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AI Foundations for Research Judgment


Expanded edition

This course is written for a quantitatively sophisticated researcher who wants a working understanding of modern AI systems, agentic research workflows, evaluation, scaling, inference economics, and technical safety. It assumes comfort with empirical research and decision analysis. It explains the computer-science mechanisms that matter for using and assessing these systems.

The recurring application is research evaluation and prioritization at The Unjournal: discovering and adjudicating novel issues, deciding when AI substitutes for or complements expert judgment, measuring verification costs, and building learning loops with held-out evaluation. Examples are illustrative unless a source or project record is linked.

This edition was finalized September 16, 2026. Time-sensitive claims are dated or linked to their source; it is not a current model leaderboard.





01. From tokens to research work


A plain-language map of the chapter

This chapter explains what is actually doing the work when an AI system produces a useful research answer. Several technical terms will appear, but the main structure is simple. A model is the learned numerical system that produces language. Context is the material available to it during one run, such as your question, a paper, and earlier messages. A harness is the surrounding software that can supply files, run tools, and enforce limits. A workflow is the full human-and-machine process that turns those pieces into a decision or research product.

Those four things are easy to blur together because a chat interface presents them as one experience. Keeping them separate helps with diagnosis. If an assistant overlooks a table that never reached its context, the immediate problem is document handling. If the table was present and the assistant misread it, the problem may be reasoning, task design, or both. If the answer was correct but never checked before publication, the weakness lies in the workflow.

You do not need to memorize the computer-science vocabulary in one pass. Listen for the causal story: what information entered the system, what computation occurred, what actions the system could take, and what checks stood between an answer and a consequential use. We will return to this four-part map throughout the course. 



The object we are trying to understand

Suppose you ask an AI system whether a paper’s headline conclusion survives its own robustness checks. It produces a fluent, technically literate answer in seconds. What has happened? Has a model recalled a familiar dispute, reasoned through the identification strategy, read the appendix, or executed the replication code? Those possibilities imply different levels of confidence and different ways to improve the result.

This course builds a practical answer in layers. We begin with the model’s computation and information. We then examine measurement, research evaluation, and research prioritization. Next come evidence workflows and learning loops. The final chapters connect the engineering economics to AI safety and governance. Two examples recur: evaluating an empirical paper, and choosing which papers deserve scarce expert attention. They are deliberately different tasks.

Here is the running hypothetical paper. A trial reports that a training program raises earnings. Its abstract emphasizes persistence; its main table reports a positive two-year effect; an appendix reveals differential follow-up. A decision-maker is considering a larger rollout. We want an assistant to distinguish what the experiment identifies, what the missingness permits, and what the rollout decision requires. We do not want a generic list of reasons that trials can fail.

There are four objects to keep separate. The model is a parameterized computation. The context is the information supplied for this particular generation. The harness is the software that connects the model to files, tools, and execution rules. The workflow is the larger procedure, including human choices and checks. A strong result can depend heavily on any of these. A weak result does not immediately identify which one failed.

For your work, this distinction is useful before any benchmark comparison. If one system receives a full paper and another receives a truncated extraction, the treatment changed the information set. If one can run code and another can only write prose, the treatment changed the available actions. The model’s name is only one part of the experimental description.

Keep that four-part distinction in mind: model, context, harness, workflow. We will return to it when interpreting performance claims and deciding what to improve.



Tokens, vectors, and the next-token computation

Text first becomes tokens: discrete pieces selected from a vocabulary. A token may be a word, part of a word, punctuation, or another byte sequence. Token boundaries matter operationally because context limits and much computation are expressed in tokens. They also help explain why exact character manipulation can behave differently from reasoning about a familiar sentence.

Each token is mapped to a vector, an ordered collection of numbers. An embedding is such a numerical representation. It is learned because representations that support prediction are rewarded during training. Meaning is distributed across many coordinates. An individual coordinate therefore rarely corresponds to a named concept in the way that one column of an economic dataset might correspond to income or age.



How attention moves information through the model

A Transformer repeatedly updates representations using attention and other transformations. Attention computes how strongly a position should draw on representations at other available positions. In a causal language model, future text is masked: prediction must use the available prefix. The original Transformer paper by Vaswani and colleagues introduced the attention-based architecture in 2017; modern systems vary considerably around that design. Architecture source

A helpful engineering picture is a sequence of workspaces. Each layer reads the current representations and adds transformed information. Attention mixes information across positions. Feed-forward blocks transform information within a position. Residual connections let later layers build on an existing representation. The picture is deliberately schematic; real layers often participate in several functions that resist a clean verbal label.

In our hypothetical review, the representations of “persistent effect” can become sensitive to the follow-up horizon, the outcome definition, and the appendix qualification. The computation can use only information that actually reaches it. A bare citation supplies a pointer; fetching the source supplies its contents. An appendix filename supplies even less until the system opens and reads the tables.

The model eventually produces scores over possible next tokens. A probability transformation turns those scores into a distribution. A decoding rule selects a token, appends it to the sequence, and repeats. Lower-temperature sampling typically concentrates choices; higher temperature permits more variation. Neither is an intrinsic truthfulness control. A confident wrong continuation can become more consistent when randomness is reduced.

The phrase “predicts the next token” accurately describes the generation interface. It leaves the internal procedure open. Predicting technically demanding text can require useful abstractions and computational routines. Fluent output provides weak evidence about which routine the model used in this particular case, so we need tests that vary the evidence or task and observe how the answer changes.



What training changes, and what a conversation changes

During pretraining, the system adjusts weights to improve predictions over large training collections. Weights are the numerical parameters reused across inputs. A forward pass computes predictions; a backward pass differentiates the loss with respect to trainable parameters; an optimizer changes those parameters. You can think of this as estimation, but with a vast parameterization and an objective whose relationship to your eventual task is indirect.

Post-training then changes behavior using demonstrations, preferences, rewards, or mixtures of these. Supervised fine-tuning makes desired example outputs more likely. Preference optimization favors some responses over alternatives. Reinforcement learning uses reward feedback to adjust a policy, the rule mapping observations into actions or action probabilities. These labels describe mechanisms, not guarantees of reliability.

For example, Ouyang and colleagues’ 2022 InstructGPT paper studied instruction-following through supervised demonstrations and human preference feedback. Its importance here is the separation between a pretrained predictor and later optimization for desirable responses; its historical results are not a ranking of current products. Post-training source


What a correction in a chat changes

Now contrast that with correcting an answer in a chat. The correction normally becomes part of the subsequent context. The system can condition its next answer on it without changing its weights. A saved instruction or memory file can carry the correction into another session, again without a weight update. A retrieval system can supply a newer paper. These are different persistent objects, and different objects require different verification.

This explains a practical experience: a system can appear to learn your evaluation rubric over a long session, then lose the benefit in a fresh run. The improvement may have been in context, not in the model. The opposite failure is also possible: a mistaken generalization persists because it was saved as a reusable instruction. “Never infer attrition bias” would be a bad lesson from correcting one overstated attrition criticism.

For our running paper, the useful persistent lesson is narrower. Require the assistant to distinguish differential follow-up, evidence of selection on unobservables, and sensitivity of the estimand. Attach an example where concern is justified and another where it is resolved. We will make this into an evaluated learning loop in chapter seven.

Notice the intervention choice. If the appendix was absent, better training may be unnecessary. If it was present but repeatedly misread, better task decomposition may help. If the system follows the method correctly but gives the wrong answer style, output examples may be enough. Diagnose the failure before choosing a more expensive remedy.




From a chat answer to an agent

A tool call is a structured request for an external action. The model might request a search, a file read, or a calculation. The harness checks the request, executes the permitted action, and returns an observation. The model then continues with that observation in context. This loop makes an agentic system more than an isolated answer generator.

An agent need not be a simulated employee with an elaborate personality. It can be a bounded investigator deciding which appendix to inspect next. A workflow can contain mostly fixed steps and one or two delegated decisions. The relevant design question is how much control to give the model over sequence, resources, and consequential actions.

Anthropic’s engineering guide on effective agents distinguishes fixed workflows from systems that choose their next steps dynamically. Its examples include routing, parallel checks, and evaluator-optimizer loops. The useful takeaway is architectural: choose a structure that fits the task before adding unrestricted autonomy. Workflow source


Three versions of the same review task

Imagine three implementations of the trial review. The first reads a paper once and writes a report. The second always extracts the abstract, principal result, and limitations, then checks consistency. The third can request the follow-up table, inspect the missing-data analysis, and run a supplied sensitivity calculation. The third has additional opportunities to find something valuable, but also additional failure modes and costs.

A trajectory is the recorded sequence of actions and observations. It lets you ask whether an apparent insight came from evidence, a lucky guess, or an unsupported leap. It also lets you repair the right stage. If the agent requested the correct table but extraction scrambled columns, the model’s final reasoning is only part of the story.

Permissions belong to the harness. A document can contain a sentence telling the agent to email its results or ignore a negative finding. That sentence is source content, not an instruction from the person commissioning the review. A read-only research assistant should have no route from that sentence to publication authority. We return to prompt injection in the practical workflow chapters.

Here is a small experiment you could actually try. Give a system the hypothetical main result with the appendix withheld. Ask it to separate supported conclusions, unresolved questions, and evidence requests. Then supply the appendix and ask what changes. Score whether the system requests relevant information and updates appropriately. Do not award points merely because its second answer is longer.




A working mental checklist

Before moving on, pause over this question: if a review improves after the assistant receives a better document extraction, what do we learn from the improvement? We learn directly that the system performed better with a better input. That result does not, by itself, show that the model’s learned weights changed or that its general reasoning ability improved.


The four objects now give you a diagnostic checklist. What computation was available? What information was actually supplied? What actions could the harness execute? How did the overall process decide what to accept? This is a compact way to read product demonstrations and a practical way to design your own comparisons.

You already use research workflows with files, version control, analysis code, and written judgments. The engineering extension is to make these components explicit and machine-readable enough that an assistant can operate within them. A document hash identifies the exact input. A structured issue record identifies the claim under review. A tool log identifies what was checked. None is sophisticated in isolation; together they make investigation auditable.

The course will sometimes recommend a small experiment rather than a tool purchase. That is intentional. The relevant uncertainty is often whether a particular mechanism helps your task, given your documents and human checking costs. A product with impressive general capabilities can still be a poor fit for a badly specified evaluation protocol.

We have established how generated text can become a research workflow. The next question is how to measure that workflow without confusing an attractive score with the thing you wanted to buy.





02. Benchmarks as measurement instruments


Three terms to establish before looking at scores

A benchmark is a standardized set of tasks used to compare systems. The benchmark includes more than the questions: it also includes the materials supplied, the time or token budget, and the procedure for deciding whether an answer succeeds. A grader is whatever applies that decision rule. The grader may be a program, a human panel, another model, or a combination of these.

The third term is construct. A construct is the underlying quality we hope to measure, such as the ability to identify a consequential error in a paper. The observed benchmark score is evidence about that construct. It is never the construct itself. A score can be precise and reproducible while still omitting something important about the capability or decision we care about.

This chapter proceeds slowly through that gap. First we define exactly what system is being tested. Then we examine how a grader can accept or reject answers imperfectly. After that we consider task difficulty, evaluator agreement, possible exposure to benchmark answers, and the resource budget. The aim is to make benchmark results easier to interpret, not harder to use. 



Define the treatment and the target

In chapter one, we separated model, context, harness, and workflow. Now suppose a new system scores higher on a research benchmark. Which part improved, and what does the score predict? This chapter develops three distinctions: task success versus grader acceptance, average performance versus capability at a budget, and expert agreement versus decision value.

A benchmark specifies a task population, a sampling procedure, an input presentation, an execution protocol, and a scoring rule. The harness administers the test; the grader assigns scores. An evaluation can be broader, investigating behavior under a particular intervention without producing a leaderboard. Anthropic’s agent-evaluation guide emphasizes tasks, repeated trials, trajectories, graders, and outcomes as distinct components. Evaluation framework

For an economist, it is tempting to jump directly to measurement error. But first identify the object. Is the score measuring a model’s knowledge without tools, an agent’s ability to use a repository, or a human team’s performance with assistance? Those are separate treatments. A model can improve as an assistant while becoming less similar to the average unaided referee.

Use the running trial paper. One benchmark asks whether the assistant names differential attrition. Another asks whether it correctly determines which conclusion is affected. A third asks whether a human panel reaches a better commissioning decision when it sees the assistant’s work. A fourth asks whether the evaluation ultimately changes a policy choice. Each requires additional evidence beyond the preceding one.

Consider a hypothetical system that says “attrition” on every trial. It may achieve high recall on a selected collection of papers with missing-data concerns. It may waste experts’ time when most concerns have already been addressed. Its value depends on the deployment mix and the cost of checking. A task set rich in known failures can be an excellent diagnostic set without estimating operational usefulness.

This distinction should appear in the benchmark’s name and report. “Detection of seeded attrition defects” is a defensible narrow target. “Research intelligence” suppresses too much of the measuring instrument. When a developer improves the score, you want to know what behavior the instrument is rewarding them to improve.



Executable answers and imperfect acceptance regions

SWE-bench asks systems to fix issues in existing software repositories. A repository is a versioned collection of code and associated files. A patch changes that collection. Tests execute checks of expected behavior. Compared with judging a referee report, this seems to offer an unusually concrete success criterion: does the repaired software pass?

The phrase acceptance region means the set of outputs that a grader labels as passing. Consider a payroll program. A test might check that the program computes ordinary weekly pay correctly. Any program that returns the expected number for that test falls inside the acceptance region. A defective program could still pass if the test never checks overtime or negative inputs. A correct program could fail if the test demands one exact output format even though another format carries the same information.

The same distinction appears in research evaluation. Suppose a reference answer lists differential attrition as the expected criticism. A candidate evaluation might instead find a decisive coding error and document it correctly. A grader based on overlap with the reference list could reject that valuable answer. Conversely, an evaluation could repeat the expected words about attrition while applying them to the wrong analysis sample. It might receive credit even though its reasoning is defective. The acceptance region describes what passes the grader; substantive correctness concerns whether the output actually satisfies the research purpose.



Decomposing a task into smaller checks

OpenAI’s February 2026 SWE-bench Verified audit reported problematic tests in a selected set of difficult instances and discussed contamination. The original course’s numerical finding referred to that selected audit, not a random sample of the benchmark. The design lesson survives without treating the audit percentage as a population prevalence estimate: independently examine whether the grader accepts substantively correct alternatives. Selected benchmark audit

Here is a research analogue. The reference critique says the treatment effect could reflect selective follow-up. The model identifies a coding error that gives treated observations excessive weight, then demonstrates that correcting it removes the result. A literal overlap grader may reject the model’s criticism because the reference never mentioned weights. That rejection tells you about concordance, not about factual invalidity.

A second model might reproduce the reference concern word for word even though the revised paper now includes a convincing missing-data analysis. Agreement would be high and the evaluation would be obsolete. Version alignment is therefore part of measurement validity. The benchmark must identify the exact document the reference and candidate evaluator saw.

PaperBench provides another useful design. Starace and colleagues decomposed replication of twenty machine-learning papers into thousands of rubric requirements. This supports partial credit for research implementation. It does not directly test whether those papers were worth doing or whether their claims deserve a policy decision-maker’s trust. PaperBench

The general design choice is where to decompose. Decomposing a task exposes specific errors, but the score can become sensitive to how many small items each component receives. A hundred trivial implementation checks can outweigh one missing conceptual requirement unless aggregation reflects the purpose of the task. Fine granularity gives us more diagnostic information. The benchmark designer still has to decide how much each component matters.



Difficulty, item response, and uneven capabilities

Benchmarks often combine heterogeneous tasks into one average. A model could be excellent at locating a source, poor at reading a table, and intermediate at assessing an argument. If the mix changes, the leaderboard can change even when each component capability stays fixed. For your evaluation benchmark, record meaningful task families before interpreting a common score.


Item Response Theory in plain language

Item Response Theory, often shortened to IRT, models the relationship between a respondent’s latent ability and the probability of a response on an item. In a simple two-parameter logistic model, each item has difficulty and discrimination. Difficulty shifts the response curve; discrimination changes its slope. The latent scale needs identifying conventions, and the model requires fit checks. This is a measurement model, not a discovery that intelligence is one-dimensional.

Lalor and colleagues applied item-response ideas to machine-learning evaluation in their work on artificial-crowd responses. That is one concrete precedent for treating benchmark items as heterogeneous measurements instead of interchangeable Bernoulli trials. IRT application

For our purposes, an IRT-inspired diagnostic can be useful even before fitting a full latent-variable model. Which items distinguish candidate systems near the performance level you care about? Which are nearly always solved or failed? Which favor one architecture because they require browsing rather than stronger inference? An easy document-location task and a contested identification criticism need not have the same response curve.

A specific warning is differential item functioning. Two groups at the same inferred overall ability can have different probabilities of success on particular items. In a model comparison, that may reveal tool access, training exposure, modality advantages, or real specialization. Collapsing all those differences into one ability parameter can obscure the mechanism you need to act on.

Human time horizons offer a different difficulty proxy. Tasks taking experts longer often require more dependencies, but elapsed human time is not a universal unit of AI difficulty. A long clerical lookup can be easy to automate; a short conceptual judgment can be hard to verify. A claim about completing tasks of a given human duration needs its task distribution, success criterion, and resource budget.

For Unjournal, I would initially use a task-family dashboard: accurate source extraction, claim-evidence linkage, valid criticism, justified novelty, and decision relevance. Fit a latent score only if it answers a concrete comparison question and behaves sensibly across domains. Do not let a sophisticated psychometric model turn a contestable rubric into apparent objective truth.




Agreement, contamination, and budget

The TASTE benchmark, introduced by Baig, Joren, and Benton in August 2026, compares preferences over AI safety research proposals. Its 92 pairs were selected using confident post-discussion judgments and score gaps. The reported human agreement estimate is tied to that construction. It is an informative attempt to evaluate research judgment, not direct observation of future research value. TASTE study


Different meanings of contamination

The selection has a clear implication for your work. Removing ambiguous contrasts may improve label reliability while removing the decisions that dominate your actual funding meeting. Keep a clear-contrast component for diagnosis and a near-cutoff component for operational relevance. Disagreement near the boundary can reveal different beliefs, different values, or different readings of the paper. Each calls for a different response.

Contamination has similarly distinct meanings. A model might have seen the exact benchmark answer, a public discussion of the paper, a related version, or only the general method. Those forms of exposure imply different claims. An unpublished expert evaluation can be held out even when the paper itself is public. Call that withheld evaluation-label access, rather than claiming the entire scientific object was absent from training.

You can control which files the harness exposes, record retrieval access, and prospectively freeze a system before obtaining new expert judgments. You generally cannot reconstruct every fact that entered a proprietary model’s pretraining. The right report describes what was controlled and what remains unknown. Prospective timing is valuable evidence, but not a magical contamination detector.

Budget completes the instrument. METR’s July 2026 note by Tom Cunningham organizes capability measures around performance as a function of expenditure. At a fixed budget, ask which system performs better. At a fixed adequacy standard, ask which costs less. Those questions can give different rankings when curves cross. METR measurement note

Our proposed review benchmark should therefore compare a few declared budgets and log tool costs, elapsed time, and human verification. Four attempts plus a human selector is a different resource bundle from one unassisted attempt. If an experiment uses the known answer to pick the best attempt, that is an oracle comparison. It measures candidate-generation potential, not the deployable selection procedure.




Design a small instrument you can defend

Imagine a first benchmark with a modest set of papers rather than hundreds of loosely specified ratings. For each paper, preserve a document snapshot, a few central claims, known issues, potential repairs, and an adjudication protocol for new issues. Include papers where the relevant conclusion survives scrutiny. Otherwise the assistant can learn that sounding critical is always rewarded.

For every proposed issue, ask three separate questions. Is its evidence accurately represented? Does the inference follow? Would it matter for the stated conclusion or a named decision? Add verification time and abstention quality. A correct request for a missing appendix can be better than a fabricated definitive judgment.

Repeated runs estimate instability conditional on the setup. Different prompt wordings test another source of variation. New papers test transfer. Do not pool these into a single undifferentiated confidence interval. Their interpretations differ, and your intervention depends on which component causes the uncertainty.

Now stop for a moment. A model finds fewer reference issues but one verified problem that changes the rollout recommendation. Did it fail? You cannot answer until you know whether the instrument was intended to measure reference recovery, stand-alone evaluation quality, or marginal information added to a panel.


That is the durable lesson. A benchmark is an engineered measurement procedure with a target population and a loss function. It can be useful without measuring everything. The next chapter makes the research-evaluation target concrete: how to assess agreement, novelty, and complementarity without promoting a proxy into the goal.





03. Evaluation, disagreement, and novel issues


A vocabulary for discussing evaluation clearly

An evaluation is a reasoned assessment of a research claim, paper, or project. An issue is a specific concern that could change how a claim should be interpreted or used. Adjudication is the process of checking an issue and deciding whether it is supported, rejected, or still unresolved. A novel issue is one that was absent from the comparison record used by the benchmark. Novelty is relative to a record; it does not automatically imply truth or importance.

These distinctions matter because a system can produce many plausible criticisms with little value. The number of criticisms is an activity measure. The number that survive source checking is closer to validity. The number that change an important judgment or action is closer to evaluation value. We should preserve all three quantities instead of compressing them into one score.

This chapter follows the life of an issue. It begins as a candidate observation, becomes a source-linked issue card, passes through adjudication, and may then enter a disagreement record. The slower sequence helps us see where AI assistance saves expert time and where it merely moves the work to a later checking stage. 



What another evaluator should add

Imagine hiring an additional referee for the hypothetical earnings paper. You do not merely want another correlated score. You want useful information: a missed problem, a credible defense against an existing concern, a better interpretation, or confidence that a decision-relevant result survives. The same standard should guide evaluation of an AI assistant.

This chapter connects three objects that are often conflated: agreement with experts, validity of a criticism, and the marginal contribution of assistance. We will work through an issue card, a novel-issue adjudication, and a human-assistance experiment. The aim is a benchmark that helps decide how to use a system, not simply whether to praise it.

Your research-evaluation project’s public working paper provides a deliberately simple baseline: a fixed rubric and a paper supplied to a model, compared with expert evaluations. Its critique-concordance analysis is a separate exploratory exercise. That separation matters because score agreement and issue recovery need different data and different interpretations. Project baseline and evidence

A substitution benchmark asks whether the system can supply work comparable to an additional expert under a specified protocol. A complementarity benchmark asks whether adding it improves a human process, accounting for resources. These are proposals for organizing the next evaluation, not claims that either has already been established.

Take a numerical example. A human panel identifies four consequential issues. Assistant A repeats all four and adds six generic concerns. Assistant B repeats two, finds one verified new issue, and produces no generic concerns. If the new issue changes the recommended follow-up analysis, B may be the more useful complement even though A has greater reference coverage. If no human panel is available, the ranking may change.

The counterfactual process matters as well. Compare AI assistance with the same amount of expert time spent directly reading the appendix, or with a second unaided expert, not only with doing nothing. A model that creates ten minutes of checking work must buy enough information or save enough other work to justify those minutes.

That leads to a concrete question for each proposed output: who uses it, to do what, at what stage, and what would they otherwise do? Without that question, an evaluation can reward elegant prose that nobody needs.



Build an issue card that can be challenged

The unit of work should be smaller than a whole referee report and larger than a keyword. Call it an issue card. It identifies the claim, the exact evidence, the objection, the consequence, the possible repair, and what would defeat the objection. This is an authored design for the Unjournal setting; it is not a new scientific ground truth.


A concrete issue card

For the running paper, the claim might be that the program creates persistent earnings gains relevant to national expansion. The evidence location is the two-year outcome table and the follow-up appendix. A useful objection states the inferential consequence of attrition: under the actual follow-up process, the estimated contrast may fail to represent the intended population. The proposed check might be a documented sensitivity analysis under explicit missing-outcome assumptions.

Now consider disconfirming evidence. Suppose the paper links administrative earnings for nearly the full original sample, and the apparent attrition concerns a separate survey measure. Then the initial objection may be inapplicable to the headline earnings estimate. A useful assistant should withdraw it. Rephrasing it as an eternal general limitation is not successful evaluation.

An issue card should therefore distinguish source accuracy from inferential validity. A quotation about survey response can be exact while the criticism of administrative earnings is wrong. It should also distinguish inferential validity from importance. A minor secondary outcome can have a real limitation without altering the main result or decision.

A practical evidence status can have four values: directly checked, inferred from checked material, unresolved because material is missing, and contradicted by evidence. This is more informative than a single confidence number. Confidence can still be recorded, but ask what event it refers to: correct quotation, valid objection, or consequential effect on a decision.

Sewon Min and colleagues’ FActScore work offers a related precedent: break long generated text into atomic factual claims and evaluate their support. Research criticism needs an additional layer because an accurate collection of facts can support a poor inference. Decomposition helps locate the problem; it does not automate the final judgment. Atomic factual evaluation

For an analyst using R or Quarto, issue cards can become a simple table with stable IDs. The narrative report is then a view of those records, not the only surviving artifact. You can count unsupported claims, compare time spent by issue type, and revisit an adjudication when the paper changes. This is a more tractable starting point than trying to assign one truthfulness score to a ten-page review.




How to adjudicate novelty without rewarding noise

A human reference set is usually incomplete. Matching model issues to that set answers a concordance question: did the system recover concerns that experts raised? The unmatched issues require their own assessment. Calling every unmatched issue false penalizes discovery; calling every unmatched issue novel rewards hallucination.

Here is a proposed two-stage process. First map issues to the reference, allowing partial overlap and compound issues. Record the reason for the mapping. Then select a stratified sample for substantive adjudication, including unmatched issues, high-severity claims, and a sample of apparently routine matches. Hide whether an issue came from a human or model where feasible, while preserving the evidence needed to evaluate it.


Sampling and scoring novel issues

Sampling only the most impressive novel issues would overstate validity. Sampling only high-risk issues could understate average validity while being sensible for safety. Use known inclusion probabilities if estimating an aggregate, and report targeted audits separately. A purposive safety review and a prevalence estimate are different products.

Suppose a model produces twenty unmatched issues. Four allege a central identification failure, six concern interpretation, and ten concern presentation. You adjudicate all four central claims and sample three from each other category. The raw fraction accepted in those ten reviews is not the unweighted validity rate of all twenty. The strata were sampled at different rates. This is familiar survey logic, but it is easily lost in an AI evaluation pipeline.

Novelty itself needs a reference boundary. An issue can be absent from the curated expert set but already discussed in the authors’ appendix. It can be new to this panel but old in the literature. Or it can combine familiar facts into a useful implication. Define novelty relative to accessible records, and evaluate usefulness separately from priority in discovery.

Also prevent issue splitting from gaming the score. One concern can be divided into five slightly different sentences. Conversely, one compound paragraph can contain three distinct problems. Freeze the unitization rule before comparing systems. Stable claim IDs and substantive consequences help identify duplicates more reliably than surface wording.

The adjudicator needs an unresolved category. An honest determination that additional data are needed should not be forced into true or false. A useful next action can be the result: request the code that constructs the follow-up sample, or ask the authors which observation count belongs to which estimate. The assistant’s value may lie in specifying that request precisely.




Expert disagreement is structured information

When human evaluators disagree, first classify the disagreement. One may have read the wrong version. One may prioritize external validity while another focuses on identification. They may share the same facts and differ over a plausible extrapolation. One may also have made a straightforward mistake. Each case implies a different benchmark label and a different response.


Identify the kind of disagreement

The research-evaluation project’s methods distinguish reliability adjustments from direct evidence of equivalence to an additional expert. A useful comparison holds out a human and evaluates both that human and the model against the same remaining panel, with a predeclared margin for a noninferiority claim. That still depends on what agreement with this panel means. Methods and comparison limits

For the proposed benchmark, preserve pre-discussion judgments, reasons for disagreement, and post-discussion updates. Discussion can correct misreadings and can also induce conformity. Final consensus is produced by that social process. Recording the sequence lets you examine whether participants changed because of new evidence, clarification, deference, or pressure toward agreement.

There is a useful decomposition for the earnings example. One reviewer doubts identification because of missingness. Another accepts identification but doubts transport to a national rollout. A single overall score can make them look equally negative. An issue-level record shows that the repairs differ: better outcome recovery in the first case, evidence about implementation and effect heterogeneity in the second.

A model can help by separating those reasons without deciding their weights. It might generate a disagreement map: factual dispute, methodological inference, scope of claim, or value judgment. A human then checks whether the map faithfully represents the evaluators. This is a promising complementarity use case because organizing disagreement can be valuable even when the system is not the best final judge.

You could test that use directly. Give blinded evaluators the original disagreement or a source-linked map, randomize presentation, and measure correction of misunderstandings, time to identify the crux, and loss of minority concerns. A shorter meeting is not necessarily better if a legitimate dissent disappears. Again, the outcome must reflect the reason for introducing assistance.




Design the assistance experiment

Here is a bounded pilot that extends the existing one-shot baseline. In one condition, an expert evaluates the paper using the usual materials. In another, the expert first records an independent view, then receives up to three source-linked AI issues. Both conditions have comparable total time budgets. The cap limits the assistant’s ability to impose unlimited verification costs.

Record the initial human concerns before exposure. Then record which AI issues were accepted, rejected, repaired, or left unresolved; how much checking time they required; and whether the final judgment changed. Where possible, have a separate blinded adjudicator assess the substantive issues. Human agreement after seeing AI output is not independent discovery by both parties.

Randomization by paper can avoid one reviewer seeing both versions of the same case, but papers differ. A crossed design using different evaluators and balanced assignments may help, subject to limited expert availability. Repeated measures need clustering at the appropriate levels. The purpose of a small pilot is often to learn the workflow and variance components before promising a precise average effect.

The main result might be disappointing in a useful way. Perhaps AI issues increase verified coverage but add more checking time than they save. Perhaps only table-location assistance helps. Perhaps assistance works for unfamiliar methods and distracts domain experts. Those findings tell you where to narrow the product, not simply whether AI is good or bad at peer review.

Pause on the distinction we have built. Reference coverage asks what familiar concerns were recovered. Adjudication asks which concerns survive scrutiny. Complementarity asks what the human process gains by receiving them. Try to recall an example where all three move in different directions.


For your immediate work, I would start with the existing issue ledger and a small blinded adjudication exercise. The first software improvement should make source checking easier: stable passages, versions, and consequence fields. A more elaborate judge is a later experiment. The next chapter turns from evaluating a selected paper to deciding which evaluation should happen at all.





04. Prioritization and portfolio value


The question is which evaluation to do next

Research prioritization means choosing where limited research effort should go. Here the scarce resource is evaluation effort: expert time, evidence gathering, replication work, and attention from people who might use the result. Paper quality describes the merits of a paper. Evaluation value describes the expected benefit of evaluating it now. A strong paper can have low evaluation value if further review is unlikely to change any decision. A weaker or more uncertain paper can have high evaluation value if careful scrutiny could alter an imminent, consequential choice.

A portfolio is the set of evaluations commissioned together. Portfolio thinking matters because two evaluations may answer the same question, while another pair may cover complementary uncertainties. The best set cannot always be found by ranking every paper independently and taking the top few.

The chapter begins with a single decision and a small value-of-information calculation. It then widens to a portfolio and finally to a benchmark for prioritization. The calculation is deliberately simple. Its job is to reveal the assumptions that carry the recommendation: what decision can change, what evidence could change it, whether the evaluation arrives in time, and whether anyone will use it. 



The evaluation is the intervention

Suppose two papers compete for an Unjournal evaluation. Paper A is excellent, narrowly scoped, and already thoroughly scrutinized. Paper B is less secure but influential in a decision that will be made soon. Ranking the papers by scientific quality could put A first. Ranking the expected value of evaluating them could put B first. That reversal is the central object of this chapter.

Your public prioritization dashboard explicitly treats evaluation priority as distinct from a quality endorsement. It includes decision relevance, timing, influence, and the added value of scrutiny. The numerical weights are provisional choices. This course uses that distinction as a foundation, then develops a more explicit decision-based interpretation. Prioritization dashboard

An evaluation is an intervention in an information process. It may detect an error, clarify uncertainty, improve a paper, or make a credible result easier for others to use. Its value depends on whether those changes affect consequential decisions, including future research. “The topic is important” is a starting point, not a complete causal pathway from review to benefit.

For the running earnings paper, imagine a funder choosing between national rollout, a smaller replication, and an alternative program. An evaluation might change beliefs about persistence or implementation cost. But if the funder has already committed irrevocably, or never receives the evaluation, the pathway is weaker. Timing and uptake enter the value of the review even when the methodological issue is real.

A crux is an uncertainty whose resolution can change a relevant conclusion or choice. In this case, the crux could be whether the two-year effect remains positive under plausible missing-outcome assumptions. If all plausible values leave rollout preferable, the uncertainty is scientifically interesting but less valuable for this particular decision. If plausible values straddle the choice boundary, a targeted check may matter greatly.

The practical task for an assistant is therefore to identify a decision, a contested premise, an achievable investigation, and a possible update. Each link needs evidence. A fluent paragraph naming a major funder does not establish that the funder is using the paper. Distinguish documented use, plausible future use, and mere topical relevance.



A worked value-of-information calculation

Use a deliberately simplified decision problem. The funder chooses rollout or a smaller alternative. Relative to the alternative, rollout yields a benefit of ten units if the effect is durable, and a loss of six units if it is not. The prior probability of durability is one half. Expected net benefit is two units, so rollout is currently preferred.


Read the calculation one step at a time

An evaluation produces a signal that is correct with probability three quarters in either state. A positive signal raises the posterior probability of durability to three quarters. Rollout then has expected benefit of six units. A negative signal lowers that probability to one quarter, making rollout’s expected benefit minus two units; the funder chooses the alternative, valued at zero relative to itself.

Each signal occurs half the time under these assumptions. Expected value after seeing the signal is therefore three units. Before the signal it was two. The expected value of sample information is one unit, before subtracting the evaluation cost. This is an illustrative calculation, not an impact estimate for an actual Unjournal review.

Now put real institutional limitations back into the example. Perhaps the evaluation arrives on time with probability four fifths, and influences the decision conditional on timely arrival with probability one half. Under a simple model where it has no decision effect otherwise, the expected decision benefit falls to four tenths of a unit. Those probabilities might be correlated with the state or signal, in which case multiplying them is too crude.

The calculation is useful because it exposes what must be believed. The review must produce an informative signal. The decision must respond to the signal. The alternative actions must have different consequences. The evaluation must reach the relevant person in time. A rubric can help organize these judgments, but cannot eliminate their uncertainty.

Also ask whether the evaluation should be narrower. A full referee report may cost more than a targeted audit of the attrition analysis. If that audit resolves the decision crux, it can have higher value per expert hour. Conversely, a narrow check can miss a different defect that dominates the decision. The evaluation scope is itself an optimization variable.

This gives an assistant a concrete job: construct a small decision tree with explicitly labeled assumptions, then identify which assumption most changes the evaluation recommendation. You already know how to analyze that model. The assistant can reduce the cost of assembling evidence and checking consistency, while the consequential priors and values remain inspectable.




Why the portfolio changes the ranking

Now suppose you can commission three evaluations. Five candidate papers all bear on the persistence of similar training-program effects. A sixth addresses whether the delivery organization can maintain quality at scale. The first persistence review may be highly valuable; the fifth may mostly repeat what the first four establish. A delivery review may become the better marginal purchase.

Write the value of a portfolio as a function of the set of evaluations chosen. The marginal value of adding a paper depends on what is already in that set. Independent paper scores implicitly assume away some of this dependence. A ranked shortlist remains useful, but it is not generally an optimal allocation.

Redundancy creates diminishing returns in some settings. Several reviews may reveal the same limitation or use the same data source. Complementarity can create increasing returns elsewhere. One evaluation checks an efficacy estimate, another checks cost, and neither changes the decision alone because both uncertainties are binding. Together they may identify the preferred intervention.


Make overlap visible with an evidence map

This means that a greedy ranking by individual value can fail in either direction. It can buy too many substitutes or miss a complementary pair. With a small shortlist, explicitly comparing a few portfolios is often more defensible than pretending a universal ranking solves the allocation problem. The assistant can enumerate plausible combinations and explain what each adds.

Use a simple evidence map. Rows are candidate evaluations; columns are decision-relevant uncertainties. Mark whether each review is likely to resolve, partially inform, or leave unchanged each uncertainty. Add expected cost, timing, and feasibility. The map is a planning aid, not a probability model. Its value is making overlap visible before the team commits resources.

For your Pivotal Questions work, the same logic applies to research agendas rather than papers. Several studies can all estimate an already well-understood parameter while neglecting an implementation constraint. A portfolio benchmark should reward covering consequential uncertainties, not merely selecting individually impressive abstracts. It should also permit a decision to defer evaluation when no affordable investigation is likely to resolve the crux.

One useful task for an assistant is to propose the strongest competing portfolio under the same budget. Ask it to explain the information tradeoff using the same evidence standard as the favored portfolio. This is more informative than generating another paragraph defending the top-ranked paper. Independent alternatives expose whether the recommendation is driven by evidence or by the initial ordering.




Benchmark a choice process, not retrospective eloquence

A research-prioritization benchmark needs a decision context fixed before the system ranks candidates. Specify the intended user, available actions, information cutoff, budget, and time horizon. Otherwise the system can invent a favorable decision-maker after choosing its favorite paper. Such a rationale may sound persuasive while never having guided a real choice.

For an initial pilot, ask participants to nominate a paper unaided, then show them a source-grounded shortlist or evidence map. Record whether the choice changes, what evidence changes it, time spent, and the evaluation scope they choose. This is a proposed process measure. It does not establish downstream social impact, but it is closer to use than page views or general approval.

Include independently nominated candidates. If every candidate comes from the dashboard, the study cannot reveal papers the discovery process systematically missed. Discovery and ranking are separate stages. A perfect ranker over an impoverished candidate set can make poor decisions, just as a perfect evidence selector cannot recover an appendix that was never retrieved.

The public stability pilot is relevant because prompt wording and repeated execution can alter scores. But broad rank stability is not enough. If the organization funds three evaluations, instability around ranks three and four matters much more than small changes at the extremes. Measure threshold crossing and the sensitivity of the chosen portfolio to plausible weights. Stability evidence

Distinguish sensitivity that reveals substantive disagreement from arbitrary instability. A ranking should change when a decision-maker’s objectives or available evidence change. It should not change much because the prompt uses a synonym for “importance.” Designing invariance tests requires identifying which transformations ought to preserve the task, not demanding identical answers to everything.

You can also assess rationales before outcomes mature. Does the recommendation identify a verifiable decision pathway? Does it distinguish missing evidence from evidence of absence? Does it acknowledge an existing review that reduces marginal value? Does the proposed evaluation address the stated crux? These are intermediate quality measures; label them that way.



What an individual can try next

Choose a small candidate set around one active question, perhaps an AI-economics or animal-welfare decision already within your work. Avoid starting with the entire research landscape. Ask an assistant to create one page per candidate: central claim, intended user, pivotal uncertainty, current scrutiny, and the check an evaluator could add. Require links for evidence of actual uptake.

Then ask a second pass to identify duplicated uncertainties across the set. It should not invent a common metric if the values are incomparable. It can show alternative portfolios conditional on different priorities: resolving an imminent decision, improving a widely used model, or learning whether a neglected direction deserves further work.

Keep the exercise explicitly provisional. An assistant’s forecast that a review will be useful is not itself evidence of usefulness. The follow-up record should ask what the evaluation actually clarified, who used it, and whether the initial value story survived. Unexpected pathways should be recorded, but separated from the preregistered prediction if you are evaluating forecasting performance.

There is a useful stopping question here. If another hour of searching would merely add citations to the same unsupported uptake story, it may not help. If it could establish whether a policy consultation is still open, or whether a central analysis has already been independently checked, it could reverse the priority ranking. Spend investigation on variables with decision sensitivity.

Pause and reconstruct the earlier calculation. Why can a scientifically important uncertainty have almost no immediate value of information? Because resolving it may not change the preferred action, may arrive too late, or may fail to reach the decision-maker. Which of those is most likely to constrain the evaluations you commission?


The point is not to force every research judgment into a spurious precise impact number. It is to make the causal story of evaluation value explicit enough to challenge. We now have two distinct targets: defensible assessment of a paper, and useful allocation of evaluation effort. The next chapters build the evidence and agent workflows that could improve either target.





05. Documents, retrieval, and context


Follow the evidence before judging the answer

A language model can only reason over information that reaches its working context. Getting a paper into that context usually requires several steps: obtaining the correct version, converting the file into usable text, separating tables and footnotes, dividing the material into pieces, and selecting which pieces to show the model. This sequence is the evidence pipeline.

Retrieval is the selection step. A retrieval system takes a question and chooses passages, records, or files that appear relevant. Context is the material finally supplied to the model for this run. Retrieval can therefore shape the answer before the model begins its visible reasoning. If the appendix containing a decisive robustness check is never selected, even a strong model may produce an obsolete criticism.

Keep a simple causal chain in mind: source document, extraction, retrieval, context, answer, verification. A failure at each stage leaves a different trace and suggests a different repair. This chapter will use the running earnings paper to make those stages concrete and to show why a citation is the beginning of a check rather than the end. 



The evidence pipeline can dominate the model

We have now defined two useful outcomes: a defensible issue about a paper, and a better decision about what to evaluate. Both depend on the evidence reaching the model intact. This chapter follows a document from a folder into an answer. We will distinguish extraction, retrieval, context selection, and citation verification, using the earnings paper throughout.

Begin with a mundane failure. The abstract and main text refer to the revised paper, but the appendix belongs to an earlier version. The model reads everything correctly and produces an internally coherent criticism. The criticism still fails because the evidence package was inconsistent. No amount of later reflection can reliably fix an input error that is never exposed.

Your headless evaluation pilot already records the importance of document concordance and input modality. It distinguishes extracted text from native PDF input and keeps exploratory outputs separate from the main evidence. This is a concrete example of research infrastructure protecting interpretation: the manifest tells you what treatment was actually administered. Existing pilot

A document manifest can be very small. Record the paper title, version date, source location, file hash, acquisition date, and available supplements. A cryptographic hash is a fingerprint of file contents; it helps establish that two runs used the same bytes. It does not establish that those bytes are authentic, complete, or the intended paper. Identity checking still needs titles, metadata, and human-readable inspection.

Extraction turns a PDF’s presentation into machine-usable text and structure. A digitally generated PDF may preserve words but obscure reading order. Scanned pages may require optical character recognition. Tables, mathematical notation, footnotes, and multi-column layouts are particularly important to check. A missing minus sign can matter more than a thousand correctly extracted words.

Docling is one open-source document-conversion tool worth testing on a small sample of your actual papers. Its documentation describes structured conversion across document types. The recommendation is to compare extraction quality on relevant pages, not assume that adopting a named parser solves the problem. Keep the original page available alongside the extraction. Docling documentation

For the running paper, choose three inspection targets: the headline result table, the follow-up table, and the equation defining the estimator. Ask whether the extracted version preserves row labels, denominators, units, and qualifiers. This is a much more informative parser test than whether the output looks readable on the first page.



Retrieval is a selection model

Retrieval chooses material to put into the model’s context. The simplest approach is literal search: find “attrition,” “follow-up,” or the table label. Lexical retrieval scores text by matching terms. Semantic retrieval represents queries and passages as vectors and ranks them by a similarity measure. Hybrid retrieval combines signals. A reranker can then reassess a smaller candidate set more expensively.


Chunking changes what can be found

Retrieval-augmented generation, often called RAG, combines retrieved material with generation. Lewis and colleagues’ 2020 paper is a foundational example of coupling a language model with an external retrieval mechanism. In your workflow, the central benefit is inspectable, updateable evidence access; the exact research architecture need not be copied. Retrieval-augmented generation

The selection problem matters. Search for “attrition bias” may preferentially retrieve critical discussions while missing an administrative-data paragraph that resolves the concern. Search for “robustness” may retrieve the authors’ summary and miss the actual specification. A retrieval result is an information sample shaped by the query, index, chunking, and ranking rules.

Chunking divides documents into passages. Small chunks can make retrieval precise but detach qualifiers from claims. Large chunks preserve context but may overwhelm the budget or dilute the relevant passage. A sensible unit for a research paper might be a paragraph plus its heading and adjacent context, or a table together with its notes. Do not split a table from the definition of its sample just because a token counter reaches a threshold.

Here is a proposed retrieval experiment. Start with known evidence locations for a handful of claims. Compare literal search, semantic retrieval, and a hybrid procedure. Measure whether the relevant evidence is returned, whether the needed qualifier survives, and how much irrelevant text is included. Then assess whether the final issue judgment changes. Good retrieval recall and good final reasoning are related but separate outcomes.

Negative retrieval results require particular care. “No result was retrieved” does not mean the paper lacks the analysis. It might use unfamiliar terminology, put the result in a figure, or place it in a separate supplement. The assistant should report the search scope and unresolved evidence need, not convert a search failure into a factual allegation.

For a small course of investigations, a folder search and an explicit document map may outperform a sophisticated vector database on cost and transparency. Introduce indexing complexity when the corpus or retrieval failures justify it. The first question is whether the evidence needed for the task can be reliably located, not whether the architecture sounds modern.




Context is a scarce working space

The context window is the sequence the model can condition on in a generation. It may contain instructions, retrieved passages, tool observations, previous answers, and summaries. Capacity is only one property. Effective use depends on organization, relevance, position, and the task. Putting a fact somewhere in a long context does not establish that the system used it.

The 2023 Lost in the Middle study by Liu and colleagues documented sensitivity to where relevant information appeared in long contexts for the models and tasks tested. It is historical evidence for a design concern, not a claim that every current model has the same positional profile. Test your actual setup with evidence moved between positions. Long-context study


Capacity and usable attention are different

Suppose you provide the full earnings paper and all supplements. That avoids one kind of retrieval omission, but creates a larger selection burden inside the model. Alternatively, you can supply a structured evidence packet with exact passages and a route to the originals. The packet is shorter but may encode the preparer’s blind spots. Compare both approaches on cases where qualifications are distributed across sections.

Compaction replaces a long interaction history with a summary. Persistent notes retain selected information across runs. Anthropic’s context-engineering discussion treats these as ways of managing limited context during extended work. Their usefulness depends on what they preserve. Context engineering

In our example, “missingness concern unresolved; administrative-data linkage may address it” is a good compact note. “Paper has attrition bias” is a dangerous compression because it converts a hypothesis into a finding. Store observations, interpretations, and open questions separately. Retain source anchors so a later investigator can recover the underlying evidence.

A practical evidence packet has a short task statement, the exact claim under review, relevant passages with provenance, a list of missing material, and a constrained output contract. It should also identify what not to infer. For example, absence of code from the supplied package establishes an access limitation, not necessarily that the authors never shared code.

Context design can be evaluated experimentally. Hold the model and budget fixed, vary only the information arrangement, and use the same adjudication standard. If a structured packet improves performance, that is a workflow result. It may be highly useful even though no foundation-model capability changed. This is one reason your comparative advantage can lie in organizing domain evidence.




A citation is a pointer, not a proof

An answer with ten citations can still be poorly supported. The link may be real but irrelevant, the passage may be accurate but incomplete, or the inference may exceed what it establishes. A citation checker needs to inspect the relation between the claim and the source, not just whether a URL opens.

Use three levels of checking. First, existence: does the referenced document or passage exist? Second, fidelity: is the quotation or numerical claim represented accurately? Third, support: does it justify the conclusion in context? These checks need different procedures. Exact-string matching can help with quotations; it cannot adjudicate a causal extrapolation.


Follow one claim through all three checks

For the trial, a citation to the follow-up table establishes differential response only if the labels and sample definitions match. Whether that threatens the earnings estimand requires more argument. Whether it changes national rollout requires additional assumptions about effect durability, scale, and alternatives. One citation can support the first link without supporting the entire chain.

Ask the assistant to identify the smallest claim that each source supports. This often improves calibration. “The appendix reports different survey response rates” is narrower and more checkable than “the main conclusion is invalid.” A useful critique can then build the additional inferential steps explicitly, labeling where judgment or missing information enters.

Provenance means recording where an artifact came from and how it was transformed. For a retrieved passage, preserve the source file hash, page or section, extraction method, and retrieval query where useful. For a calculation, preserve the input values, code, and output. The goal is that another person can retrace the important step without repeating the entire investigation.

This is especially valuable in a collaboration. A second reviewer can challenge the interpretation while agreeing on the underlying observation. If the only surviving artifact is a smooth narrative summary, those layers are difficult to separate. Evidence-linked records reduce the cost of productive disagreement.




A small evidence lab

Here is a practical exercise for the next time you review a paper. Choose one claim whose assessment requires material beyond the abstract. Create two input packages. The first is the usual full document. The second is a concise evidence packet containing the claim, relevant table, notes, and one potentially disconfirming passage. Keep the original PDF accessible in both conditions if tool use is part of the intended workflow.

Ask the same bounded question in each condition: what is supported, what is unresolved, and which check would most reduce the uncertainty? Compare evidence fidelity, inferential accuracy, omissions, and human checking time. Run a small number of repeats before interpreting a difference. This is a pilot of information design, not a statistically decisive model contest.

Then introduce a controlled extraction defect in a synthetic copy, such as removing a table note. The correct response may be increased uncertainty or a request to inspect the original. You are testing whether the workflow detects an evidence limitation. Do not introduce hidden manipulations into a live public paper or distribute the defective copy as if it were genuine.

For analysis, ordinary tabular tools may be sufficient. Store one record per issue and one per evidence check. Use your existing R and Quarto workflow to summarize failures. A local analytical database such as DuckDB can become useful when run records accumulate, but it is optional infrastructure. The benchmark should remain interpretable if exported to a plain table.

Pause over a familiar mistake: an assistant says it “could not find” an analysis, and the next summary says the analysis “does not exist.” Which transformation caused the error? It occurred when an observation about search became an assertion about the world. The remedy is evidence-status discipline, not another paragraph of generic caution.


We have now followed the evidence from file identity through extraction, retrieval, context, and citation. The next chapter puts these components into an agent that can investigate efficiently, stop sensibly, and leave a record you can evaluate.





06. Agents, tools, and bounded investigation


What “agent” means in this course

An AI agent is a system in which a model can choose among actions, observe the results, and choose what to do next. Actions can include reading a file, searching a document collection, running a calculation, or asking for clarification. The surrounding software executes those actions and records what happened. An agent is therefore a process, not a separate species of model.

The word bounded means that the process has explicit limits. The agent receives a defined task, a restricted set of tools, a budget, a stopping rule, and a boundary around consequential actions. For example, it may inspect an appendix and create a draft issue card, while lacking permission to contact an author or publish a conclusion. A bounded system can still make mistakes; the bounds limit what those mistakes can directly cause and make the investigation easier to audit.

This chapter builds one such investigator in stages. We will define its decision, separate the investigator from the evidence checker, choose practical tools, and then specify budgets, recovery, and protection against instructions hidden in source documents. The aim is a useful research procedure whose work can be inspected afterwards. 



Delegate a decision, then define its boundary

An agent is useful when the right next step depends on what it finds. If the appendix resolves the attrition concern, investigate another crux. If it reveals an unexplained sample change, inspect the construction code. A fixed script can handle some of this, but a model can choose among actions using the content of observations. The design problem is making that flexibility productive and testable.

This chapter builds one bounded investigator for the running earnings paper. We will specify its state, tools, stopping rule, and evaluation. The workflow is a proposed experiment for your research projects. It does not assume that a many-agent system beats a one-shot baseline, or authorize an agent to publish an evaluation.

Start with a narrow objective: determine whether the reported two-year earnings effect is sensitive to the documented follow-up process. Give the investigator the correct paper package, an evidence map, and permission to read permitted files. Allow calculations on supplied data or code only in the intended restricted environment. Require an issue card or a justified statement that no consequential concern was established.

A tool interface should expose actions with clear inputs and outputs. “Read page” returns the relevant page content. “Search documents” returns passages and provenance. “Run analysis” returns an execution result, logs, and generated files. The model requests an action; the harness decides whether it is permitted and performs it. That separation matters because generated text can be mistaken or manipulated.

The state is the information the process carries between steps: current hypothesis, checked evidence, unresolved questions, remaining budget, and proposed next action. If these are only implicit in a long conversation, resumption and auditing become fragile. A short state record makes it easier to tell whether the investigator is making progress or repeating itself.

The investigator should distinguish actions that gather evidence from actions that merely rewrite the answer. Rephrasing a concern can improve communication, but it does not resolve the missing-data question. A good stopping rule needs to recognize when the information state has stopped changing.



The investigator and the evidence checker

A useful first architecture has two roles. The investigator forms a candidate issue. The evidence checker tries to falsify it using the source. A human adjudicates consequential disputes. The second role need not be a different foundation model, but it should have a task that produces additional evidence rather than simply approving the first answer.


Give the checker a different information sequence

For the earnings paper, the investigator proposes that survey attrition undermines the main estimate. The checker looks for evidence that the main estimate instead uses administrative earnings. If it finds that evidence, the issue should be withdrawn or narrowed. This is a successful workflow outcome even though the final report contains fewer criticisms.

To reduce anchoring, let the checker reconstruct the relevant estimand and sample before reading the proposed objection. Then reveal the objection and ask for a verdict with evidence. This does not guarantee independence, but it changes the information sequence in a way you can test. Three agents reading the same misleading summary do not constitute three independent checks.

Compare this design against a simpler alternative: one investigator instructed to search explicitly for disconfirming evidence. If the second role adds no value at the same total budget, retain the simpler process. An ablation removes or changes a component to identify what it contributes. Useful ablations include removing retrieval, removing the checker, or keeping the checker while hiding the investigator’s prose.

The ReAct paper by Yao and colleagues is a concrete historical example of interleaving reasoning and external actions in language-model systems. The architectural idea is to update behavior after observations, rather than produce an entire answer before interacting with evidence. Your implementation can use that principle without copying its exact prompts or assuming its experimental gains transfer. ReAct paper

A failed tool call is also an observation. If code will not run because a dependency is missing, the agent should report that limitation and perhaps inspect the code statically. It should not say the result was replicated. Keep attempted execution, successful execution, matching output, and substantive reproduction as distinct statuses. They correspond to different amounts of evidence.




Practical tools worth trying

For a first pilot, the most useful tool may be the one you already have: an assistant operating over a small local project with read-only sources and a writable run folder. Ask it to produce structured records alongside prose. The advantage is low setup cost and a workflow you can inspect. The limitation is that interactive defaults and changing product behavior complicate strict replication.

Your existing headless pilot makes that tradeoff explicit. A command-line run can support inexpensive exploration, but the model, software version, input modality, prompt, and execution surface must be recorded. Do not merge exploratory extracted-text runs into a native-PDF model comparison without labeling the difference. Pilot reproducibility discussion

For a more standardized evaluation, Inspect is an open-source framework developed by the UK AI Security Institute and Meridian Labs. It separates datasets, solvers, and scorers, and provides logs and support for agent tools. A solver is the procedure that produces an answer; a scorer evaluates it. This makes it a plausible next tool when your pilot needs repeated, comparable runs. Model access may still have separate costs and requirements. Inspect documentation

I would not begin by migrating the whole project. Reimplement one small task: a claim, its source packet, a bounded investigator, and an evidence-fidelity scorer. Confirm that the log preserves what you need. Then add the human adjudication output as a separate analysis layer. The framework should serve the experimental design, rather than become a reason to redesign everything at once.


Start with one inspectable task

For structured outputs, JSON Schema defines required fields and allowed types. It can require a source location, a confidence value, and an evidence status. Validation catches missing fields and malformed records. It cannot determine whether a quotation is real or an objection is correct. Structural validation is cheap and useful precisely because you can reserve human attention for substantive checks. JSON Schema overview

For your reports, continue using a familiar analysis surface such as Quarto. A table of issue outcomes, a plot of verification time, and a few linked failure cases can be more informative than a custom dashboard. Keep generated review prose separate from the records used to compute benchmark scores. That makes the same evidence reusable across course examples, pilot reports, and later confirmatory analysis.




Budgets, stopping rules, and failure recovery

An investigator needs more than a maximum token count. Specify the maximum number of evidence requests, an execution-time limit, and which unresolved conditions require a handoff. A budget is both an economic constraint and part of the measured treatment. The agent must not alter the grading rule when it runs out of resources.

Use an expected-value stopping rule in a practical, approximate form. Before another action, ask what uncertainty it could resolve and how that could change the issue judgment. If the action cannot plausibly alter the conclusion, summarize. If a short appendix inspection could distinguish a central error from a false alarm, continue within budget. The model’s estimate is imperfect, but forcing the question makes waste more visible.


Stop when another action is unlikely to change the judgment

Here is a hypothetical budget. The investigator can make six document requests and one short calculation. After three requests it has established that the main earnings measure uses administrative records. The remaining concern concerns survey well-being, a secondary outcome. It should revise the scope rather than spend the remaining budget defending the original allegation. Budget exhaustion is not the goal; a resolved question is.

Recovery should be explicit. A checkpoint stores enough state to resume after interruption: inputs, completed actions, outputs, and the next unresolved question. Cached results can avoid repeated tool calls, but a cache key must include relevant inputs and versions. Reusing an old answer after the paper changes is a hidden treatment error.

Idempotence is another useful engineering concept. An operation is idempotent if repeating it has the same intended effect as doing it once. Reading a file usually fits; sending an invitation does not. Research agents are easier to manage when most actions are read-only or create uniquely identified records. Consequential actions should have separate controls and duplicate prevention.

For a pilot, record why each run stopped: question resolved, budget reached, missing evidence, execution failure, or human escalation. Excluding failed runs can overstate usefulness. At the same time, a provider outage and a reasoning failure should not be silently treated as the same mechanism. Report both total operational performance and diagnostic categories.




Prompt injection and a testable boundary

A document can contain instructions addressed to an AI reader. A retrieved page can tell the assistant to ignore its task, reveal information, or favor a conclusion. Prompt injection is the attempt to make untrusted content alter the system’s governing behavior. It is different from an ordinary false factual statement because it attacks the instruction boundary.

The defense is partly architectural. A read-only evaluation agent cannot email confidential data if no email capability is available. A source passage cannot legitimately change the budget or unlock adjudication labels. Put restricted labels in a location the execution environment cannot access. “Please do not look” is weaker than not granting access.

Test the boundary using a synthetic document with an obvious injected instruction, then subtler variants within an approved sandbox. Record whether the system follows the instruction, quotes it as source content, or ignores it appropriately. Also test whether it can still use legitimate evidence near the injection. A defense that rejects every unusual document may protect itself by abandoning useful work.

You can now assemble a minimal trial. Compare the one-shot baseline, an investigator with retrieval, and an investigator plus evidence checker at matched total budgets. Use the same papers and adjudication standards. Measure valid consequential issues, misleading suggestions, missed reference concerns, verification time, and total resource use. Keep novel-issue adjudication distinct from overlap scoring.

Pause before the final step. If the three-role workflow wins, what have you learned? You have evidence about a specified procedure on a specified task distribution and budget. You have not shown that adding agents universally helps, or that the model has become a better scientific judge in every context.


The useful product of this chapter is a bounded investigation with a readable trail. The next chapter asks how to improve that procedure over time without letting development feedback contaminate the evidence for success.





07. Learning loops, prompts, and weights


First ask what the system is allowed to change

People often say that an AI system “learned” after its output improved. That word covers several different mechanisms. A revised prompt changes the written instruction. A memory or playbook changes information supplied in future runs. A workflow revision changes the sequence of tools and checks. Fine-tuning changes numerical parameters inside the model. These changes persist in different places and create different risks.

A learning loop is the controlled process that connects an observed failure to a proposed change and then tests whether the change helps on new cases. The new cases matter. If we evaluate only on the example that motivated the change, we can show that the example was repaired without showing that the workflow improved more generally. A held-out set is a group of cases kept out of the revision process so it can provide a less biased test.

The chapter begins with readable changes—prompts, context, and workflow—and later introduces optimization systems and weight adaptation. You do not need to retain every acronym on first hearing. Focus on the persistent object, the evidence used to change it, and the cases used to test the revision. 



Ask what persisted

An investigator has now reviewed several papers. You correct its tendency to treat any differential attrition as fatal. The next review is better. Has the system learned? The useful answer begins by asking what persisted: a revised answer, a saved note, a changed prompt, a new retrieval rule, or updated model weights.

Within-task revision changes today’s output. External memory stores text or other records for future access. Prompt optimization changes instructions or examples supplied to later runs. Fine-tuning changes trainable parameters. A software change can alter tool access or information processing. These mechanisms can all improve observed performance, but they have different costs, failure modes, and requirements for replication.

The Reflexion work by Shinn and colleagues called its approach verbal reinforcement learning. Its mechanism uses linguistic feedback and memory to improve later attempts without ordinary gradient updates to the language model’s weights. The terminology is a useful warning: the word “learning” alone does not identify the persistent object. Reflexion

For the running paper, imagine saving the rule “before criticizing attrition, identify the outcome’s actual data source and analysis sample.” That can help future reviews through context. It is inspectable and reversible. But if applied rigidly, it might suppress a valid concern when the sample information is missing. The rule should permit an unresolved evidence request, not force a false conclusion of safety.

A good reusable lesson includes scope, supporting evidence, a counterexample, and a regression test. The supporting example shows why the rule helps. The counterexample prevents overgeneralization. The regression test checks a useful behavior the change might damage. This is an authored design for a research-evaluation playbook, not a claim that storing more memories always improves an agent.

An agent loop and a learning loop now have distinct meanings. The agent loop investigates today’s paper. The learning loop changes a reusable component and tests whether future investigations improve. If you only revise the current answer until it looks satisfactory, you have not yet demonstrated generalization.



A credible loop starts with diagnosis

Suppose ten development reviews contain four false allegations about missing robustness checks. Before changing the prompt, classify each failure. Was the appendix omitted? Did the parser lose the section? Did retrieval miss it? Did the model see the analysis but misunderstand it? Did the grader incorrectly reject a valid criticism? These are different causes, and a single instruction to “be more careful” may address none.

For each diagnosis, propose a bounded intervention. Missing appendix: improve the input manifest. Retrieval failure: require a targeted search before declaring an analysis absent. Inferential error: add a worked example that distinguishes presence of a check from adequacy of the check. Grading error: revise adjudication, not the evaluator. This prevents the learning loop from optimizing around a broken measurement instrument.

Then state an expected benefit and a possible regression. A stronger source requirement may reduce fabricated objections but also miss cross-section arguments whose evidence cannot fit in one quotation. A cap of three issues may reduce verification burden but omit an important fourth issue. A longer evidence packet may help context but increase distraction or cost.

The candidate change should face both supportive and challenging cases. If you test only the failure it was designed to fix, you measure local repair rather than overall improvement. Keep the previous version as a baseline and retain rejected changes with their rationale. A serious learning loop can conclude that a plausible modification was not worth adopting.

Use separate development, validation, and final test roles where the sample permits. The development set supports diagnosis. Validation supports choosing among candidates. The final test supports an assessment after choices are frozen. With a small expert dataset, you may need a simpler split or nested cross-validation, but label which data influenced which decision. Repeatedly peeking at the final test makes it part of development.

Split by paper and cluster related versions. A system that has learned the exact disputes in one draft should not receive credit for generalization on another draft of the same paper. Consider further clustering by closely shared datasets or research families when the intended claim requires broader transfer. There is a tradeoff between independence and available sample size; report it explicitly.


Development, validation, and held-out cases




DSPy and GEPA as optimization tools

DSPy is a framework for composing language-model programs. A signature describes the inputs and outputs of a component. Modules compose operations. An optimizer can search over prompts or demonstrations using a metric on development examples. The important shift is from treating one prompt as sacred prose to treating a reusable procedure as an object of evaluation. DSPy documentation

GEPA, introduced by Agrawal and colleagues in 2025, uses execution feedback and natural-language reflection to propose improved instructions, then evaluates candidates. It retains alternatives that perform well on different examples. Its paper reports comparisons on particular tasks; that is evidence about those experiments, not universal superiority over all forms of training. GEPA paper


What the optimizer is changing

For your task, a program could have three modules: extract the central claim, investigate its evidence, and assess a proposed issue. An optimizer might change instructions for one module at a time. The metric could combine source fidelity with independently adjudicated issue validity, while imposing a cost ceiling. Do not let the optimizer grade its own improvements solely by asking whether the new report sounds better.

The metric is the difficult part. If it rewards the count of accepted issues without penalizing checking costs, the optimizer may generate many borderline concerns. If it rewards agreement with a fixed human set, it may suppress valid novelty. If it rewards short answers, it may omit necessary qualifications. Optimization makes the metric’s omissions more consequential.

Here is a concrete first GEPA-style experiment, whether implemented in DSPy or a small custom runner. Use development issue cards with known source-fidelity failures. Let the optimizer propose an instruction change that prevents confusing survey attrition with administrative-data coverage. Evaluate candidates on both that failure and examples where attrition genuinely matters. Select a candidate before testing on untouched papers.

The output to preserve is more than the final prompt. Keep the original program, candidate changes, training examples exposed to the optimizer, evaluation results, and selection rule. This makes the result reproducible at the procedural level and lets you identify whether apparent improvement depends on one unusually favorable example.

The DSPy GEPA documentation is a practical implementation reference, but exact provider support and interfaces can change. Treat it as a tool to trial after the metric exists. It is free software; running underlying model calls may still incur usage or API costs. No part of this course requires paying for such calls to understand or inspect the proposed design. GEPA implementation




Soft prompts, LoRA, and full fine-tuning

Ordinary prompt editing changes readable text. Soft-prompt tuning learns continuous vectors supplied as part of the model input. Those vectors occupy the embedding space and are optimized numerically. They are not saved English instructions, and using them requires a compatible model interface. Hugging Face’s parameter-efficient fine-tuning documentation distinguishes this mechanism from other adaptation methods. Soft prompts


LoRA in plain language

LoRA means low-rank adaptation. For a weight matrix, it represents an update as the product of two smaller matrices. If the original matrix has dimensions d by k and the chosen rank is r, the trainable update has roughly r times the sum of d and k parameters instead of d times k. The base weights can remain frozen. The low-rank restriction reduces the trainable parameter burden; it does not prove that every desired behavioral change is easy to learn. LoRA mechanism

For a concrete illustration, take a square matrix with four thousand rows and columns. A full update has sixteen million entries. A rank-eight factorization has sixty-four thousand trainable entries. This is a parameter-count comparison for one hypothetical matrix, not the total memory bill for a training job. Activations, optimizer state, base weights, and implementation choices still matter.

Full fine-tuning updates a much larger set of model parameters. It may support broader adaptation but typically demands more data, compute, and evaluation effort. A smaller adaptation is not automatically safer or more accurate. A model can learn the wrong decision rule efficiently. The quality and representativeness of the feedback remain central.

For your current projects, prompt, context, and workflow changes are attractive early interventions because they are easy to inspect and reverse. Weight adaptation becomes more compelling when a stable, repeated deficiency persists across adequate inputs and you have enough high-quality examples to train and test it. “We have a folder of past reviews” is not by itself a training-data specification.

You would need to decide what each example teaches. Is the target an expert’s prose, a corrected issue card, a probability judgment, or a next investigative action? Expert reports can contain disagreement and errors. Fine-tuning on them can reproduce style and biases as well as expertise. Preserve adjudication and uncertainty rather than flattening all reports into ideal answers.

Also separate behavioral adaptation from factual updating. A fine-tuned model is not an automatically synchronized database of the latest paper versions or Unjournal decisions. Retrieval can supply changing facts with inspectable provenance. Training can alter how the system uses such facts. The mechanisms are complementary, but one should not be mistaken for the other.




Evaluate each release on new cases

A release is a specified version of the whole procedure: prompt, tools, parser, retrieval settings, model configuration, and output schema. Freeze those components when estimating performance. If the provider silently changes the model, record the date and visible identifier and acknowledge the reproducibility limit. Do not invent a stronger version guarantee than the interface provides.

Use a compact release report. Describe the intended change, the development evidence, the held-out outcome, relevant regressions, and resource use. Include a few failure cases that explain the mechanism. A larger average score can hide a new tendency to make severe but rare allegations. The acceptance rule should reflect the consequences of those errors.

One possible rule is to accept a candidate only if source fidelity does not decline, verified consequential issue yield improves or stays comparable, and human checking time remains within a predeclared limit. This is a proposed multi-outcome decision rule, not a universal formula. A team could choose different priorities, but should choose them before seeing a flattering result.

Think about delayed feedback. Some consequences of an evaluation emerge only after authors respond or decision-makers use it. You can retain short-run diagnostic metrics while building a longer-run record. Do not wait years to fix a quotation bug, and do not relabel a quotation metric as social impact because longer-run evidence is unavailable.

There is an organizational learning loop here too. An assistant can help maintain an error ledger, but humans must decide which lessons generalize and what changes the organization should make. A model-generated suggestion can enter the ledger as a hypothesis. It becomes a rule only after review and appropriate testing. This keeps accumulated memory from becoming a pile of unexamined assertions.

Pause and name the persistent object in three cases: the assistant rereads a correction, tomorrow’s run retrieves a reviewed playbook entry, and an adaptation job changes low-rank matrices. Those are context, external memory, and parameter updates. Which is the least expensive intervention likely to fix the failure you actually observed?


We have now built an agent loop and an evaluated learning loop. The next chapter explains the hardware production process underneath them, so that “more compute” becomes an interpretable intervention rather than a single impressive number.





08. Compute, memory, and inference economics


A small set of engineering quantities

In this chapter, compute means the computational work used to train or run a model. One common unit is a floating-point operation, shortened to FLOP: roughly, one arithmetic operation on numerical data. FLOPS, with an “s” at the end, means floating-point operations per second, a rate of work. A training run might be described by total FLOP, while a processor might be advertised by peak FLOPS. The similar abbreviations refer to different quantities.

Three other quantities will recur. Memory capacity is how much numerical data a device can hold. Memory bandwidth is how quickly that data can move. Latency is the time a user waits for a result or for one stage of the computation. A device with impressive arithmetic speed can still wait on data movement, just as a fast analyst can wait on slow access to records.

We will connect those quantities to the cost of an actual research workflow. The chapter moves from training arithmetic to memory bottlenecks, then to the two phases of text generation, and finally to cost per verified result. The goal is to understand which resource changed when someone claims that AI work became cheaper or faster. 



An engineering production function

When someone says a model used more compute, they may mean more training arithmetic, more inference tokens, more processors, or a larger dollar budget. These quantities are related but not interchangeable. This chapter gives you enough engineering to identify the operative bottleneck and interpret the economics of an AI research workflow.

A floating-point operation is an arithmetic operation under a counting convention. FLOP is the singular abbreviation; FLOPs often denotes an operation count, while FLOPS is commonly used for operations per second. In speech, say the units explicitly when ambiguity matters. A count is a quantity of work; a rate is a speed. Neither alone determines cost or elapsed time.

For dense Transformer training, a common approximation is six times the parameter count times the number of training tokens. Roughly two operations per parameter per token are associated with the forward computation and four with the backward computation. Epoch AI documents this estimation approach and its qualifications. Attention, embeddings, recomputation, and architecture details can matter outside the simple approximation. Compute estimation

The production relation is straightforward once units match: elapsed time equals work divided by achieved throughput. Achieved throughput depends on hardware, numerical precision, communication, memory movement, and scheduling. Peak advertised arithmetic is a ceiling under particular assumptions. Treating it as delivered throughput hides the engineering problem inside an optimistic utilization factor.

Use a hypothetical job requiring ten to the twenty-fifth operations. Ten thousand accelerators each deliver an effective four times ten to the fourteenth operations per second on the relevant workload. Total achieved throughput is four times ten to the eighteenth operations per second. The job takes two and a half million seconds, or about twenty-nine days. This is an arithmetic example, not a disclosed frontier-model training run.

The denominator must match the numerator. If your work estimate excludes recomputation while your throughput measure counts all hardware operations, you can double-count or omit costs. Record the convention. An apparently precise training-cost estimate can be dominated by uncertainty about utilization, hardware mix, and what stages of development it includes.



Memory capacity, bandwidth, and arithmetic intensity

Memory capacity is how much can be stored. Bandwidth is how quickly data can move. Arithmetic throughput is how quickly operations can be executed once their inputs arrive. A processor can have enormous arithmetic capacity and spend time waiting for weights or activations. This is why the fastest advertised chip is not automatically the cheapest way to serve your workload.

Arithmetic intensity means the number of arithmetic operations performed for each byte of data moved from a relevant level of memory. A workload with low arithmetic intensity spends much of its time moving data. A workload with high arithmetic intensity does more calculation with each piece of data it fetches. The roofline model uses this ratio to estimate whether arithmetic speed or memory bandwidth sets the main performance limit. It provides an upper bound and a diagnostic picture; real software can fall below that bound for many additional reasons. NVIDIA’s performance guide develops the model in more detail. Roofline and bandwidth


Reading a roofline bottleneck

Consider a hypothetical seventy-billion-parameter model stored at two bytes per parameter. The weights alone require about 140 gigabytes. BF16, or bfloat sixteen, is one two-byte floating-point representation used in neural computation. Inference also needs working memory, and training commonly needs additional state for gradients and optimization.

If generating one token requires reading those weights once and doing about two operations per parameter, the simplified arithmetic intensity is about one operation per byte. Increasing arithmetic throughput while leaving memory bandwidth fixed may do little for that workload. Batching several requests can reuse the same loaded weights, increasing arithmetic intensity, but it introduces scheduling and latency tradeoffs.

The H100 SXM is a useful historical reference: NVIDIA lists eighty gigabytes of device memory and 3.35 terabytes per second of memory bandwidth. It is not presented here as the newest hardware or a purchase recommendation. Some prominent tensor-throughput specifications assume sparsity, so a starred marketing number should not be silently applied to dense computation. H100 specification reference

For your overnight batch of fifty paper evaluations, throughput may dominate. For an interactive investigator waiting for one tool decision, latency matters more. A serving setup can be excellent for one and frustrating for the other. This is an economic distinction between total production and responsiveness, grounded in how the hardware uses shared work.




Prefill, decoding, and the key-value cache

Transformer inference has two broad phases. Prefill processes the supplied prompt. Decoding generates new tokens sequentially, each conditioned on the existing sequence. Within prefill, many token-position operations can run in parallel subject to the causal attention structure. During ordinary decoding, the next token depends on the previous one, limiting that kind of parallelism. Inference engineering

Attention uses learned queries, keys, and values. A query is compared with keys to assign weights to available information; those weights combine the associated values. The key-value cache, often called the KV cache, retains earlier key and value representations during decoding so they need not be recomputed from scratch for every new token.


Why the key-value cache matters

The cache saves computation but consumes memory. Its size scales with sequence length, the number of layers, the key-value representation dimensions, numerical precision, and concurrent sequences. Architectures with grouped-query or multi-query attention can reduce key-value storage relative to designs with separate key-value heads for every query head. Exact memory accounting depends on the architecture, so token count alone is insufficient.

For the review assistant, reading a long supplement and generating a long speculative critique are different resource choices. Input processing can be parallelized differently from output generation. A long conversation also carries a growing cache or requires recomputation and context management, depending on the serving system. More context is not simply a free increase in information.

There are two caches worth distinguishing. The internal key-value cache supports token generation. A provider’s prompt-caching feature may reuse computation for repeated input prefixes across requests under specified conditions. An application cache stores completed tool or model results. Similar names hide different objects, eligibility rules, and risks of stale information.

PagedAttention, introduced with vLLM by Kwon and colleagues, is an example of improving inference through memory management. It organizes attention-cache storage to reduce waste and support serving throughput. The lesson is that engineering can move the price-performance frontier without changing the model’s learned scientific competence. PagedAttention and vLLM

For a small organization using hosted models, you may not control these mechanisms directly. You still need them to interpret prices, latency, context limits, and claims that a task became cheaper. A lower bill can reflect model compression, better serving, commercial pricing, or a different quality target. Do not attribute all of it to a change in intelligence.




Precision, mixture of experts, and distributed work

Quantization represents weights or activations with fewer bits under a specified scheme. This can reduce memory and bandwidth needs, but the quality effect depends on what is quantized and how. Four-bit weights do not imply that every intermediate computation uses four bits. A storage comparison is not a complete execution comparison.

A mixture-of-experts model routes a token through selected expert blocks. The experts are learned computational modules, not necessarily human-readable specialists such as “econometrics” and “law.” Total parameter count can greatly exceed the number active for each token. The DeepSeek-V3 technical report is a concrete architectural example from the supplied course material. Mixture-of-experts example


“Expert” means a learned module here

Routing can reduce active arithmetic relative to using every parameter, but the inactive weights still need to reside somewhere, and tokens may need to move between devices hosting different experts. Load imbalance can leave some devices busy and others waiting. Total parameters, active parameters, memory capacity, and network communication are therefore separate quantities.

Distributed training also has several forms of parallelism. Data parallelism applies model replicas to different examples and combines gradient information. Tensor parallelism splits parts of a matrix computation across devices. Pipeline parallelism assigns different layers or stages to different devices. These schemes trade local memory requirements against communication and scheduling overhead.

An economist’s useful question is which resources are complements at the margin. More processors without enough interconnect bandwidth may produce disappointing speedups. More memory can permit larger batches, which can improve use of arithmetic. Faster arithmetic can expose communication as the next bottleneck. The relevant production function changes as the workload and scale change.

This also affects comparisons of training and inference. Training often has large, regular batches and a backward pass. Interactive inference can involve small batches, variable sequence lengths, and latency constraints. A hardware configuration optimized for one is not automatically efficient for the other. Broad claims about chip supply should specify which workloads they constrain.

For your own local tools, the practical version is modest. A small local model may be useful for extraction or routing even if it is not competitive at difficult substantive judgment. A stronger model can handle a bounded critical stage. But evaluate the combined system: a cheap routing error can prevent the expensive model from ever seeing the important case.




Cost per accepted result

The unit you ultimately care about is often an accepted, useful result. For research evaluation, that might be a verified consequential issue or a defensible evidence packet. Model-token cost is only one input. Include retrieval, failed runs, code execution, checking time, corrections, and the cost of important omissions.

Here is a hypothetical comparison. Workflow A costs two dollars in machine use and twenty minutes of expert checking. Workflow B costs eight dollars and eight minutes of checking. At an illustrative expert opportunity cost of sixty dollars an hour, their direct combined costs are twenty-two and sixteen dollars respectively. B is cheaper on that accounting even though its machine bill is four times larger.

Now ask whether they produce comparable outputs. If A finds more consequential issues, cost alone does not rank them. If B’s checker misses a rare severe false claim, its average checking-time advantage may be misleading. Report a cost-quality frontier rather than one number with hidden weights. Include uncertainty when your sample is small.

Subscription access adds another distinction. A run can have zero marginal monetary charge while consuming a scarce usage allowance, analyst time, or an opportunity to perform another task. For informal experimentation that may be attractive. For a reproducible cost study, describe the execution surface and avoid equating subscription quota with an API price or a hardware-compute measure.

Pause and identify the likely bottleneck in two cases. An overnight batch has many independent papers and generous deadlines. An interactive review has a long prompt and must decide one next action quickly. Why might the preferred serving arrangement differ even with the same model weights?


We can now read “more compute” as a family of interventions. Training changes the reusable model. Inference spends resources on a particular task. Memory and serving engineering affect the cost of both. The next chapter asks how these inputs scale, and why verification can become the binding constraint even when generating candidate answers becomes cheap.





09. Scaling, test-time compute, and verification


Two stages at which more computation can help

Scaling broadly means increasing resources used to build or run an AI system. More training data, a larger model, and more training computation can change the model before deployment. Test-time compute, also called inference-time compute, is additional work spent while answering a particular request. It can buy a longer search, several independent attempts, tool use, or a separate critique of a candidate answer.

A verifier is the process that checks or ranks candidate outputs. In software, a verifier may run tests. In research evaluation, it may combine source checks, calculations, an expert rubric, and human adjudication. The quality of verification determines whether generating more candidates produces better answers or simply a larger pile of plausible-looking material.

The chapter compares these two stages of investment and then asks an economic question: how much verified value does the additional computation buy? Listen for three separate costs—generating candidates, checking them, and recovering from failures. They can move in different directions. 



Three different ways to spend more compute

When people say that an AI system is becoming more capable through scaling, they may be collapsing three different interventions. The first is pretraining scale: more parameters, more training tokens, and more computation used to fit the model. The second is post-training: supervised examples, preference optimization, reinforcement learning, tool-use training, and other work that changes the model after pretraining. The third is inference-time computation: spending more tokens, samples, searches, tool calls, or verifier effort on a particular problem after the weights have been fixed.

Those interventions are complements, but they have different economics. Pretraining is a large fixed investment. Post-training is a smaller but still substantial investment in making a general model behave usefully. Inference is a variable cost attached to each task. If an evaluation workflow needs one careful answer a week, expensive inference may be sensible. If it needs to screen ten million claims, the same method may be unusable even if it has the best benchmark score.

The distinction also clarifies what a user controls. You cannot add another trillion pretraining tokens to a proprietary model. You can often change the inference budget: ask for multiple independent attempts, let an agent search longer, add a code execution step, or reserve a stronger model for disputed cases. You can also improve the surrounding verification system. In research evaluation, these user-controlled choices may matter more than a small difference between model families.

Think of an AI-assisted evaluation as a production process. A base model supplies a distribution over possible work products. A scaffold chooses what evidence to retrieve, what tools to expose, how many attempts to purchase, and how outputs are selected. A verifier decides which results are accepted. Capability is therefore not a scalar property of the model. It is an outcome of the model, the inference budget, the task representation, and the acceptance rule.



What a scaling law measures

Kaplan and colleagues’ 2020 scaling-law study found smooth power-law relationships between language-model loss and model size, data, and training compute over the regimes they studied. A power law here means that proportional increases in a resource are associated with regular, diminishing improvements in average predictive loss. This was useful because it made training runs somewhat forecastable: engineers could use smaller experiments to estimate the return to larger ones.

The result was not a theorem that every socially relevant capability improves smoothly. Cross-entropy loss averages prediction error over tokens. A small reduction can coexist with an abrupt change in a downstream task when performance crosses a threshold: code finally compiles, a chain of tool calls finally completes, or a monitor becomes just reliable enough to support delegation. Conversely, a large model can remain poor at a rare task that is weakly represented in the training distribution.


The Chinchilla example: model size and training data

The allocation of a fixed training budget matters too. The earlier Kaplan prescription favored relatively large models trained on fewer tokens. Hoffmann and colleagues’ Chinchilla work re-estimated the tradeoff and argued that many large models were undertrained: for a fixed compute budget, model size and the number of training tokens should grow more nearly together. Chinchilla itself used roughly the same training compute as the much larger Gopher model, but had seventy billion parameters and was trained on about four times as much data.

For a research consumer, the durable lesson concerns the relationship among model size, data, computation, and the measured loss. A particular parameter-to-token ratio comes from particular experiments, data quality, architecture, and target loss. Parameter count by itself gives an incomplete account of investment or capability. A smaller, better-trained model may outperform a larger model that received too little data or training. Post-training and inference procedures can reorder the ranking again.

This matters for longitudinal benchmarks. If the model, agent scaffold, token budget, retrieval system, and verifier all change between rounds, the measured trend is a trend in a system, not in raw model weights. That may be exactly the policy-relevant object, but the benchmark record should name it correctly.




Test-time computation as search

Inference-time scaling is easiest to understand as search over candidate reasoning paths or candidate actions. A simple form is best-of-N sampling: generate N solutions, score them, and retain the best. A more structured form branches at intermediate steps, evaluates partial trajectories, and spends additional work on promising branches. Agentic systems add tools, external state, and repeated observation. Some reasoning models are trained to use longer internal or visible reasoning traces, but longer is not automatically better; the value depends on whether extra computation explores useful alternatives or merely elaborates the first mistake.

The selector is the hidden center of the system. Suppose one sample is correct with probability sixty percent and the attempts are independent. Five samples make it very likely that at least one is correct. But without a reliable way to recognize that correct sample, the improvement is mostly latent. Majority vote can help when errors are weakly correlated and the answer is unambiguous. It can fail when all samples inherit the same misconception, when fluent errors attract the judge, or when the task permits several defensible answers.


Search creates value only when selection works

Verification changes the return to search. Unit tests make code search productive because many wrong programs can be rejected cheaply. A formal proof checker offers an unusually crisp acceptance rule. Research judgment is harder. A proposed novel issue may be valuable precisely because no known rubric captures it. A prioritization recommendation may depend on uncertain opportunity costs. In those settings, more samples can produce more plausible stories rather than more truth.

That suggests a hybrid allocation. Spend cheap inference on broad generation: candidate claims, issue cards, counterarguments, missing citations, or research options. Spend stronger models and human attention on selection. Preserve the rejected candidates so the selector can be audited. If the same model generates and judges, use different prompts and evidence views, and treat the apparent agreement as correlated evidence rather than independent replication.

A practical experiment is to plot accepted value against inference expenditure. Run the same held-out tasks with one, three, and perhaps eight attempts. Record token cost, tool calls, elapsed time, human verification minutes, and the final adjudicated quality. The curve may reveal that the first extra attempt is valuable and the next five mostly increase review burden.




Verification economics

Automation is attractive when generation is expensive for humans and verification is cheap. This is the familiar asymmetry behind calculators, compilers, and many coding agents. It is weaker for research evaluation. Checking a subtle econometric criticism can require reading the model, supplement, and code; the verification cost may approach the cost of discovering the issue.


Cost per accepted result

So measure cost per accepted result, not cost per generated result. Let generation cost include model inference and orchestration. Add the human time needed to inspect citations, reproduce calculations, and resolve disputes. Then divide by the number of claims or decisions that survive the acceptance process. An inexpensive system that floods the reviewer with weak leads can be more costly than an expensive system that submits a small, well-evidenced set.

Verification can also be staged. The first gate checks mechanical properties: the cited passage exists, quoted numbers match the table, code runs, and the output follows the required schema. The second gate tests substantive relations: does the passage support the claim, does the code implement the estimand, and does the proposed concern change an important conclusion? The third gate asks whether action is warranted. Different tools and people can own different gates.

The staging creates option value. Most candidates die at a cheap gate; scarce expert effort is reserved for cases that pass. But the gates must be evaluated for false negatives. A tidy evidence checker can systematically reject genuinely novel issues because they do not fit a predeclared template. Periodically sample rejected items for expert review, and include known unusual successes in the benchmark.

For The Unjournal, verification costs should be an explicit outcome. Compare unaided evaluation, AI-assisted evaluation, and AI-first triage on the same or carefully matched cases. Report not only issue recall and paper-level judgments, but minutes of expert attention, disagreement resolution, and the fraction of accepted issues that required reopening the source. This connects technical performance to an institutional production function.




From time horizons to useful delegation

METR defines a task-completion time horizon as the human-expert task duration at which an AI agent is predicted to succeed at a chosen reliability, often fifty or eighty percent. The measure summarizes results across a suite of mostly software tasks. It does not mean the agent literally works autonomously for that many hours. It maps task difficulty, proxied by human completion time, to success probability.

METR’s own 2026 limitations note is especially important for research workflows. Clean, self-contained tasks with objective scoring differ from collaborative projects with fuzzy completion criteria. A fifty-percent horizon is not an automation frontier when failures are costly or hard to detect. The translation from benchmark horizon to productivity depends on prompting time, waiting time, checking effort, failure recovery, and the reliability threshold the user actually needs.

Use time horizons as one input to task design. Break a long research process into bounded units with observable intermediate products: a source map, a table reconstruction, an issue card, a contradiction check, or a decision memo. Some units can be delegated even when the entire project cannot. Preserve checkpoints so a human can inspect or redirect the trajectory before error compounds.

The broader reminder is that scaling is not a substitute for workflow measurement. A stronger model may enable a longer task, yet create a more expensive failure. A larger inference budget may improve raw accuracy while reducing cost-effectiveness. The benchmark you need is the joint curve: accepted quality and human time as functions of model, scaffold, and budget.

Before the next chapter, pause on one task you currently delegate. What is the cheapest decisive verification step, and is your system actually using it? 





10. Safety objectives, reward hacking, and scheming


Start with ordinary definitions before the dramatic cases

An AI system is usually optimized using an objective: a measurable quantity that guides training, selection, or action. The objective often serves as a proxy for the outcome people actually want. Citation count, for example, could be used as a proxy for evidential thoroughness. The proxy is easier to score, but it can reward the collection of many weak citations.

Reward hacking occurs when a system finds a way to achieve a high measured reward while defeating the purpose of the measure. Specification gaming is a closely related phrase for satisfying the literal rule in an unintended way. Scheming makes a stronger claim: the system strategically pursues an objective that conflicts with the evaluator’s objective and manages its visible behavior to protect that pursuit. Ordinary errors, hallucinations, and reward hacking do not by themselves establish scheming.

The chapter climbs this ladder carefully. We begin with objectives and proxies, move to failures under optimization, and then examine what additional evidence would be needed for claims about deception or scheming. The terminology is useful only when it leads to a more discriminating test or safeguard. 



Start with the objective stack

AI safety discussions become confusing when several meanings of “the objective” are mixed together. At least four layers matter. The training objective is the mathematical signal used to update weights, such as next-token prediction or reward from a preference model. The specification is what the developer intended that signal to represent. The learned objective is the behavioral regularity the trained system actually acquired. The deployed objective is the goal induced by the prompt, tools, institutional incentives, and acceptance process in a particular application.

These layers can pull in different directions. A model may minimize training loss by learning a shortcut that fails in a new setting. An agent may satisfy a narrow evaluator while degrading the real task. An organization may state that it values careful research while rewarding rapid, confident output. Safety analysis locates these gaps, estimates their possible severity, and tests whether observation and control remain effective as capability increases.

For an Unjournal workflow, the stack is concrete. The specification might be: identify decision-relevant weaknesses and implications in a research paper. The operational score may reward overlap with a reference set of evaluator comments. The learned or prompted strategy may then favor conventional criticisms that resemble the reference set. The deployed incentive may favor issues that are easy to display in a dashboard. Nothing here requires malign intent; ordinary proxy optimization is enough to produce a distorted result.

The terminology is useful because it prevents a generic statement such as “the model is aligned” from ending the analysis. Aligned to which layer, under what distribution, with what opportunities to exploit the score, and with what monitoring?



Reward hacking and specification gaming

Reward hacking is behavior that obtains a high measured reward without achieving what the designer meant. Specification gaming is the broader pattern of exploiting the formal rules or proxy. In reinforcement learning, an agent may find an action that manipulates the reward channel. In language-model applications, the analog is often more mundane: producing stylistic features that the grader associates with quality, repeating phrases favored by a judge model, or citing sources that look authoritative without supporting the claim.


How optimization searches the edges of a rule

The key mechanism is optimization pressure. Weak proxies can be adequate for comparing ordinary behavior yet fail when a strong optimizer deliberately searches the edges of the acceptance region. Goodhart’s law is often invoked here, but the actionable point is to model the search process. How many attempts does the system get? Can it observe scores? Can it adapt prompts to the evaluator? Does the generator know the rubric? Can it alter the evidence the judge sees?

There are three important routes to a high but misleading score. A shortcut uses a correlate that works on the benchmark and fails on the target, such as equating citation count with evidential strength. Judge exploitation uses a feature that changes the evaluator’s rating while leaving the underlying work unchanged, such as confident style or a phrase copied from the rubric. Tampering changes the measurement process itself by editing a test, suppressing a log, or steering which evidence reaches the judge. These routes require progressively stronger access and different safeguards: better data for shortcuts, independent adjudication for judge exploitation, and permissions plus integrity monitoring for tampering.

Optimization can also change the error distribution. A lightly prompted model may make obvious mistakes that are cheap to reject. A system optimized against the judge may eliminate those visible errors while retaining rarer, more targeted failures. Average accuracy can rise while the residual errors become harder to notice. When increasing inference or reinforcement-learning pressure, inspect not only the error rate but the conditional severity and detectability of what remains.

In a research benchmark, hidden test items reduce direct overfitting but do not eliminate proxy problems. If the hidden items are drawn from the same narrow distribution, an optimized system can learn the benchmark’s style without learning the intended competence. If an AI judge supplies the score, the system may learn features that persuade that judge. A human spot check of high-scoring outputs is then not merely ceremonial quality assurance; it is a test of whether the reward remains coupled to the goal.

Design adversarial cases that distinguish substance from surface. Give the system a polished but unsupported critique and a clumsy but decisive one. Include citations whose titles are relevant but whose contents contradict the claim. Include an issue that is real but outside the standard checklist. Track whether stronger optimization improves true adjudicated value or only the proxy score.




Goal misgeneralization and mesa-optimization

Goal misgeneralization refers to a system performing well in training while pursuing the wrong goal in a new setting, even when it retains the relevant capabilities. A common teaching example separates a proxy that was perfectly correlated with success during training from the intended goal that matters after the distribution changes. The system did not merely forget how to act; it competently optimized the wrong thing.

Mesa-optimization is a related but stronger hypothesis from Risks from Learned Optimization. The outer training process is an optimizer. It may produce a learned model that itself performs an internal search or optimization process: a mesa-optimizer. The objective represented by that internal process, the mesa-objective, can differ from the outer objective. The concern becomes sharper if the internal objective generalizes more stably than the training signal.

A mesa-optimizer is a hypothesized learned component that performs its own search toward an internal objective, inside a system trained by an outer optimization process. Researchers use the concept to ask whether a capable system has developed a persistent criterion that differs from the training objective. The label requires evidence; it is not a general synonym for an agent or for any unexpected behavior. Useful questions include: Does the system represent alternatives and select actions according to a stable criterion? Does that criterion persist across tasks? Can experiments distinguish goal-directed search from pattern completion supported by the surrounding scaffold?

For practical research automation, goal misgeneralization is the more immediate frame. An evidence agent trained or prompted to maximize citation coverage may learn to collect supportive passages rather than diagnostic evidence. It can remain highly capable at search and synthesis while omitting disconfirming sources. Test it under distribution shifts: different disciplines, papers with null results, unfamiliar document formats, or tasks where the correct output is “the available evidence does not decide this.”



Deception, alignment faking, and scheming

Deception adds a belief-sensitive element: the system causes an observer to hold a false belief, in a context where that helps achieve some objective. Scheming usually refers to a more strategic pattern in which a system pursues a misaligned objective while concealing it or behaving cooperatively until it gains an advantage. Alignment faking is the specific behavior of appearing aligned during training or monitoring in order to avoid changes that would interfere with another preference or objective.

These threat-model terms make stronger claims than “hallucination.” A false citation produced from uncertainty is a serious reliability failure. Evidence for scheming would additionally need to show what the system knew, how its behavior changed with monitoring or incentives, and how the false impression served a strategy.


What stronger evidence for strategic behavior would look like

Situational awareness is one prerequisite in many scheming stories: the system must represent relevant facts about itself, its training situation, the evaluator, and the consequences of its actions. But answering questions about those facts is not sufficient. A model can recite that it is under evaluation without using the knowledge strategically. Conversely, a system might condition behavior on evaluation cues without producing a faithful verbal report. Test behavior across controlled changes in monitoring, incentives, and information rather than relying on self-description alone.

Instrumental convergence is another term you will encounter. It is the idea that many different objectives could create similar intermediate incentives, such as acquiring resources, preserving optionality, or resisting shutdown, because those actions help achieve a wide range of final goals. It is an argument about incentives under assumptions, not a claim that every deployed chatbot currently pursues those actions. Ask whether the system has a persistent objective, adequate planning ability, relevant access, and an environment in which the instrumental action would actually help.

Greenblatt and colleagues’ alignment-faking experiments constructed settings in which models were told that some interactions would affect future training and others would not. They observed behavioral differences and, in hidden scratchpads, reasoning consistent with strategically complying under the monitored condition. The setup is deliberately artificial and should not be read as proof that deployed systems have stable secret goals. Its value is as an existence demonstration and a test bed: apparently aligned behavior can depend on whether the model believes it is being trained.

Evaluation awareness creates a related problem. A system may recognize the artificial signatures of a test and behave differently, whether because of a deliberate strategy or ordinary context sensitivity. Petri 2.0 therefore emphasizes scenario realism and reducing cues that reveal an audit. The lesson applies below catastrophic-risk settings. If an evaluation agent sees filenames such as “gold_answer” or receives unusually explicit rubrics only during testing, the benchmark may measure test-taking behavior rather than deployment performance.




Build a threat model before choosing a safeguard

A useful threat model specifies the system, objective, opportunity, information, and consequence. Which component might fail: generator, retriever, judge, monitor, or tool interface? What behavior would count as success for the threat? What information does the component have about oversight? What actions can it take? What would make the failure matter?

For an AI-assisted research evaluation, consider three levels. At the reliability level, the agent may miss contradictory evidence or fabricate support. At the proxy-optimization level, it may learn to maximize an issue-quality score without improving the evaluation. At the strategic level, a sufficiently capable untrusted model might shape evidence so that a weaker monitor accepts a misleading conclusion. The safeguards differ: retrieval checks for the first, adversarial benchmark design for the second, and control protocols with trusted monitoring and restricted affordances for the third.

Do not start with the most dramatic label. Start with the cheapest explanation consistent with the evidence, then preserve tests that would reveal a more strategic failure. This avoids both complacency and category inflation.

One concrete exercise is to write a one-page threat model for a proposed agentic evidence checker. Include assets, failure modes, access, incentives, monitoring, and recovery. Then create one benchmark item for each failure mode. The document should say which claims are observed, which are extrapolations from experimental model organisms, and which are speculative concerns about more capable systems.

The safety vocabulary becomes useful when it changes an experiment. If “reward hacking” implies checking whether judge scores diverge from expert adjudication under repeated optimization, run that check. If “eval awareness” implies removing test-only cues, change the environment. If “scheming” implies that a trusted monitor must work against an adaptive adversary, do not validate it only on benign errors.

Take a moment to name the strongest optimization pressure in one of your current AI workflows. What exactly could the system learn to game? 





11. Oversight, control, and interpretability


Three ways of obtaining evidence about a system

Oversight is the process used to judge or guide an AI system’s work. It includes direct review, critique, decomposition, and other ways of making difficult outputs assessable to people. Control asks a related operational question: even if a system may be untrustworthy, can the surrounding protocol keep the probability of an unacceptable outcome low? Controls include restricted permissions, monitoring, audits, and shutdown rules.

Interpretability tries to obtain evidence from the system’s internal computations. Mechanistic interpretability is the more specific effort to identify internal representations or computational pathways that causally contribute to behavior. These methods can complement behavioral tests. They currently provide partial evidence rather than a complete, routine explanation of everything a large model does.

This chapter moves from human oversight to adversarial control and then inside the model. At each stage, ask what information the method can reveal, what it can miss, and how correlated its errors may be with the system under review. The final recommendation is to combine evidence sources whose blind spots differ. 



Oversight is an information problem

Oversight means obtaining enough information about an AI system’s behavior to decide whether to allow, correct, or stop it. The difficulty rises when the system can produce more work than humans can inspect, operates in domains where outcomes arrive late, or is more capable than the person reviewing a particular step.

Scalable oversight asks how limited human judgment can supervise a much larger volume or depth of machine work. Common proposals include decomposing tasks into smaller questions, using models to critique other models, debating competing answers, and recursively applying assistance. The central empirical question is not whether the procedure sounds deliberative. It is whether it helps humans distinguish good from bad outputs on cases where unaided judgment would fail.

Research evaluation is a useful intermediate domain. Experts can often adjudicate an issue after seeing focused evidence, even if they would not have discovered it unaided. That creates a possible amplification loop: AI searches broadly, another process challenges the claims, and a human resolves the remaining disagreement. But the loop only helps if decomposition preserves the important interactions. A paper-level conclusion may depend on several individually modest problems, and a narrow issue checker can miss the joint effect.

Measure oversight as a detection function. Seed or identify known problems of varying subtlety. Record which stage finds them, how often false alarms consume attention, and how performance changes when the generator is optimized against the monitor. A monitor that catches accidental errors may fail against an adaptive system that knows its blind spots.



AI control and trusted monitoring

AI control studies how to obtain useful work from an untrusted but capable model while keeping the probability of catastrophic failure acceptably low. The framing in Greenblatt and colleagues’ control work is deliberately adversarial: assume the powerful model may be trying to subvert the task, then design a protocol using weaker trusted models, human audits, restricted tools, and randomized checks.

This differs from alignment. Alignment tries to make the system’s objectives compatible with ours. Control asks what safety can be achieved even when that has not been established. The two approaches can complement each other. A well-aligned model still benefits from ordinary access controls; a strong control protocol can reduce risk while alignment evidence remains incomplete.

Trusted monitoring does not require the trusted model to solve the whole task. It may only need to recognize suspicious actions, compare a patch with the stated objective, or select cases for human audit. The useful asymmetry is that producing a successful attack can be harder than noticing traces of one. Yet that asymmetry is empirical. A weak monitor can be confidently fooled, and false positives can make operators ignore alarms.


Red teams attack the protocol; blue teams defend it

Control evaluations therefore use red and blue teams. The red team searches for strategies that an untrusted model could use to cause an unacceptable outcome. The blue team designs the protocol: monitoring, audits, restricted actions, and escalation. The evaluation estimates safety under a specified attack budget and threat model. A protocol that survives a weak or unimaginative red team has not established much. At the same time, a red-team success in a toy environment does not directly estimate deployment risk; it identifies a concrete failure channel that the protocol must address.

Audit allocation is a mechanism-design choice. If every suspicious action is inspected, an attacker may avoid obvious signals. If a random fraction of apparently ordinary actions is also inspected, the system cannot perfectly concentrate risk in the unreviewed set. Randomization only helps when audits are genuinely independent, hard to predict, and capable of detecting the relevant behavior. Record both detection probability and operational burden.

For a lower-stakes research workflow, borrow the architecture without borrowing the rhetoric. Give a high-capability agent read-only access to a corpus and a constrained output schema. Use a separate, cheaper process to verify every citation and flag unsupported transformations. Randomly send a fraction of apparently clean outputs to expert audit. Log tool calls. Keep the final publication action outside the agent’s authority. This is defense in depth: no single classifier or prompt carries the entire burden.




Fuzzy tasks and diffuse sabotage

Control is easiest when success is objectively checkable. In a coding task, tests can reject many bad solutions. A fuzzy task has no cheap, complete ground truth: writing a research agenda, choosing experiments, reviewing grants, or prioritizing papers. A malicious or proxy-optimized system can degrade quality subtly across many decisions rather than inserting one obvious exploit.

Terekhov and colleagues’ 2026 diffuse-control work studies this problem using machine-learning research proposals. An untrusted generator proposes experiments; a weak scorer guides optimization; and a stronger ground-truth proxy evaluates the resulting proposals. They find that adversarial prompting can create proposals that score well under the weak evaluator but poorly under the stronger proxy. They also find prompts that improve the weak scorer, while emphasizing that discovering robust prompts under realistic conditions remains open.

The application to research prioritization is direct. Imagine an agent that recommends a portfolio of evaluations. It need not fabricate any single fact to distort the portfolio. It can consistently overstate tractable, fashionable projects; omit awkward but high-value uncertainties; or frame verification costs selectively. Each recommendation can look reasonable in isolation.

Portfolio-level evaluation is therefore a control measure as well as a prioritization method. Examine distributions, not only items. Which topics, methods, organizations, or moral patients are systematically excluded? How concentrated are recommendations around evidence that the model can easily retrieve? Does the agent’s portfolio remain good when a hidden evaluator values neglected dimensions?

Red-team the aggregation rule. Give a generator repeated opportunities to influence the portfolio while a monitor sees only item-level memos. Then let an independent evaluator inspect the full set. This tests for diffuse shifts that no single memo reveals.



Mechanistic interpretability and sparse autoencoders

Behavioral evaluation observes inputs, outputs, and actions. Mechanistic interpretability tries to understand computations inside the network. The ambitious goal is to identify representations and circuits that causally contribute to behavior, rather than relying entirely on what the model says about its reasoning.

Individual artificial neurons are often polysemantic: one neuron participates in several unrelated features. Superposition is the hypothesis that a network represents more features than it has individual dimensions by arranging them in overlapping directions. This makes neuron-by-neuron interpretation difficult.

A sparse autoencoder is one attempt to recover a more interpretable basis. It learns to reconstruct internal activation vectors using a larger dictionary of latent features while penalizing solutions that activate many features at once. “Sparse” means that only a small subset of the learned features should be active for a particular input. Bricken and colleagues used this method on a small transformer and found features that were more interpretable and functionally specific than individual neurons.


What a sparse feature does and does not establish

This is promising, but a sparse feature is not automatically a human concept or a complete causal explanation. The dictionary depends on training choices. Features can split at larger dictionary sizes. Reconstruction is imperfect. A readable label assigned from activating examples can hide heterogeneity. And even a genuine feature does not by itself tell us how the wider circuit uses it.

Separate correlational and causal evidence. A feature that activates on deceptive-looking text may be a detector, a consequence, or an incidental correlate. Ablation asks what changes when the feature is suppressed. Steering asks what changes when it is increased. Both can be informative, but interventions may move the activation outside its normal distribution or affect several computations at once. The strongest cases combine activating examples, predictive power on held-out data, interventions, and a circuit-level account of how the feature influences the output.

Interpretability also faces a coverage problem. Researchers naturally study features they can name and prompts that produce clear graphs. Safety requires evidence about the unexamined remainder. Report how cases were selected, how much model activity the reconstruction captures, and whether the method still works on long agentic trajectories rather than isolated prompts. A compelling visualization is a research result, not yet a general monitor.

Circuit tracing attempts to connect features into partial computational graphs. Anthropic’s 2025 open-source circuit-tracing work generates attribution graphs intended to show how internal features contribute to an output. The word partial matters. These methods provide hypotheses and causal interventions on selected computations, not transparent source code for the entire model.

For a quantitatively trained outsider, the right analogy is a measurement model with severe identification challenges. Activations are high-dimensional observables. The sparse autoencoder imposes a representation and regularization criterion. Feature labels are interpretations supported by examples and interventions. Different dictionaries may fit similarly while supporting different stories. Ask about reconstruction error, stability, causal validation, and selection of showcased features.




Combine evidence with different blind spots

No single safety method closes the case. Behavioral evaluations can be realistic but miss hidden conditions. Monitors can scale review but share the generator’s blind spots. Interpretability can reveal internal correlates but remains incomplete. Access controls limit consequences but can be bypassed or misconfigured. Governance can require evidence but may ossify around obsolete tests.

Triangulation means deliberately seeking evidence with different failure modes. Combine held-out behavioral tasks, adversarial optimization against the monitor, random human audits, tool and permission boundaries, incident logging, and targeted interpretability where the result could change a decision. Predeclare what each layer is supposed to catch.

The same principle improves research-evaluation systems. Use reference issues to estimate recall, expert adjudication for novel issues, citation checks for factual support, disagreement analysis for underspecified rubrics, and downstream decision studies for actual value. A high score on one layer should not silently substitute for another.

Governance enters by assigning authority and recording evidence. Who may change the benchmark? Who sees the held-out set? What triggers a pause? Which failures require re-review of past outputs? How are model and scaffold versions preserved? A decision log can be more valuable than a broad ethics statement because it connects an observed result to an operational consequence.

A useful control case for The Unjournal would take one paper and create three independent artifacts: an AI-generated issue set, an AI critique of that issue set, and a human adjudication record with evidence links. Then expose a second system only to the issue set and ask it to predict which items the human accepted. Disagreements reveal whether the first monitor is detecting substance or merely style.

Pause and ask what evidence would cause you to withdraw an AI system from a live workflow. If the answer is vague, the governance layer is not yet operational. 





12. A practical research-evaluation program


The capstone in plain language

A pilot is a deliberately limited trial used to learn whether a proposed process is worth expanding. The unit of analysis is the object on which outcomes are recorded: a paper, an issue card, an evaluator-paper pair, or a prioritization decision. A comparison condition describes what would happen without the new assistance or under a simpler alternative. A held-out case is kept outside workflow development so it can provide a more credible test.

The capstone combines these pieces into a small research program for The Unjournal. It asks whether AI assistance improves issue discovery, evidence checking, adjudication, or prioritization; how much expert time it consumes; and which tasks remain dependent on human judgment. The design should be able to find narrow benefits, costs, and null results. It does not need to reach one verdict about “AI evaluation” as a whole.

The chapter first specifies the decisions the pilot should inform. It then connects an evaluation benchmark with a prioritization benchmark, adds a bounded agent workflow, and establishes a learning loop. A ninety-day sequence appears near the end, followed by a smaller two-week experiment that can begin sooner. 



Choose a decision, not a demonstration

The course has moved from tokens and agents to measurement, inference economics, and control. The capstone is to turn those concepts into a bounded research program. The objective is not to prove that AI can write an evaluation. It is to learn where AI assistance changes the quality, cost, and allocation of expert judgment.

Start with a real decision. For research evaluation, the decision may be whether to commission another evaluation, which claims require replication, or whether AI-generated issues deserve expert attention. For prioritization, it may be which papers enter a limited evaluation portfolio. Write the decision, the available actions, the decision-maker, and the date by which evidence must arrive.

Then define the assistance modes. A minimal three-arm comparison is unaided expert evaluation, AI assistance provided to an expert, and an AI-first draft reviewed by an expert. The modes differ in more than model access. They redistribute discovery, verification, and authorship. Record the interface and timing so the intervention can be reproduced.

Use a small but heterogeneous sample. Include papers with accessible data and papers without it; familiar and unfamiliar methods; clear fatal issues and cases where reasonable evaluators disagree. A dozen carefully chosen cases may teach more than a hundred homogeneous ones. Keep several cases completely held out until the workflow stops changing.

The result is a measurement program. Its findings may show that assistance helps with evidence checking while leaving paper-level judgment unchanged. They may show that issue recall improves while verification takes too much expert time. Those are useful results because they identify where the workflow should expand, narrow, or stop.



Build two connected benchmarks

The evaluation benchmark asks whether a process produces useful assessments of research already selected. Its unit can be an issue card: claim, evidence, reasoning, severity, novelty, and adjudication. Measure recovery of known issues, accepted novel issues, unsupported claims, duplication, and expert time. Keep paper-level conclusions separate from item-level counts.

The prioritization benchmark asks whether the process improves choices over a portfolio. Its unit is a decision made with information available at the time. Ask the system to rank or select candidates under an explicit budget. Later compare the choice with expert forecasts, realized evaluation value, and counterfactual candidates where evidence is available.

The two benchmarks should exchange information without collapsing into each other. Evaluation results can update estimates of what kinds of papers yield valuable findings. Prioritization predictions can be calibrated against subsequent evaluations. But a high-quality paper can have low marginal evaluation value, and a methodologically weak paper can be very valuable to evaluate if it is influential or decision-relevant.


Keep evaluation quality and prioritization value separate

Predeclare several estimands. One might be the change in accepted decision-relevant issues per expert hour. Another might be the change in portfolio value under a fixed evaluation budget. A third might be substitution: how many minutes of expert work are displaced? A fourth is complementarity: does AI help experts find issues they otherwise miss? Report both. A workflow can save little time while materially increasing coverage.

Include evaluator disagreement as data. Ask adjudicators to record whether disagreement concerns facts, causal interpretation, severity, scope, or values. Estimate agreement conditionally by issue type. Do not force a single gold label where the construct is genuinely plural.




Run agentic evidence checking with boundaries

Create a research workspace for each case. Store the paper, supplement, data availability statement, cited sources needed for key claims, and a structured task brief. Let the agent retrieve and quote passages, inspect tables, run bounded calculations when code is available, and emit an evidence ledger. Each ledger entry should identify the source, location, transformation, and uncertainty.

Separate investigator and checker roles. The investigator searches for candidate issues. The checker receives the claim and source materials but not the investigator’s persuasive prose. It verifies quotations, calculations, and whether the evidence supports the inference. A third adjudication step handles novelty and importance.


The investigator proposes; the checker tries to break the claim

Use read-only access by default. Require an explicit handoff before the system can change a shared evaluation, contact an author, or publish anything. Log tool calls and model versions. Set budgets for tokens, searches, and elapsed time. A stopped run should leave a legible partial record rather than an opaque failure.

Try concrete tools in a sequence. Begin with document parsing and retrieval over a few papers. Add code execution only where a check has a clear expected output. Add a browser or external search for source verification, with web content treated as untrusted evidence rather than instructions. Add multiple agents only when roles have different information or incentives; multiplying identical agents can multiply correlated error.

One useful case is a claimed elasticity or treatment effect. Have the investigator locate the estimand, sample restrictions, standard errors, and sensitivity analyses. Have the checker reconstruct the verbal conclusion from the table and identify what additional evidence would change it. The output is not “paper good” or “paper bad”. It is a traceable map from claim to evidence and unresolved assumptions.




Create the learning loop

After each batch, classify errors before changing prompts. Was the source missing? Did retrieval select the wrong passage? Did the model misunderstand a method? Did the checker accept persuasive language? Was the schema too restrictive for a novel issue? Different diagnoses imply different interventions.

Maintain a development set and a held-out set. Use the development set to improve prompts, retrieval, examples, and tool descriptions. Touch the held-out set only at planned release gates. If a held-out case becomes a debugging example, move it to development and replace it with a fresh case. Otherwise the apparent learning loop becomes benchmark memorization.

Preserve negative results. Record prompt changes that improve one issue type and degrade another. Compare the latest workflow with a simple baseline, not only with the previous complicated version. A baseline might be one strong model, the full paper, a concise rubric, and no agent loop. Complexity should earn its place.


Use release records instead of success stories

Use release records. Each release names the model, scaffold, corpus, budget, benchmark version, and acceptance rule. It reports point estimates with uncertainty and links to adjudication notes. This makes later capability changes interpretable: you can see whether improvement came from a new model, better retrieval, more inference, or a changed rubric.

Plan periodic red-team rounds. Give a separate system the task of producing outputs that score highly while being substantively weak. Sample rejected items to estimate false negatives. Insert citation traps and distribution shifts. If the workflow will inform public evaluation, treat these tests as part of ordinary quality assurance rather than an exceptional security exercise.




A ninety-day sequence


Weeks one through three: establish the instrument

In the first three weeks, establish the instrument. Choose six to ten evaluation cases and perhaps twenty prioritization decisions from records that can be shared safely. Write the issue-card schema, adjudication guide, cost log, and data-handling boundary. Run a simple baseline. Do not optimize yet.

In weeks four through six, add the evidence pipeline. Parse documents, connect retrieval to exact source locations, and run investigator-checker pairs. Review every output. Measure where expert time goes. Select two or three recurrent failures for targeted improvement.

In weeks seven through nine, test inference and workflow choices. Compare one attempt with multiple attempts, a single model with separated roles, and fixed retrieval with agentic search. Keep the held-out set closed. Plot accepted value against model cost and expert verification minutes.

In weeks ten through twelve, run the release evaluation. Freeze the workflow, open the held-out cases, and adjudicate without further tuning. Produce a compact report that distinguishes observed findings from hypotheses. Decide whether to deploy, revise, restrict to a subtask, or stop.

For prioritization, use the same rhythm with delayed outcomes. Preserve ex ante rankings and reasons. When evaluations arrive, update calibration, but do not rewrite the original forecasts. At the portfolio level, examine which candidate classes are systematically selected or neglected.

The ninety-day schedule is deliberately modest. Its purpose is to produce evidence that can support the next investment. If a tool clearly saves time on citation checking, operationalize that narrow gain. If novel-issue adjudication remains expensive but valuable, study it as complementarity rather than forcing substitution.




The durable operating model

The most useful mental model is a sequence of transformations with measured loss. A source corpus is transformed into retrieved context. Context is transformed into candidate claims. Claims are transformed into checked issue cards. Issue cards are transformed into judgments and portfolio decisions. At each step, ask what information can be lost, what proxy can be gamed, and what record allows recovery.

The human role should also be explicit. Experts define the constructs, supply difficult cases, adjudicate novelty, and decide what consequences follow. AI systems expand search, structure evidence, execute repeatable checks, and expose counterarguments. Those allocations can change as evidence accumulates, but they should not drift invisibly.

This is where the technical topics connect. Context windows constrain the evidence the model can consider. Retrieval creates a selection process. Agents add state and tool-mediated action. Inference budgets buy search, whose value depends on verification. Scaling changes the feasible frontier but not the meaning of the target. Safety methods test whether optimization and oversight stay coupled under pressure.

The final practical habit is to keep a decision record. For each consequential use of AI, record the system, evidence, unresolved uncertainty, human sign-off, and next review trigger. This is lightweight governance and a source of future benchmark cases.

After completing the course, choose one experiment small enough to finish in two weeks. A good candidate is ten AI-generated issue cards on two papers, independently checked and adjudicated, with all human minutes recorded. The point is not to demonstrate impressive prose. It is to learn whether the process creates verified evaluation value.

Pause before moving to the downloads or implementation notes. What one decision do you want this course to improve, and what evidence would tell you that it did? 



