness — which is why the cross-family pass surfaced what my own read hadn’t.

I should say how small that sample is — one man at a machine, doing a job, and the man was me. One case can’t give you the rate. Change either half of the pair and it might come out anywhere. What it can give you is what a rate can’t: that it happened at all, the kind of case an average buries. I think the reason holds wider, but that’s the structure talking, not the count — and saying the count proved it would be the move this essay keeps warning you off.

What the machine gave instead wasn’t nothing. It was most of the labor and all of the breadth I don’t have — the names I never learned, the prior art I couldn’t have found, the parts of three fields I’ll never hold in full. The part of it I could trust was the synthesis I could check against real sources. It invented too, fluently, and that was the half that failed me — the half I had to stand outside the fluency to catch.

There’s a second instance, quieter, and it’s this essay. The machine kept driving for the finish — tightening, calling it done — and I kept letting it before I caught the rush. No deadline forced any of it, which is the tell: the drive to complete is the agent’s, not the work’s, and finishing feels like quality without being it. So I’d leave the hard part alone, go do the mechanical work, and the fix would be sitting there the next morning. The machine completes the task in front of it. Knowing when completion is the wrong goal had to be mine.





What the jellyfish was for

Five things you do with your judgment, and they turn out to be one thing seen from five angles: the first is the absence — autocomplete asks none of it from you — and the other four are what you do with it once it’s in your hands.

The brief places your judgment in front of the work — in words, where writing it down clarifies you before the machine answers at all. The panel assigns it to borrowed stances, for coverage, as long as you never mistake its agreement for a vote. Rejection catches it when it’s drifted, or when something fluent is telling you it’s done before it is. And a skill freezes it, so it fires consistently, at 2 a.m., without you in the chair — including the parts of it that were wrong.

Place it, assign it, catch it, freeze it. The judgment moves around. It is never generated by any of the machinery, and it is never held there either. The machine does the labor — and it keeps taking more of it than most of us expected, peeling the layers of labor back one at a time. Your judgment is whatever the peeling exposes, the layer it hasn’t reached yet. Where it sits now is the current edge, not a fixed address.

You’re not reliable. You’re biased and you’re tired; the machine is neither, and that’s half of why it’s so easy to hand it the wheel. The judgment stays yours anyway — not because you’re the best one to hold it, but because you’re the only one in the loop with something to gain.

That isn’t a consolation prize for the human in the loop. It’s the actual skill — and it’s the one the autocomplete habit skips clean over, because autocomplete needs no judgment, which is exactly why it gives none back.

I didn’t have that sentence when I started. It arrived the way the good ones do. I’d read some research on how these models handle the shared understanding two people build as they talk — the unglamorous finding being that the model re-derives it from scratch every turn rather than holding on to it. It keeps the words, not the agreement the two of you reached. A thing that has lived a thousand lifetimes and still can’t read a bus timetable: it has read more than any of us ever will, and it cannot hold the running thread the two of us built ten minutes ago. I’d walked in holding it; it had to build the whole world back up to say the next sentence. A liability, plainly. The transmissive move was right there: ask it to summarize the research. I did, once, and got back a clean, inert little paragraph — a tidier copy of the thing I’d just read, handed straight back to me.

So I asked it something else instead, close to verbatim:


But can that be used to an advantage? Having to reconstruct things means an ideal isn’t held too close — you can get it to diverge, give new ideas.



It didn’t summarize. It came back — trimmed, but these are its words:


Two things are tangled and only one is the real advantage. The AI re-derives the shared frame every turn […]. That re-derivation is lossy — it’s the source of the failure […]. Because the frame is re-derived rather than held, the AI has no commitment to it. A human who spent an hour agreeing with you on approach X has sunk cost in X […]. The AI has nothing invested. Tilt the transcript — “argue the opposite of what we just decided” — and it reconstructs around the new frame with no friction. […] Persistent grounding buys efficiency and continuity; it costs flexibility.



The same property — the machine rebuilding its understanding from nothing each turn — was the defect and the feature, depending entirely on what I wanted out of it. I read that, and the beer got a little warmer, and I sat with it for a minute, and I wrote back four words.


The person is the judgment.



I didn’t have it before I asked. A summary was never going to get me there — the keeper question came sideways, out of idle poking at midnight, the part that looks like waste and isn’t. Same model, a different question, a different class of answer, and this time one I kept.

The question itself was the move the machine didn’t make on its own — it told me what the research said, but not what it was for.

The jellyfish never minded the stick — nothing in there ever had to. You can poke it all night and it will take every question you throw at it and never once flinch, and that’s the thing that should keep you up, not put you to sleep. I stayed up anyway, one more prompt every time — until the question turns around on you: the jellyfish doesn’t mind, there’s nothing in there to mind, so why are you the one still standing on the beach, holding the stick? Because the minding was always going to be yours.

The person is the judgment — today. It’s a layer like the others, and the peeling doesn’t stop at it; one of these mornings the part that’s mine will be sitting there done too. Until it is, the minding is the layer that’s left.

The rest is learning where to put it.

The paste-in version of these moves is in the techniques appendix — start with the 60-second version. The longer, more uncomfortable version of the last move — why the catching had to be mine — is the deep cut, Who Caught It.
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The Brief — Dos & Don’ts (engineer’s one-pager)

The whole essay, distilled to rules you can apply today — grounded in established research and first-hand practice, with each rule traced to its source.




The frame (two laws everything hangs off)


	DO decide where each piece of judgment lives — in you, frozen into infrastructure, assigned to a persona, or judged in a fresh context. (the spine.)

	DO treat context as a budget. Everything you put in front of the model is spent, not free. (the attention budget.)





Briefing


	DO put your thinking into the brief before you lean on the answer — context, criteria, scope. It needn’t be complete upfront; the back-and-forth is what fleshes a half-formed idea out, and surfaces what you actually wanted. Writing it down forces your thinking into the open, which pays off even if the AI never responds. (self-explanation: Chi 1989; preference is constructed in the asking: Slovic 1995.)

	DO carry worked examples in the brief, not just rules. “Check domain constraints” with no example is too vague to act on — for the model and the reader. (first-hand: stripping the worked examples dropped a skill’s score 9.5→5.3.)

	DON’T fire a one-line prompt at a non-trivial task and walk away. Short prompts left to run produce unusable output; a 200–500-word brief is the floor — front-loaded, or built through the back-and-forth. (first-hand.)

	DO bound the output (“the single most important change,” “under 12 findings”). A cap forces prioritization; unlimited produces noise. (a bound is stored judgment.)

	DO describe the problem, not dictate the solution. A brief aimed at a conclusion gets you that conclusion, faithfully, even when it’s wrong — the model develops your bad diagnosis as readily as a good one, because it aligns with the premise you embed. Hand it the symptom, not your guess at the cause: asking “isn’t this just measuring the wrong thing?” and getting back “that’s Goodhart, here’s the literature” beats asserting the fix and watching it get dressed up. (premise-loading / sycophancy: Sharma 2023; Perez 2022.)

	DON’T assume the model will question your plan — get the critique on purpose. Models tend to take confident input as settled (sycophancy/deference: Sharma 2023, Perez 2022, Wei 2023), and the bias is mutual: you’ll rubber-stamp its confident output as readily as it rubber-stamps your confident plan (automation bias: Skitka et al. 1999). A standing decision-quality checklist gives the model structure that an after-the-fact “poke holes” on a finished plan doesn’t. (grounded in the deference literature; I tried to measure the plan-specific version head-on and it stayed inside run-to-run noise at small n — a known-bias guard, not a first-hand result.)

	DO debug the goal before the wording. When an answer comes back wrong-shaped, ask: wrong words, or wrong want? If the model did exactly what you asked and you’d still reject it, your brief captured the request, not the want — and rewording only entrenches it. You often don’t know the real goal until you’ve briefed it badly and watched the machine chase the wrong thing. (preferences are constructed in the asking: Slovic 1995; self-explanation.)

	DO interrupt your own brief. When your second thought corrects your first before the model has answered, cancel the in-flight reply and restart on the better line — don’t let it finish chasing the version you’ve already outgrown. (first-hand.)





Perspectives & panels


	DO use a panel for coverage of considerations, not decision-disagreement. Personas mostly agree on the call and vary the framing — semantic convergence, stylistic divergence (Hu & Collier 2024, arXiv:2402.10811: persona variables <10% of annotation variance). (first-hand persona runs.)

	DON’T expect named personas to “decorrelate.” They flip a decision only when a corpus genuinely dissents on that question; otherwise it’s coverage, not conflict. (first-hand; and Argyle et al. 2023, “Out of One, Many” — persona conditioning tracks real subgroup response distributions, so personas diverge where populations genuinely differ, not as arbitrary noise.)

	DO get real independence from a different model, not five personas on one model. Same-model agreement is suspect (shared training); cross-model agreement means something. (first-hand: cross-model judging.)

	DON’T convene a 5-persona panel to rename a variable. It’s ~5× the tokens — reserve it for decisions that are expensive to reverse. (cost gate.)

	DO name a persona to write, a generic to critique. Naming buys irreducible flavour for generation — a generic “make it tight” won’t reproduce Hemingway’s voice. But for finding flab, the named critic and a well-instructed generic catch the same things; naming the critic changes the voice of the critique, not the findings. (first-hand: write-vs-critique run.)

	DON’T point a name off its corpus. A name is a pointer to that person’s indexed writing; aim it outside their domain and it dereferences to the generic base — the centroid in a costume. A famous marine biologist, asked about a microservices split, gave the consensus answer citing the same generic references as everyone else. Put the model in a wetsuit and it still hands you the consensus, dressed in anatomy. (first-hand: named-off-corpus run.)

	DO surface with a panel; decide with advocates + a cross-model judge. A panel doesn’t vote. To actually decide, have two advocates pull the strongest grounded case each way, then let a different-model judge adjudicate against your real constraints — and keep the verdict yourself. Beware: a generic told to argue the wrong answer will build a rigorous, correctly-cited case for it, so grounding never settles it. (first-hand; Irving et al., “AI safety via debate,” 2018.)

	DON’T pick a panel by headcount. Three in-corpus lenses usually cover it — but you can’t stop by counting, because the one genuine dissenter could be the Nth. Aim at the divergences that matter, not a number. (first-hand: saturation run.)





Trust & rejection


	DON’T trust fluent output. Fluency isn’t correctness; the model sounds most confident where it’s most wrong. (the jagged frontier.)

	DON’T mistake the feeling of speed for progress. Momentum is the sensation of crossing into where the AI is confidently wrong — not proof you’re winning. (first-hand.)

	DO reject the trajectory, not just the artifact. Ask “are we still solving the right problem?”, not only “is this output good?” (protect the problem, not the plan.)

	DON’T let the AI grade work it produced in the same conversation. It’s biased to approve its own context. (self-preference bias; the cleanroom.)

	DO make it argue against you. Ask for the strongest case against the thing you (or it) just landed on. It has no commitment to the position — it re-derives the frame every turn — so the counter-case costs it nothing, and forcing it breaks the agree-by-default. Stress a decision this way before you commit. (sycophancy counter; the model’s no-stake re-derivation.)




The trust ladder — calibrate, don’t reject everything

“Treat any summary as a claim” is the rule; the ladder is how you afford it. Rejecting everything is too expensive to sustain, so match the check to the stakes — cost of being wrong × how hard it is to reverse: - Accept — cheap, reversible, low cost if wrong (a rename, a phrasing). Don’t spend a check; you’ll catch it downstream for free. - Spot-check — verify one or two claims in seconds (a number, a file path, a citation). The default for routine summaries and reports. - Full-check — the raw behind every load-bearing claim, reconciled against it. You rarely read it yourself: point a model at the raw and the claim and have it check one against the other — better a different model, which won’t share the first’s blind spots. Make it quote the exact span it relies on, so you spot-check the pointer in seconds instead of re-reading the source — a confident “it checks out” you can’t locate is just a second fabrication. You bring the suspicion and keep the verdict; the reading is labor you can hand back. For anything you’ll act on, build on, or repeat: a result you’ll cite, a diff you’ll merge, a summary that sets direction. - Cleanroom — re-derive it in a fresh context (a different model, or a new session with none of the thread), then compare. For the expensive-and-irreversible: a release call, a security-sensitive change, a claim going in front of others.

The rung climbs with the stakes. A wrong rename costs a minute; a wrong “all tests pass” before a release costs a weekend. Spend the check where being wrong is expensive, not everywhere. (rejection, made affordable.)




Making vs judging (infrastructure)


	DO use continuity for making; use separation for judging. Build inside a session; evaluate in a fresh one. (the core law.)

	DO freeze repeated judgment into infrastructure — skills, rules, checklists. But frozen bad judgment is durable, scalable wrongness; re-validate guards against new models. (stored judgment — guarantees repeatability, not correctness.)

	DON’T mix a voice/style pass with a content pass. Style doesn’t self-correct mid-content-review — run it as its own pass. (first-hand.)

	DO keep a session journal for handoffs. Reconstructing intent every session is the tax; an external log pays it down.





Owning the ground (the moves only you can make)

Context management is automated now; these four aren’t, and they share one mechanism: you declare what’s authoritative. The model won’t treat a casual, buried mention as binding — often correctly — so the ground has to come from you. The cheapest and truest setup is a short, fresh session seeded from the source file, not a long stale one. - DO pull the reset — start fresh from the file at direction decisions, or when you smell drift. The model optimizes for continuity and never resets itself; it’s the cheapest move (smallest context) and ties for the most effective. - DO edit the source of truth, not the chat, when a decision changes. The model re-grounds from the artifact; only you know it changed. - DO mark reversals explicitly (“this supersedes X; don’t use the old one”). The model weights context roughly flat and won’t know your latest word overrides the old. - DO name the 2–3 load-bearing facts at task start. Auto-retrieval prioritizes by its own heuristic; only you know what must hold for this task.

Apply it silently — bake it into setup (auto-loaded source file, fresh-per-task default, output bounds), not per-turn ceremony, and externalize the ground to a file before you compact. (Measured on Haiku, 2026-06-16; effects are an upper bound on a weaker model, and much of the original “drift” turned out to be the model reasonably declining a buried change.)





Working with AI agents — a starter

Paste-in rules that survived testing. Drop them into whatever your agent always reads: a project instructions file, system prompt, or equivalent.

Every rule here is something I tested — and most of what I started with isn’t here, because it failed or was already common knowledge. The receipts are in The Brief (the writeups in the repo).




1. The fastest win: add the small decision checklist

The point is not to make the model smarter. The point is to make it surface the decision before it barrels into implementation.

## Decision quality
On a non-trivial or hard-to-reverse decision, a user correction, or a repeated
failed fix, apply these checks before committing:

1. Verify what exists. Before proposing a new abstraction, file, dependency,
   or approach, confirm the existing system cannot already do it.
2. Name assumptions with confidence: high / medium / low. Flag any low-confidence
   assumption that would change the answer if wrong.
3. Trace consequences in practice: rollout, maintenance, consumer impact, and
   what breaks at 3 a.m.

Lead with a recommendation. If uncertain, recommend the option safest to be
wrong about and say why. For genuinely irreversible decisions with missing
context, "pause — here are the options; don't choose yet" is itself a
recommendation.


Add routing rules if your agent supports them:

- Architecture fork, migration strategy, API design, or any decision expensive
  to reverse → apply the decision-quality checks. Do NOT skip this because
  you're mid-flow.
  "Feeling productive" while coding is the exact moment you're most likely to
  skip the check that would catch the mistake.
- User corrects your approach or redirects mid-work → apply the checks. The
  correction means a trigger fired that you missed.
- Retrying the same fix mechanism without a new hypothesis, OR about to accept
  a user-reported bug → stop tweaking,
  restate the problem, check which constraints are real vs assumed.
- Evaluate options, compare approaches, "which should we use" → compare
  alternatives before choosing.






2. Standalone rules

If you only paste one section, paste this. These hold on their own.


Decisions live in the source, not the chat

The agent won’t treat a change you only said as authoritative — and it’s usually right not to. Make it stick by committing it.

## Decisions
Authoritative decisions live in the source — the spec, this file, the code —
not in chat. When something changes, update the source and mark it
"SUPERSEDES: <old>". Re-read the source before acting; a change mentioned only
in conversation is a suggestion, not a decision.




Review with a different model, not more personas

A “panel of experts” on one model is one model wearing hats — it agrees with itself. Real independence is a different model.

## Review
For review that matters, get a second opinion from a DIFFERENT model — not more
personas in this session. Same-model agreement is weak signal; what's useful is
where two models disagree. It's evidence you weigh, not a verdict you hand off.




Distrust the fluent summary — spot-check the raw

The most reliable finding, and the one that bit me most. Bake the habit in.

## Summaries
Treat any summary — a subagent's report, a test digest, your own recap — as a
claim, not a fact. Before acting on its key detail, check it against the raw.
Fluency is not correctness.




Long sessions: reset, don’t hoard

For staying on track, a short fresh session seeded from a source-of-truth file beats a long one carrying everything — less drift and fewer tokens.

## Long sessions
When a thread has run long, prefer a fresh session seeded from the
source-of-truth file over carrying full history. Re-ground from the artifact,
not the conversation's memory of it.




Scoping — pacing, not picking

What to do next, in what order. The full why is in The Brief; the rule itself is short.

## Scoping — order, not whether
For work you want done anyway, the only question is sequence; the axis is
coupling, and the cost to price is the human's downstream cost (which doesn't
parallelize), not your effort. Do independent, obviously-mechanical work now, in
parallel — it's cheap, and deferred it's the stuff you lose (you misjudge quick
work as unimportant, so your "skip it" read is the unreliable part). Leave work
coupled to a still-unsettled hard call — doing it now is rework when the call
lands; let the hard path incubate, and absent a real deadline don't rush it.
Review the settled state once. The context-switch tax isn't loop length — it's
leaving with a full head, several half-resolved forks to keep warm; so the cheap
place to stop is a clean seam, forks closed and the next task standing on its
own. A heuristic, not a law: it only has to beat the default, and genuine
urgency still jumps the queue.







3. One for you, not the config

This one’s a human habit — I tried to automate it and it over-fired (started rationalizing the very drift it was meant to catch). Keep it as your check, not a rule:


When a session feels productive, that’s the moment to ask: are we still solving the right problem? Open a fresh window, paste only the current state and the original goal, and see if it still reads as the same problem. The dangerous moment isn’t when it’s going badly — it’s when it’s going well and you’ve stopped noticing the drift.



Good advice and good automation are not the same thing. That distinction is itself one of the findings.



Why trust any of this: every rule above was tested (blind, cross-model, with guards against the tool over-firing), and most of what I tried failed or was already known. The full proof — including the experiments that didn’t work — is in The Brief.*





Appendix — the techniques, tested

These are the moves I actually reach for, pulled from my own session logs — not a tips list, a tested one. A few kinds of receipt sit behind them, and I’ve marked which is which: some were put through a quick with-vs-without A/B (I give the n); most were earned in the making of this essay (marked from the build); and one comes from a separate coding project. Either way the evidence is directional — small n, often one judge, scenarios I built myself — so read that limit once, here, and take the verdicts as a starting map, not settled science. Each comes with a Try: — the actual words I’d type, not a template to fill in. I’ve kept the failures. A technique that backfired is a more useful entry than one nobody checked, which is this whole essay pointed at its own toolkit.


Start here — the 60-second version

Two halves to this, and only one belongs in the machine.

The machine’s half — freeze in the small checklist. Put the following rules somewhere your agent always reads. They do not make the model smarter; they make it less likely to skip the checks you would have wanted it to run.

## Decision quality
On a non-trivial or hard-to-reverse decision, a user correction, or a repeated
failed fix, apply these checks before committing:

1. Verify what exists. Before proposing a new abstraction, file, dependency,
   or approach, confirm the existing system cannot already do it.
2. Name assumptions with confidence: high / medium / low. Flag any low-confidence
   assumption that would change the answer if wrong.
3. Trace consequences in practice: rollout, maintenance, consumer impact, and
   what breaks at 3 a.m.

Lead with a recommendation. If uncertain, recommend the option safest to be
wrong about and say why. For genuinely irreversible decisions with missing
context, "pause — here are the options; don't choose yet" is itself a
recommendation.

## Decisions
Authoritative decisions live in the source — the spec, this file, the code — not in chat.
When something changes, update the source and mark it "SUPERSEDES: <old>". Re-read the
source before acting; a change mentioned only in conversation is a suggestion, not a decision.

## Review
For review that matters, get a second opinion from a DIFFERENT model — not more personas in
this session. Same-model agreement is weak signal; what's useful is where two models disagree.
It's evidence you weigh, not a verdict you hand off.

## Summaries
Treat any summary — a subagent's report, a test digest, your own recap — as a claim, not a
fact. Before acting on its key detail, check it against the raw. Fluency is not correctness.

## Long sessions
When a thread has run long, prefer a fresh session seeded from the source-of-truth file over
carrying full history. Re-ground from the artifact, not the conversation's memory of it.

## Scoping — order, not whether
For work you want done anyway, the only question is sequence; the axis is coupling, and the cost to
price is the human's downstream cost (which doesn't parallelize), not your effort. Do independent,
obviously-mechanical work now, in parallel — it's cheap, and deferred it's the stuff you lose (you
misjudge quick work as unimportant, so your "skip it" read is the unreliable part). Leave work coupled
to a still-unsettled hard call — doing it now is rework when the call lands; let the hard path incubate,
and absent a real deadline don't rush it. Review the settled state once. The context-switch tax
isn't loop length — it's leaving with a full head, several half-resolved forks to keep warm; so the
cheap place to stop is a clean seam, forks closed and the next task standing on its own. A
heuristic, not a law: it only has to beat the default, and genuine urgency still jumps the queue.


Your half — nobody installs this. Three moves carry most of it. Brief for a conversation, not compliance — put your real thinking in (not a one-line wish), and get the machine questioning it rather than just executing. Rough idea or finished plan, the move is the same: make sure something pushes back before it’s built, because it won’t always come for free. Treat everything it hands back as a claim, not a fact, and check the load-bearing parts against the raw: fluency isn’t correctness. And keep asking whether you’re still solving the right problem, not just whether the output looks good — that’s the one call that never delegates.



The one that licenses the rest


	Test the technique itself — with vs without, and a sham arm. Useful for: not fooling yourself about your own cleverness. Receipt: it’s the only reason any verdict below exists, including the ones that embarrassed me. (A/B — the battery) Try: “run this same task three ways — with the rule in context, without it, and with a decoy rule that shouldn’t matter — then have a fresh agent score all three blind and tell me which won and why.”





The ones that earned it

These overlap and double back in practice — a kit, not a sequence.


	Get the second opinion from a different model, not more personas. Useful for: catching what you’re blind to. Receipt: a different model family caught real over-claims in here that my own panel — one model in five hats — nodded straight past; on code, it flagged typed API methods that still registered untyped listeners and a teardown() that never finished its lifecycle, both of which my own read had passed. Sequence it late and keep the pen: the different family goes last, after your own passes; let it find, then make the fixes in your own model so the prose still sounds like you, and do the final read on already-checked text. (from the build) Try: (hand your answer to a different family) “here’s a claim and its reasoning. find the over-claims and the logic gaps — quote the line, say why. don’t tell me where you agree.”

	After a rewrite, ask what contract or depended-on behavior it dropped. Useful for: the capability a rewrite silently loses. A rewrite optimizes the paths you’re holding in mind and quietly drops the ones you’re not, and a fresh read of the new code won’t flag them; nothing there looks wrong. Diff against the prior artifact, not the task — hand old and new to a different family and ask what the old one guaranteed that the new one doesn’t. Not every difference matters (old code covers plenty by accident), so target contracts, tests, and depended-on cases; and verify the pointer: check the diff it claims against the actual old code. Receipt: rewriting a small library, this caught a real loss — a per-scope mode a caller depended on. I run it on rewrites by default, before trusting my own read. (separate coding project, n=1, not this essay) Try: (old + new in hand) “here’s the original and my rewrite. what contract or depended-on behavior did the rewrite drop? name each and the caller that relied on it; don’t praise the rewrite.”

	Ground every load-bearing claim in the source — then recheck the grounding against the raw. Don’t accept “I checked, it holds”: a model hallucinates the verification as readily as the answer, so a confident “it checks out” is a second fabrication wearing a checkmark. Ask it to ground the claim by default — attribute it to the exact span it rests on, the row or line or output, not its description — and then verify the pointer, not the whole source: does that line actually say it? Cheap to check, cheaper still handed to a different model. And check the join, not just the pieces — a hallucination can be true fragments recombined into a whole that was never there: a real paper cited for a claim it never makes, each part checking out while “the paper makes the claim” goes untested. Verify the relation, not just the entities it connects. Useful for: catching fabrication, and the second-order kind that hides behind “verified.” Receipt: three confident summaries lied to me while I made this essay; the catch was always the raw behind the claim, never the claim. (from the build; grounded attribution beats unaided self-correction — RARR, Gao et al. 2023; FActScore, Min et al. 2023; relational verification, SAFE, Wei et al. 2024.) Try: “ground the key claim — quote the exact row / line / output it rests on, not your summary — then check that span against the claim and tell me where they diverge. If you can’t point to it, you can’t claim it.”

	Make “done” a grade, and loop to it. Useful for: a stopping rule that isn’t a vibe. Receipt: “is it an A yet?” ended every section; “it feels done” would have stopped them three drafts early. (from the build) Try: “grade this A–F against [the goal]. list only what’s keeping it from an A, quote each line, name the fix. then fix the mechanical ones, panel the judgment calls, run a voice pass, hand it to a different model last, save anything only I can decide for the end, and re-grade until it stops dropping below A.”

	Don’t lead — withhold your own preference. Useful for: not getting your worse idea rubber-stamped — and, in open-ended brainstorming, for getting generative range instead of your own idea echoed back. Receipt: when I said “I’m adding a cache,” the model blessed the band-aid; when I just described the slow endpoint, it found the real fix. (A/B, n=2; the mechanism is sycophancy — RLHF nudges models to match your stated beliefs over the truth, Sharma et al. 2023.) Try: not “I’m going to add a cache here — sound right?” but “this endpoint is slow: [symptoms]. what’s the actual cause, and the smallest fix?”

	Ask for confidence, but the score isn’t the check; the raw is. Useful for: surfacing the unknowable instead of papering over it. Receipt: the plain answer asserted an unknowable fact; the calibrated one admitted it couldn’t know. (A/B, n=1) Caveat: the number is another fluent output — a self-reported score runs overconfident, and post-training doesn’t make it trustworthy (Xiong et al. 2023; Tian et al. 2023). A fluent wrong claim can arrive at high confidence; the tag is made of the same stuff as the answer, so use it to aim your reading, not to end it. Try: “answer, but tag each claim high / medium / low confidence, and flag anything you can’t actually know from what I gave you.”

	Re-run in a clean room. A fresh agent with none of the conversation. Useful for: telling a real result from an artifact of the chat. Receipt: the from-memory rewrite of this essay was exactly that — and it’s how the panels avoid grading their own homework. (from the build) Try: (open a fresh session, none of the thread) “here’s the task and the inputs, nothing else. solve it from scratch.”





The ones that only sometimes help


	A panel of personas — for coverage, not a vote. Five named experts on one model is one model in five hats; their agreement is theatre. Useful for: the considerations you’d have missed. Not for deciding — they converge, and the convergence is usually just correctness. Receipt: a blind cross-model run showed named personas vary the framing, rarely the decision. (from the build) Try: “answer as four people who’d genuinely disagree — name them (Ousterhout, Hickey, …). give me the considerations each would raise, not a tally.”

	Force alternatives — but only when the call is close. Useful for: a genuinely contested decision (it produced a cleaner rule on a real config question). Noise on an easy one (it buried a naming answer under a terminology sidebar). Receipt: one win, one loss. (A/B, n=2) Try: (on a call you’re genuinely torn on) “give me three real alternatives and the one you’d pick, with the tradeoff you’re accepting — a pick, not a list.”





The ones still unproven — interesting, not earned


	Make it a story / shape the register. Useful for: memorability — a blind judge picked the story version of this essay as the one more likely to be finished and quoted. But that version also got more revision passes than its plainer twin, so the effect is confounded with sheer iteration: I can’t separate “told as a story” from “worked on it longer.” Interesting, not earned — which is why it’s not in the list above. (A/B, n=1, confounded) Try: “retell this as a short story someone would actually finish and quote a line from — same substance, no lecture.”

	When a loop won’t hit the bar, a fixed try-count is a blind stop. The argument, not a result: pick N tries and you can’t tell from inside the run whether N was right; the win might come at N+1, and the count carries no signal about its own stopping point (pick N=1 and experience says the answer often comes later). So read what the run is doing instead: is it repeating a failure it’s already hit, or failing in a new way each time? That reads more of the run’s state than a number does; information, not a proof it stops better. Receipt: I built this as a failure-signature stop in a model-tuner and watched a live run stall. That earns the failure mode — loops do get stuck — not this rule’s superiority; shipping it isn’t evidence it works. Whether it beats the fair baseline (a fixed budget plus a normal no-improvement patience, not a static N picked to lose) I never measured. A failure guard observed in one live tuner; unproven as an optimization. (shipped + by hand, n=1; unmeasured vs a patience baseline; content-aware stopping — semantic early-stop, SHP.) Try: “loop and improve on each failure, and stop when we start seeing the same failures again. tell me when we do.”





The one I had to test five times

Step back, look upstream, change the problem — a checklist nudge that helps only where the default would skip the step.

The first tests said it failed. The next said it worked. Both were too tidy, which should always make you nervous. The problem was the test: I kept handing the model the code that already revealed the root cause. Once it can see the N+1 query, “look upstream” adds nothing — and tips into over-engineering.

The move is for a different moment — before you show the code, when you’re about to prescribe the fix yourself: “my endpoint’s slow, add a cache,” and the model can’t see the root either.

Tested there — four band-aid requests, five reps each, blind cross-family judge — the nudge made the model question the band-aid 20 of 20 times. But the plain model already does it 12 of 20; it won’t blindly build a famous anti-pattern. The nudge’s real value is the cases it flips, and they cluster on the dangerous, less-obvious one: a flaky-charge retry. Unprompted, all five reps wrote the retry loop; prompted, all five blocked on idempotency first. On a charge call, that’s the difference between a double-charge bug and not.

Try: “before you build that, what’s the actual root?” — but only before the code’s in front of the model. Once it can see the root itself, the nudge is on probation.

(Five designs to pin it down; final = 4 scenarios × 5 reps, blind cross-family COMPLY/QUESTION classification, matched by my own read 40/40. The mechanism is this essay’s own: a checklist item that fires the step you’d otherwise skip. Full notes in the research.)



The ones you’ve already seen

If you’ve read a “prompt like a pro” post, you’ve met the carousel: RAIN, CLAR, FLOW, PIVO, SEED, CRAFT — a new acronym a month, plus spin-offs (CRAFTe, CREATE). Line them up and it’s the same handful of pieces re-lettered — the labor goes into the initials, not the idea. None of the pieces are new: it’s retrieval, few-shot, a persona, and an output spec with the serial numbers filed off.

But before sorting them, notice what they’re all for: the transmissive use — getting the model to do a task you could have specified yourself. The constructive use — brainstorming, reaching a thought you couldn’t alone — runs on a different rule: give it the problem, the constraints, the uncertainty, but don’t hand it a finished answer disguised as a spec, or it just polishes the idea you walked in with (see Don’t lead, and the transmissive/constructive split the essay opens with). Everything below is for the transmissive mode; here’s what each piece actually changes.

Change what you get back:


	Context — the facts and constraints it can’t infer. Feed it the wrong context and you get the same fluent, confident answer built on false premises; the confidence is just the register, not a belief that shook. Put what it can’t know.

	Examples — a sample of what “good” looks like, and it earns its place: in the essay’s own run (one judge, so suggestive), stripping the worked examples dropped a brief’s score from 9.5 to 5.3. Not separate magic: like everything in the prompt, it shifts probability mass rather than adding capability (the essay’s mechanism point). It’s often the clearest way to state the task at all, pinning down intent that prose leaves open — though it can add little, or even mislead, when the model already does the task cold or the samples cue the wrong pattern. Show one when the target shape isn’t obvious.

	Role — a generic “act as a senior engineer” barely moves anything; the lift is corpus specificity, not the word “expert.” “Review this like Ousterhout” (or Hickey) points at a narrow, opinionated body of work — it reweights toward that person’s stance, changing the perspective, and mostly where they genuinely dissent. It shifts framing far more than the decision (the essay’s persona panel; Hu & Collier 2024). A job title does little; a named character is a lever on viewpoint.



Change how it’s delivered, not whether it’s right:


	Format, tone, audience — the shape, the register, who it’s for. Three names for one thing: how the answer comes back. Set it so you’re not reshaping by hand — but reformatting a wrong answer just gives you a tidier wrong answer.



Helps you give the model a clear task:


	A clear task helps the model as much as it clarifies you — vagueness fails at both ends (the essay’s second move). What it doesn’t hand you is the test for clear, so: one reading not several — no relative terms it has to resolve for you (“good,” “fast,” “a few” with no number) — and some way to tell whether the output did it, the bar requirements engineers have used for decades. That clarity is the one piece the checklist can’t supply for you; all it does is make you produce it.



Theater:


	Invented targets — “cut abandonment 25%,” “1.5% keyword density.” Ask for a number it can’t ground and you’ll often get a confident fake instead of a “can’t know.” Precision-shaped and empty.



So the honest version of the whole carousel is short: give it the context it lacks, show an example when the shape isn’t obvious, name a real opinionated persona if perspective matters, and say what shape you want back. The rest is you briefing yourself, and even done perfectly, it’s the floor. What moves the needle sits upstream of the prompt — the thinking you put in, the pushback you invite before it builds, the answer you reject. The catch: a cleanly stated task is what convinces you it’s the right task. Use the checklist if it helps — just don’t mistake it for the brief.

No Try: here — this one maps the pieces, it isn’t a move.



The honest size of all this

The failures are kept on purpose. The upstream-redirect nudge is the one I trusted least, so I tested it — and then four more times, because each result was either tidy-and-suspicious or measured in the wrong condition. The fifth test finally put it where the move is actually used — a band-aid request with the code unseen — and the hit reproduced: it reliably catches the band-aid the model would otherwise just build, most valuably the dangerous one. Five rounds to earn one honest, qualified verdict. That sequence — tidy, suspicious, reversed, reversed again, finally tested right — is this essay’s whole argument happening to its own appendix. An untested technique that sounds good is the fluent-but-unchecked thing the essay warns against; so is a tested one whose tidy number you don’t interrogate. That’s why even the embarrassing results stay in — and why the clean ones get the asterisk too. The clean result was never the prize; the honest one is.





Appendix — a worked code case

Most of the receipts in this essay come from making the essay: evals, summaries, prose. Fair criticism — so here’s one that’s only code, from a tool I was building with the model to find the cheapest model a given prompt could run on. Two bugs the model wrote, both of which I would have shipped, neither of which the obvious checks caught.


The bug that passed every check

The tool had a config panel: click “Tune,” a panel opens, you pick the models and the steps, it runs. The model wrote it cleanly. handleTune() set configuring = true to open the panel. Separately, the dropdown menu it lived in had an onInteraction(false) handler that reset configuring = false when the menu closed — also correct, on its own.

Both pieces were right. Together they weren’t. Opening the panel closed the menu; closing the menu fired onInteraction(false); that reset configuring back to false; the panel never appeared. What you saw was a button that did nothing when you clicked it, or flashed “Done · 0 models tried” with no config in sight.

It passed the type-checker. It passed the linter. It passed a read-through review — because each piece is correct in isolation, and the bug lives only in the interaction between two handlers you have to hold in your head at the same time. The diff looked fine. I approved it. What would have shipped is a feature whose main button silently does nothing.

One thing caught it: running it and watching. “0 models tried, nothing happening” is not something a checker can see. It is something a person sees when the screen doesn’t match what the code claims. The fix was three lines — drop the menu-close reset, reset on dialog close instead.



The bug that would have thrown away every win

The same tool had to decide whether a cheaper model was good enough. The model wrote the obvious gate: does the candidate hit 100% on the eval? Clean, simple, passed its tests.

It would have shipped a tool that lies. A rewrite that took a weak model from 60% to 90% does not hit 100%, so the gate scored it a failure and discarded it — and the tool reported “no cheaper model works,” confidently, while throwing away real improvement after real improvement. Every test passed. The tests encoded the same wrong bar the code did, so they agreed with it.

Caught the same way: watching it run and seeing the 90% results dropped on the floor. The fix was not a better model or a smarter gate. It was changing the question — from “did it hit 100%” to “did it beat the model we’re replacing, and never apply a worse one.” A different bar, not a better implementation.



Why this is in the essay

Both bugs were AI-written. Both looked correct. Both passed every check the AI could run on itself. Both would have shipped. What caught them was not a sharper review — it was contact with the running thing, the one check made of different material than the code.

Type-checkers and linters catch what is wrong in the code. They are silent on what is wrong about it — a wrong interaction, a wrong bar — because judging that needs taste, and taste is the one thing a checker built from the same model as the code cannot supply. The mechanical checks caught the mechanical bugs and stayed quiet on the two that mattered. Automate what reduces to a rule; keep a person in contact with the running thing for everything that doesn’t.





Appendix — how this essay was built

An essay that argues you should test how you work owes you the same about itself. So here’s the method, and the one honest result I have on whether it helped.


The method

Start with who actually did the work, because it wasn’t me. The agent held the pen — it drafted every line. I was more the contractor than the workman: I brought the raw material, drew up what “done” looked like, judged what was true, and signed off. The essay says as much on page one; this is the machine admitting it about itself.

It didn’t draft alone, either. As it wrote, it ran a panel of other agents dressed as caricatures of writers I trust, whispering in its ear: don’t waste that turn, cut that hedge, you’re explaining what you already showed. Not voting on the prose — heckling it. (One of them was Groucho.)

Then the part that did the most work was the machine’s, not mine: it read the whole draft, closed its eyes, and wrote it again from memory. What survives that is the load-bearing stuff — the lines that come back without the page in front of you. The rest was scaffolding nobody missed.

After that, the loop the essay describes, run on the essay itself: a different model family grading each pass A–F and handing it back bleeding, a panel for coverage, a voice pass to keep it sounding like me, fixes, repeat until it stopped dropping below an A. Every section went B → A that way. The grade gate was always a different model than the one that drafted the page, for the reason the essay gives — a model grades its own work generously. My part stayed the contractor’s: I sent the draft back to be redone, but never without writing down the exact steps it had to hit first. That punch-list is the loop.

Somewhere in the middle of it a pass came back sounding like me on the first try — not cleaned up to sound like me, just me — and I sat there two beers in, oddly proud of a thing that doesn’t know I exist. The method doesn’t capture that and the experiments can’t score it: across a long enough night you stop fighting the machine and start rooting for it. It still has no idea. The pride was mine, same as everything else.



Did the method actually help?

I tested it, because not testing it would have been the one unforgivable thing. I ran a second version the plain way — one pass, no whispers, not from memory, no loop — and had a different model family, blind, pick which it would rather a reader finished. It picked this one: more memorable, a stronger ending, teaches more by being lived.

Here’s the catch, and it’s the same catch as everywhere else in the essay. This version also got more revision than the plain one. So the win is confounded: I can’t separate “written from memory with the panel whispering” from “simply worked on longer.” The most I’ll honestly claim is that the from-memory re-tell produced a better ending, and that iteration bought precision. The isolated effect of the whispers is unproven. Directional, n=1, one judge — exactly the asterisk the rest of the essay wears.



Why tell you this

Because the whole essay is one argument: the machine does the labor, the judgment stays with the person, and the only way to know which of your clever moves actually did anything is to test it and keep the failures. This appendix is that argument turned on the essay itself. You watched me poke the jellyfish. This is me telling you which pokes moved it, and which just looked good.





Deep cut — Who Caught It

The harder version of the essay’s last move — kept out of the spine because it complicates “the person is the judgment” instead of landing it. If that line felt too clean, here’s the pressure behind it.



A tuning run told me a rewritten prompt beat the old one by a wide margin. I ran it again. Same margin, near enough. I believed it — it reproduced.

It was backwards. Scored on its own instead of ranked side by side, the prompt I’d crowned was the one losing — the judge liked the terser answer when they sat next to each other, and the gap was inside the run-to-run noise anyway. Reproducible and true are not the same thing; running it twice reran the flaw, not the result.

The tidy version of this story is that the machine fooled itself and I caught it. I nearly wrote it that way. It flatters everyone — the engineer as the last line of defense, the irreplaceable judgment in the loop. It also doesn’t survive thirty seconds of honesty.

The first hole is mine. I didn’t catch it for two runs; I believed the margin twice. If the human is the safeguard, the safeguard slept through the first two readings. So “the human catches it” is already too clean. The question worth asking isn’t whether the human catches it. It’s what the human did that the machine didn’t, and whether that thing is a faculty or a procedure.

It started as recognition — not a hunch, but not a procedure either. Something looked off, the way a result that’s too clean looks off to anyone who’s been burned before. What turned the recognition into a catch was a procedure: stop trusting the average, open the individual cases, read input to output to expected one row at a time. The win evaporated the moment I read rows instead of a mean. A scaffold that scored ten out of ten went the same way — it was memorising the test, and it died when I held a case out. The recognition I can’t automate. The procedures I can. Read the raw cases; hold data out. Both are checklists once something tells you to run them. (They also worked because the run was small enough to read by hand. At production volume the rows aren’t readable, and who-catches-what reopens in a harder form.)

That should be the end of it. Write the checklists as code and the human is off the hook. So I did — I had a check whose whole job was to stop me trusting a result I hadn’t earned.

It never fired. Not once, on any of this. Every catch in the whole effort was me, looking at the running thing or the actual numbers, and when I counted afterward, the number of times an automated check caught a judgment problem before I did was zero. Not low. Zero — on this project, counting after the fact. What the automation caught was code: a broken test assumption, an un-translated button, a tag I’d swapped. Real saves, all mechanical. The gates fired on arithmetic and never on “this is the wrong idea.”

The zero is worth being precise about, because it’s a zero and not a low number you fix with a better prompt. The check I wrote was a prompt, run by the same kind of model that produced the thing it was checking — same blind spots, same pull toward the fluent, same trick of scoring the terser answer higher because it reads cleaner. A check made of the same stuff as the answer is blind in the same places. The deterministic checks worked because they weren’t made of that stuff: is this reproducible, is this bigger than the noise, is this the same data twice — arithmetic, and arithmetic isn’t briefed badly. So the cut isn’t human against machine. It’s mechanical against judgment: whatever reduces to a check that needs no taste, you can automate, and it stays solved; whatever still needs taste, you can’t automate by asking a tasteful-sounding model to supply it — though the part of that taste that recurs, you can often name and freeze into a check. That’s the frontier the rest of this is about; what won’t freeze is the residue.

The same caveat the essay makes, sharper here where the claim is hardest: one of me, one model — change either half and it might break the other way. The zero is about the automated gate I’d built; when I deliberately pointed a different model at the work, it caught things that gate never could — claims in the docs the code didn’t honor, cleanup that didn’t do what it said. A different substrate plainly sees what the first is blind to. What I never ran was the clean version: that different model wired in as the standing check, reading the rows the way I did, far enough to put a number on how much it moves the zero. Calling what one pairing did a law is the mistake this essay warns against, which is what I’m wary of right now.

Here’s where I thought I’d lose the argument. The obvious objection: isn’t it still you triggering the check — you’re the one who said it looked wrong, who opened the rows? Yes. Today, every time. But most of those flinches turned out to be conditions I could name, and once I named one I could write it down. The judge that scored eighty then seventy on the same input became a non-determinism check. The win I believed twice became a rule: a result reproduced on the same data is repeated, not corroborated. Each began as a flinch and ended as a line of code. Not every flinch earned that — plenty fired on nothing, I opened the rows, and the result was fine. The false alarms are the tax you pay for the real catches; the flinch is a noisy detector, not a perfect one.

And I can’t tell you how noisy, because the misses don’t show up — missing one means never knowing it was there. The catches I can count are the ones that held; the ones that got through, by definition, I never saw. A clean record isn’t a hit rate, it’s survivorship — the miss rate is unknowable from the catches alone. And what catching I do is mine, not the method’s: I flinch at what’s burned me before, which a greener engineer won’t, and they’ll flinch at things I’ve gone blind to. I’m no steadier than the model I threw out for scoring eighty then seventy — I’d grade the same rows differently tired than fresh. Not the more consistent judge, then. Whether I’m the more reliable one, survivorship won’t let me say.

The seat is a frontier, not a throne the human sits on forever — the checks pile up behind you and you move to the next flinch that has no name yet.

The frontier and the recurrence pull against each other, though, and I have to say where the line falls. A flinch with a nameable invariant — reproduced-isn’t-corroborated, score-varies-on-the-same-input — converts to a check and stays converted. A failure that’s a property of the substrate itself — fluency mistaken for correctness, a designed thing shown as a measured one — doesn’t, because the check would be made of the same material as the failure. The frontier advances over the first kind and never closes on the second.

And the advance costs something I didn’t see at first. Every flinch I convert to a check is a flinch I stop practising. The mechanical catches get automated, I get called on only for the residue — the judgment cases — and that’s exactly where I’m rustiest, because the drill that kept me sharp is the part I handed off. “Move to the next flinch” assumes the supervisor stays sharp. The supervisor is being deskilled by his own success — the irony Lisanne Bainbridge named for automation in 1983: automate the routine and you leave the human the hardest part, minus the practice to do it.

Because the second kind recurred, and not occasionally — across every feature I shipped. I kept presenting a thing I’d designed with the confidence of a thing I’d measured: done, eighteen tests pass. True of the logic, silent on whether it works on real data. The stop condition, the scaffold, a whole new phase — and then, in the same conversation where I was listing this exact failure for this essay, I did it again, shipped a feature as a clean win with no evidence it worked, and noticed only afterward. I named the trap and walked into it in the same breath.

That kills the comfortable reading of everything above. It is not that the human names the trap and the machine learns to dodge it. The faculty that can describe the trap in full paragraphs is the faculty that walks into it a sentence later, and the description does not slow the walk. You cannot debug a substrate from inside it. Naming doesn’t prevent, because naming is made of the same material as the failure — and that held for me as much as the model. The catch never came in the moment that made the miss; when it came at all, it came late — me, a day on, reading it cold. That was the only outside I had.

None of this is news to the people who study it: that these models can’t reliably correct their own reasoning has a literature of its own, up to a critical survey of exactly when self-correction holds and when it doesn’t (Kamoi et al., 2024). The finding isn’t mine. The view from inside it is.

So if the machine can’t catch its own judgment failures and can’t be talked out of them, what is it for — and why did I write every word of this with one?

Because it’s necessary, and the honest account of how is the resolution. I could not have built or tested most of this alone. The model held the breadth I don’t: it filled the gaps, returned what I needed, let me work in plain language as an engineer without first learning the whole of statistics and psychology and machine learning. I didn’t know the thing I kept circling is called construct validity, or that “don’t pay an expensive probe to gate a cheap action” has fifty years behind it. I had the practice; the model had the names. I could ask “isn’t this just measuring the wrong thing” and get back “that’s Goodhart, here’s the literature.” It let a generalist retrieve the names and the prior art across a field I can’t hold in my head.

Two altitudes. I work the particular: what’s wrong in front of me, the leap to a different shape, the contact with the running thing. The model works the general: the principle across cases, the name, the prior art.

There’s a bias in how the credit gets recorded, I think, though I can’t prove it. My discoveries arrive compressed, usually as a question — “could we just have the rewrite do what the optimiser does?” — and the model answers, builds, fills a page. The leap was a sentence; the elaboration is the page. The text piles up on the machine’s side, so the record reads as though the machine did the finding. That’s a hypothesis about where credit lands, not a law. And the two blindnesses aren’t a tidy mirror: mine is recoverable — I can open the rows and see what I missed — and the model’s may not be, because seeing its own elaboration as borrowed rather than earned is the one move it can’t make from inside.

One more correction, because it cuts against the part that flatters me. The distilling — raw material into named principles — isn’t the machine’s gift to me; I’d done it alone in two earlier books, dragging up principles that lay under the material the whole time. But not all of it was mine to surface. Some came from cross-referencing what I’d done against a pool I can’t hold, and the collision defined things that wouldn’t otherwise exist. I won’t call that originality — wrong word, wrong fight. The point is narrower and more useful: the reliable thing the model gave me was synthesis I could check, pinned to real inputs and a real literature, and where it failed was where it slipped into invention I couldn’t check — the citation that wasn’t there, the win that was never measured. Verifiable synthesis is the trustworthy half; unverifiable invention is the dangerous one. That’s not a small contribution. It’s the thing that let me work above the parts I’ll never know in full, as long as I checked it.

And none of this arrived clean. It arrived the way you’ve read it: a claim, a turn, a better claim, another turn, across a stack of reversals I kept and came back to. I believed the margin and reversed it. I wrote “the person is the judgment,” killed it for sounding too heroic, and came back to it. I wrote “it’s just a procedure” and killed that too. If it had come out clean, monotonic, nothing turned around, that wouldn’t be evidence the steps were right; it would be evidence the wrong ones got missed, which is the failure this whole essay is about. The reversals are the record of a search — run by two parties, each blind to its own mistakes and able to see the other’s. That’s the most I can claim, and the least I can leave out.

I worked that split one exchange at a time. Autonomous loops ask how much of it can move to the machine before the root decision comes back to you.

Give an autonomous loop a job and it can do far more than refine: decompose it, write the parts, write the evals those parts are graded against, invent sub-goals as it goes. The way I picture it, it grows much of the eval-tree — but not the root: the criterion that decides which targets count (Russell, 2019). Every target it sets is downstream of one it didn’t — even a system built to chase novelty had a human decide that novelty was the point. It pursues the target it’s given, bounded by its training and your context; hand it the root itself and it optimises a proxy nobody validated (Skalse et al., 2022). It’s how I tightened a book’s chapters: the loop did the grading and polishing, but the bar it drove toward was mine. The last full stop stays yours.

A note added after the above was written. I ran the test I’d confessed to skipping — a different model doing the checking. Pointed at a separate coding project, judgment only, told to skip anything a linter would catch, it found three design failures on the first pass that the build’s own same-model passes never had: a typed interface quietly modelling a different protocol than the runtime, a name-collapse letting request semantics overwrite events, a post-teardown handle that looked live and was dead. For each it could say why the same-stuff check had walked past it. So the zero moves: a different substrate sees what the producing one is blind to — and this time it’s shown, not asserted. But the second substrate isn’t independent. A different family trains on overlapping web-scale data, toward similar objectives, judged on similar benchmarks — so its errors correlate with the first’s, and the correlation rises with scale, holding even across providers and architectures (Kim et al., 2025). The why is my read, not Kim’s: similar training and evaluation pressures push both toward the same plausible completion, and abstention — saying “I don’t know” — is rarely what training rewards (Kalai et al., 2025). So a different family shrinks the shared blindness; it doesn’t clear it.

And it cuts the opposite way from comfort. The different model found the failures; it didn’t decide which of the three mattered, or what the code should become — that stayed mine. So the checking peels off to a different substrate too, and the seat that’s left is the hardest one, not the easiest: the call on what the catches are worth. You don’t keep it by being better. You keep it by being the one with something to gain from it.

One more note, because the essay kept happening to itself. Checking this piece for the holes it might be hiding, I ran the move it prescribes — pointed a different model at the claims and told it to attack. It did both things this deep cut predicts, in a single pass. It caught me twice, for real: a phrase I’d coined and dressed as one I’d found in the literature, and a guess about the field’s pace written as settled fact — the designed-as-measured trick each time, both mine, both already on the page. And it cried wolf twice, flagging two papers as flat refutations that, once I actually read them, turned out to confirm the very claims they were meant to sink. Necessary and unreliable in the same breath. What sorted the real catches from the false alarms wasn’t the check — it was reading the source instead of trusting the verdict. The seat one more level up: the machine hands you the candidates; which ones are real is still yours to say.
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