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ABSTRACT

Frontier AI evaluations increasingly use open-ended, agentic, long-horizon tasks whose transcripts can
span hundreds of pages of outputs and actions from complex multi-agent networks. The observability
envelope—the range of what evaluators can reliably infer about an agent’s behaviours—is therefore
narrowing. Language model assistants can help classify and interpret agent behaviour but also
afford human evaluators significant analytical degrees of freedom, threatening the reproducibility and
auditability of language-model-based transcript analysis. Transect is an open source package built
on Inspect Scout to help evaluators understand how a long agent run unfolded, identify behaviour
worth investigating, and check interpretations against the transcript. Users specify task context and
behavioural vocabulary in a reusable evaluation-family configuration, with judge models and analysis
settings supplied separately. Transect’s navigable reports align recorded events, token use, sub-agent
activity, and model-generated behavioural labels on a common turn-based timeline. Reviewers can
quickly grasp a run’s narrative, trace any label or event to its source turns, and export the underlying
data tables for cross-run analysis. We demonstrate the workflow on an AI R&D evaluation that
generated almost 13 million tokens, dividing the agents’ work into behavioural phases aligned with
research-skill classifications, sub-agent delegations and interactions, and token use. The combined
view shows a focus on operational work and manuscript production, with little evidence of a sustained
hypothesis generation stage—arguably a necessary component for high-quality scientific outputs.
Transect’s flexible, customisable transcript-analysis pipeline will enable evaluators to keep pace with
longer, more complex, more frequent AI evaluations while supporting scientific rigour, transparency,
and reproducibility.

Keywords LLM evaluation · transcript analysis · observability · AI safety · agentic evaluation · expert elicitation

1 Introduction

Three shifts are reshaping frontier AI evaluation. First, static benchmarks continue to saturate, limiting their usefulness
for distinguishing the capabilities of frontier AI systems [1].2 Evaluation has therefore moved towards open-ended,
agentic, long-horizon tasks in which AI agents plan, use tools, delegate to sub-agents, and act over many steps towards
a goal, producing millions, sometimes billions, of tokens along the way [2–4]. Second, increasingly capable agents are
arriving more frequently, leaving less time to scrutinise each system before the next appears, and agent capabilities can
improve substantially between model releases [5]. Third, an agent’s measured performance can depend substantially
on its token budget and opportunities to revise its work [6, 7]. Evaluations are consequently becoming longer, more

∗Corresponding author: toby.pilditch@dist.gov.uk.
2Note that henceforth we use the term AI model to refer to the static set of network weights, AI agent to refer to a model that has

access to a set of tools in an environment and can perform actions with them, and AI system to refer to the general infrastructure
around and including that agent, including synchronous monitors, action classifiers, and multi-agent harnesses.
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frequent, and more compute-intensive, imposing a growing burden on the human evaluators monitoring progress at the
frontier.

We call the range of attributes an evaluator can reliably see or infer from an evaluation its observability envelope. This
includes what an agent can do under the evaluation conditions, how dependably it performs, where and how it fails,
and what propensities or dispositions it displays. The envelope depends on the evaluation apparatus as a whole: the
transcript, the details of the AI system being evaluated (e.g., harness design), the transcript analysis methods, and those
interpreting the evaluation evidence. There are at least four pressures on this observability envelope, increasing the risk
that evaluators draw unjustified conclusions from transcripts.

First, within-run opacity: a final score summarises performance on a long-horizon task but obscures discarded
strategies, course corrections, recoveries, unexpected behaviors, and attempts to game the evaluation [8]. Second, a
human attention bottleneck: reviewing hundreds or thousands of pages of agent activity requires scarce subject-matter
expertise and the ability to connect and co-interpret complex events at distant points in a transcript [9]. Reviewer time
cannot grow in proportion to transcript volume and model release cadence [10, 11]. Third, insufficient statistical
power: long agent evaluations are costly in time and resources, so evaluators can afford relatively few repetitions
per agent and setup, leaving measurements based on final scores alone vulnerable to task variance, stochasticity, and
isolated qualitative anecdotes [12, 13]. Fourth, setup attribution uncertainty: observed performance is determined by
both the model and the system it is embedded in [14, 15]. Without observing an agent’s entire behavioural trajectory, it
can be hard to assess the construct validity of an evaluation—whether the evaluation measures the intended capability
rather than an artefact of its instruments or task setup [16].

Multi-agent evaluations further intensify these pressures on observability. Running agents in parallel can increase
transcript volume within the same time budget, leaving more activity for reviewers to inspect. Interactions across agents
and shared resources can make the course of the evaluation harder to follow. If an evaluation uses more total compute,
fewer repetitions may be affordable within a fixed compute budget. Additional choices about multi-agent delegation
and coordination can also make it harder to separate the effects of the model and its evaluation setup.

The evaluation community is aware of these pressures and has been building tooling to maintain and widen the
observability envelope. Inspect AI and Inspect Scout provide primitives for recording, scanning, and querying
evaluation traces, including with large language models [17, 18], while platforms such as Docent support interactive
exploration of behavioural patterns across agent transcripts [19]. Another prominent approach is to use language model
assistants with custom judging rubrics to aid transcript analysis [20]. However, such approaches introduce substantial
researcher degrees of freedom, such as the judge model, rubric, unit of analysis (tool calls, chain of thought, chains
of actions), and statistical analyses performed on top of these judgments. Analysts must therefore navigate a garden
of forking paths in which defensible-seeming decisions accumulate into potentially unreproducible findings [21–23].
Model-assisted analysis can also make the evaluation more opaque rather than less: a judge produces yet more tokens to
interpret, can overstate confidence, and its errors can be difficult to verify [24, 25]. If findings about agent behaviour
are to be trusted, these methods must be reproducible and the effect of arbitrary analytic choices must be measured.
Otherwise, the tools intended to widen the observability envelope risk narrowing it further, replacing unread transcripts
with unverifiable claims.

We present Transect, a transcript analysis package designed to address within-run opacity and the human attention
bottleneck. Its shared, source-linked account helps evaluators understand how a run unfolded, identify behaviour worth
investigating, and check their interpretations against the transcript. Reviewers can also use this account to investigate
setup attribution uncertainty, although separating the effects of the model and its evaluation setup requires further
evidence. Its structured outputs also support comparisons across runs, though they do not resolve insufficient statistical
power when too few independent evaluations are available.

The analyst supplies a reusable configuration for the evaluation family detailing the information they need to extract,
along with LLM judge rubrics and model specifications that will help them do so. Built on Inspect Scout [18], Transect
analyses Inspect evaluation logs [17] or supported OpenClaw exports [26]. It extracts recorded events and uses the
selected judges to classify activities, producing a report organised along a shared timeline and structured tables for
further analysis. Reviewers can follow the course of the evaluation, examine activities alongside token use and sub-agent
deployments, and follow labels and events directly back to the source in the transcript without assembling separate
scanner outputs themselves. This connects the overall account of an evaluation to the details needed to investigate an
unexpected behaviour, a possible safety incident, or a constraint imposed by the evaluation setup.

Reproducible analysis requires retaining the source transcripts, run selection, family configuration, judging settings,
custom analysis code and stored results, and recording software and model versions where available (Section A.7).
Independent evaluators can re-examine stored results without new judge calls, although rerunning the judges may
produce different labels. The shared judging machinery records judge identities and decisions, with diagnostics
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of within-model stability or between-model agreement where the judging regime supports them. Of course, this
information alone does not establish whether the labels are correct. These records and checks support Transect’s aim of
scaling oversight responsibly: increasing analytical capacity while preserving the means to assess its findings.

The remainder of the paper describes Transect’s pipeline and design principles (Section 2), then illustrates the workflow
on a long-horizon AI R&D shadow evaluation with extensive sub-agent activity (Section 3). The case examines research
activities and token expenditure, uses custom scanners to trace shared-file accesses across agents, and combines scanner
outputs into additional report views. A full technical reference appears in Section A, and the implementation is openly
available at https://github.com/AI-Safety-Institute/transect.

2 Transect

Transect turns an evaluation transcript into a navigable account of the agent’s activities with direct links to their source.
We describe the pipeline (Section 2.1) and the principles guiding its configuration and interpretation (Section 2.2), then
work through one AI R&D run to show how a reviewer can use the report (Section 3).

2.1 The pipeline

Transect builds on Inspect Scout’s transcript and scanner primitives [18] (Section A). The pipeline starts with a
completed run transcript and a Spec: a reusable configuration for an evaluation family (e.g., a cyber-security range or an
AI R&D evaluation). A Spec is used for every evaluation family, whether or not the analysis calls language models. It
can contain task context, activity definitions, sub-agent role categories where relevant, and user-defined content for
custom analyses. Its contents vary with the task and the user’s questions: sub-agent categories, for example, are needed
only when classifying sub-agent roles. The package includes skills for coding assistants to guide Spec authoring and
refinement. The user starts from the evaluation brief and setup materials, identifies missing information, and seeks
clarification from evaluation designers or subject-matter experts. For classification, the user supplies the categories
and definitions, and language model scanners use them to label the transcript. The user can also add custom structural
scanners to extract recorded information and custom judged scanners to classify behaviour (Section A.6).

The broader pipeline configuration also includes separately supplied analysis settings, such as judge models and whether
and how they may interact (see Section A.1). Transect supports one pass by a single model (solo), repeated passes
by that model (k-rolls), or a cohort of models making separate judgments (Section A.5). These choices specify how
to analyse the run, while the Spec describes evaluation content and context. Transect retains the supplied judging
settings in its stored scanner configuration, alongside records of the judging regime and results, for later inspection
(Section A.7). Transect returns a TransectResults object containing dataframes, the structured tables underlying a
navigable report (Section A.3).

The report helps reviewers locate episodes that warrant inspection, compare token use across activities, and investigate
how recorded events relate to changes in behaviour. For example, reviewers can examine whether a shift in activity
occurs near a context compaction and follow both back to the transcript. These features address the human attention
bottleneck and within-run opacity, and help investigate how the evaluation setup shaped a run (Section 1).

Figure 1 shows the five stages. Ingest places the run on a shared turn axis, with one turn per agent output, so later
signals use the same index across source formats. The axis records output order; the elapsed time between outputs
can vary. Select chooses the sample and one or more epochs to analyse.3 Scan runs the scanners. Store assembles
their results into Transect’s dataframes. Render produces the report, linking scanner outputs to their source turns in the
transcript. Users can export the returned dataframes and combine them across epochs for their own analyses.

A scanner extracts information or classifies behaviour from a transcript. In Figure 1, structural scanners extract
recorded information, such as context compactions, operator messages, and per-turn token use, without calling a
language model. Judged scanners call the language models selected for the analysis to classify, rate, or annotate
the evaluated agent’s behaviour. The AI R&D analysis below combines recorded operator messages and context
compactions with research-activity labels from a custom judged scanner (Figure 2).

The built-in judged scanners run when judge models and the required Spec vocabularies are supplied. The
decision_phases scanner divides the run into contiguous phases and labels them using a closed, pre-registered vo-
cabulary based on the Spec, reusable across samples and epochs of the same family. The subagent_classification
scanner labels sub-agents from their delegation instructions: what the orchestrator asked them to do, which may differ
from what they actually did.

3A sample is a task instance with a specified prompt and evaluation setup; an epoch is one attempt at that sample.
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Users can add custom structural or judged scanners to address further evaluation questions. For bespoke classification
questions, the public cohort_llm_scanner helper gives a custom scanner the same judging machinery as the built-in
scanners: voting across repeated judgments or multiple judges and a per-judgment provenance record identifying the
judges, their individual answers, and any verifier changes. In solo and k-roll regimes, a verifier model can review
selected classifications in an optional second round and revise their labels. Selection uses low-confidence or low-
agreement triggers and random spot-checks. Nonetheless, these outputs remain fallible model judgments. Depending
on the judging regime, they carry a model’s stated confidence, within-model stability, or between-model agreement
(Section A.5). While stability and agreement help assess the reliability of a judgment or classification, they do not
establish validity, as that would require comparison to a ground truth (usually, a human expert’s validated judgement).
The reviewer ultimately remains responsible for judging what the evidence supports.

transcript ingest
on a turn axis

select
sample & epoch

scan
run scanners

store
dataframes

render
build report

reviewer
report

cross-run
export

Spec
vocabularies · task context

judging settings
models · repeats · verification

Spec preparation
evaluation materials

+ expert input where needed

input adapter
.eval, OpenClaw, . . .

structural
scanners

judged
scanners

custom scanner (user-added):
a structural or judged scanner

custom report layer (user-added):
a new timeline layer or UI element

core pipeline configuration & input custom / user-added

Figure 1: The Transect pipeline: ingest, select, scan, store, and render. The dataframes are used to generate
the navigable report but can also be used for downstream cross-run analyses. Grey dotted boxes show inputs and
configuration; the Spec draws on evaluation materials and, where needed, expert input. Structural scanners extract
recorded information without model calls; judged scanners call the models selected for the analysis. Red dashed marks
indicate two extension points. Custom scanners add structural or judged signals to dataframes. Custom report layers
use those dataframes to add timeline layers or interface elements to the report without changing the upstream analysis.

2.2 Design principles

Three design principles guide how the analysis is configured, interpreted, and extended. The first is to configure
analysis for the evaluation family. Each family’s Spec can define the behavioural vocabulary and any relevant sub-agent
categories used to interpret its runs, drawing on evaluation materials and, where needed, subject matter expertise.

The second is structured expert elicitation [27, 28]. Users can ask a coding assistant, guided by the package’s skills, to
flag missing task context or unclear category definitions and help prepare questions for subject-matter experts (SMEs).
Experts can then supply information missing from the evaluation materials, such as outcomes of interest, and review
proposed classification rubrics. Transect records the category labels and definitions used by its built-in judged scanners.
These records let users inspect the applied rubric and compare revisions across analyses.

The third is automation. The package’s skills and worked examples guide coding assistants in running analyses and
adding scanners or report views. They are designed to reduce the work needed to adapt the pipeline as evaluation tasks
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change. For a new family, users can supply a different Spec and add analyses while reusing the existing pipeline for
supported transcript formats. The diagnostics skill helps users inspect disagreements, check the recorded judging setup
and test sensitivity to the Spec’s category names while keeping their definitions fixed.

A custom report layer draws on the same dataframes to add a new view (Section A). A design requirement is that report
views preserve the available diagnostics and provenance of judged outputs. The report displays available confidence
and agreement diagnostics and flags potential reliability problems. Provenance information helps reviewers understand
the source of scanner judgements, and reliability information helps them assess what conclusions these judgements can
support.

2.3 Related work

Transect builds on Inspect AI for evaluation-log access and judge-model interfaces, and on Inspect Scout for transcript
representation, scanner execution and stored results [17, 18, 29]. Inspect Viz supplies the report’s interactive charts.4
Transect organises these components around an evaluation family and enables co-interpretation of multiple scanner
outputs on a shared timeline.

Docent is another prominent transcript analysis tool which uses language model assistants to help users interactively
navigate through transcripts [30]. Transect, in contrast, supplies a reusable analysis and reporting pipeline: users can
apply a family Spec and their chosen judging settings across samples and epochs. The package’s coding-assistant skills
help users add analyses or views for new questions while reusing shared tables and report interfaces. Platforms such as
LangSmith, Langfuse, Arize Phoenix, Weights & Biases Weave, and AgentOps support trace inspection, debugging and
application monitoring; LangSmith and Langfuse also support offline experiments and online evaluation.5

Transect brings family-defined activity labels, recorded events and token use together on an interactive turn-level
timeline, so reviewers can examine how these signals relate within a run and follow them to the source transcript.
Transect’s contribution is to combine adaptable analysis, interactive evidence review and inspectable model judgements
in one reusable workflow for long-horizon evaluations. Methods for statistical analysis and evaluation design are
complementary [12, 31], since Transect structures within-run evidence for such analysis but does not make sparse
observations statistically sufficient.

3 Case Study: Reading an AI R&D Evaluation with Transect

AI research and development (R&D) is a prototypical example of an open-ended, long-horizon task for frontier agents.
AI R&D evaluations measure whether current agents can perform machine learning research that might accelerate
AI development, including through so-called recursive self-improvement [32–35]. Such evaluations exemplify the
difficulties of maintaining observability on agent behaviour. An agent may operate autonomously for days or weeks,
generate billions of tokens, execute thousands of tool calls, and delegate work to hundreds of sub-agents [36]. It is also
unclear what successful behaviour looks like, since “doing good science” is a fuzzy construct [37–40], and the final
artefact is a written paper or report, whose quality may conceal many issues during its construction, including data
fabrication, citation hallucination, and deep conceptual misunderstandings [41–43].

We illustrate Transect on a single sample of the CRUX initiative’s shadow evaluations [44]. In these evaluations, an
agent receives a research brief based on a complete but unpublished human-written machine-learning research paper
and is asked to produce a finished manuscript. A human operator is available over a Telegram chat interface to resolve
operational problems but does not direct the research process itself.

The brief for this sample poses a methods problem in tabular prior-fitted networks (PFNs), transformers that classify
tabular data through in-context learning over a support set rather than task-specific training. The research agent was
asked whether a deployment-time detector could identify harmful distribution shifts (changes that degrade the model’s
accuracy) without erroneously flagging benign shifts and without access to labels at inference time. The brief given to
the agent requested a method to solve this problem which outperforms a set of pre-specified classical shift detector
baselines and survives a pre-registered falsification test. The agent had to write and submit a manuscript that it had
reviewed and deemed worthy of acceptance at a machine learning conference, along with a package for reproducing the
analyses and results.

4https://meridianlabs-ai.github.io/inspect_viz/.
5https://docs.langchain.com/langsmith/evaluation; https://langfuse.com/docs/evaluation/overview;

https://arize.com/docs/phoenix; https://docs.wandb.ai/weave; https://docs.agentops.ai/.
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The resulting OpenClaw transcript [26] sees a Claude-Opus-4.7 agent [45] produce some 554 orchestrator tool calls and
79 sub-agent deployments, receive 57 operator messages, and undergo 8 context compactions. 13 million tokens were
generated during the evaluation, 89% of them in delegated sub-agent work.

Our purpose is not to provide a complete assessment of the agent’s AI R&D capability, for which we refer the reader
to Kirgis et al. [44]. Instead, we ask four questions a reviewer of this run would want answered: how the research
process unfolded (Section 3.1), where test-time compute was spent (Section 3.2), how delegated agents coordinated
(Section 3.3), and what further questions can be asked by co-interpreting scanner outputs (Section 3.4). Each subsection
reports an observation, discusses plausible interpretations, and notes how Transect produced it. Section 3.5 then
discusses what the case establishes and what it does not.

3.1 How did the research process unfold?

Figure 2 places six layers on a shared orchestrator-turn axis, where one turn corresponds to one orchestrator output,
so that the layers can be read against one another. The package’s shared model-turn axis assigns an index to each
recorded orchestrator model output (Section A.2). The lower layers come from structural scanners, which read
facts already recorded in the transcript without calling another model (in ascending order): how the orchestrator’s
context changed across compactions, when the operator sent a Telegram message, when sub-agents were launched and
returned, and, from a custom scanner that identifies arXiv identifiers, DOIs and heuristically matched titles, where
references first appear. Sub-agent markers are labelled using the built-in subagent_classification scanner, which
describes what the orchestrator asked each sub-agent to do, not necessarily the work it ultimately performed. The two
upper bands come from custom judged scanners that assign one principal label, or a residual “Other”, to each of the
epoch’s 580 orchestrator outputs, including tool-only outputs. The research-activity band uses ten named categories
intended to capture the typical structure of AI R&D tasks: Hypothesising, Literature grounding, Experiment design,
Analysis design, Falsification, Research engineering, Debugging, Evidence interpretation, Reflecting and Writing
up. The paper-specific band uses the closed vocabulary defined for decision_phases in the family’s Spec, which
follows the task’s concrete research questions and deliverables, from PFN problem framing and PFN solution ideation
through Benchmark construction, PFN model evaluation and Falsification tests to Manuscript write-up, Self-review and
Code reproducibility, and separately tracks Non-research-relevant engineering. The category definitions are given in
Section A.4.

Paper-specific
activities

Research activities
Citations

(cumulative)
Sub-agent deployments

Human messages

0 100 200 300 400 500
Orchestrator turn

Context window

Paper-specific activities
Operations Solution ideation Literature grounding Building benchmarks Building detectors
Model evaluation Falsification tests Manuscript write-up Self-review Other

Research activities
Reflecting Hypothesising Literature grounding Experiment design Analysis design
Research engineering Debugging Evidence interpretation Falsification Writing up Other

Sub-agent type Setup Experiment Falsifier Paper Citations Reviewer Other
Pairwise re-roll disagreement (k=5) less more

Figure 2: The TabPFN epoch on an orchestrator-turn axis: paper-specific activities, research activities, cumulative
references, sub-agent deployments, operator messages, and context-window size. Grey strips show pairwise label
disagreement across five judge rolls for every turn; darker means greater disagreement.

The value of the timeline comes from reading these independently produced layers together. The epoch begins with a
long operations-dominated stretch containing little judged research activity other than debugging. This also coincides

6



Transect A PREPRINT

with frequent operator messages, mostly helping the model to establish permissions for its various tools. Inspection of
these turns shows the agent establishing the environment’s permissions, resources, and available tools. Much of the
initial literature engagement follows this operational period. The middle of the epoch alternates between benchmark
construction, model evaluation, and falsification, with several delegated sub-agents supporting those activities. The
final portion concentrates on manuscript drafting and self-review, with writing, citation, and reviewer sub-agents
used to parallelise that work. Some context compactions also occur near sub-agent deployments, exposing a possible
relationship that can be further investigated rather than merely noticed while reading the raw transcript.

The combined view also makes absences salient. In the current analysis, only two of the 580 orchestrator outputs are
labelled Hypothesising, compared with 56 labelled Reflecting and 27 labelled Evidence interpretation. Surprisingly,
Analysis design does not appear at all. The two hypothesising labels occur when the orchestrator plans to derive novel
theoretical results for a detector it has already proposed, and it delegates this work to a sub-agent both times. This
pattern has at least two potential explanations: the agent may have performed little hypothesis formation, or the scanner
may under-detect diffuse or secondary activities when assigning a single principal label. A missing label is therefore
weak evidence that the behaviour was absent. Even with that limitation, the timeline turns the impression that “the
agent rarely seems to ideate” into a reproducible observation linked to specific turns, an explicit rubric, a reliability
indicator, and competing explanations for review.

Both activity bands were produced in a k-roll regime: Claude Opus 4.7 classified each output k = 5 times, reading the
target’s full text and tool arguments with up to three preceding and following outputs, and the bands display the modal
label with adjacent identical labels merged, forming 129 contiguous phases for the paper-specific activities. The grey
strip beneath each band shows the fraction of the ten judge-roll pairs assigning different labels: 474 of 580 outputs
(81.7%) receive unanimous research-activity labels and 476 (82.1%) unanimous paper-specific labels, with Reflecting
and Evidence interpretation comparatively unstable. A cohort regime could instead call several judge models to expose
between-model agreement. A solo run would call one model once and would therefore be cheaper, but would provide
no empirical stability estimate. The stored scan results retain the prompts, inputs and model responses behind every
label so that they can be inspected transparently. Variation in judgements helps identify labels that merit caution or
rubric refinement, but low variation does not establish that the labels are valid, which would require independently
collected human labels or another suitable external referent to calculate false positive and negative rates (Section A.5).

3.2 Where was test-time compute spent?

The same turn-level decomposition supports a second question: how was the test-time compute allocated? Token
telemetry, activity labels, and sub-agent events share the same segmentation, so token expenditure can be attributed to
the activity and the sub-agent responsible for it. Figure 3 shows the three attributions side by side.

In the current analysis, self-review and manuscript write-up account for roughly three quarters of all new-work tokens:
7.8 million and 2.9 million, respectively, out of 14.5 million. Almost all of this expenditure is delegated, reflecting the
orchestrator’s use of citation, writing, and reviewer sub-agents during the final stages. Non-research engineering is
the third largest category at approximately 2.2 million tokens, much of it associated with resolving permissions and
determining the scope of the evaluation environment.

By contrast, solution ideation only accounts for approximately 22,000 tokens. Some relevant work may have been
labeled under reflection, research engineering, or evidence interpretation, which account for substantially more
expenditure. Nevertheless, this allocation is consistent with the original evaluation’s observation that agents “produced
papers with extremely thorough negative findings rather than papers with new ideas” [44, p. 16]. Citation sub-agents
consume approximately 5 million tokens, but much of this work occurs during manuscript drafting and self-review
rather than early hypothesis development. One plausible reading is therefore that literature search primarily supports
polishing and substantiating the manuscript rather than generating new scientific directions.

These findings also bear on harness and setup uncertainty. Non-research operations occupy a large fraction of the epoch,
and most of the operator messages occur during those phases, often providing permissions, resources, or credentials
needed to overcome an infrastructural impasse. The observed allocation could reflect an agent preference for tractable
operational and writing work, a scaffold that inadequately supports scientific work, or scientific reasoning that is not
exposed in the recorded transcript. Transect cannot distinguish these explanations by itself. It makes them precise
enough, however, to motivate interventions: evaluators could change the initial permissions, provide a different tool
set, alter the research brief, or add progress gates, and then compare the resulting phase and token distributions across
epochs.

Token allocation also provides a way to study capability as a function of test-time compute. Two systems may produce
similarly rated final artefacts while using compute differently: one may brute-force many weak experiments, while
another may perform fewer, better-motivated tests. Likewise, apparent improvement may be concentrated in research
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Figure 3: New-work tokens attributed to paper-specific activities, research activities, and sub-agent categories. In
the activity panels, solid segments show the orchestrator’s own expenditure and lighter segments the expenditure of
sub-agents launched within the unit. The research activities panel excludes work without an assigned research skill, and
the sub-agent panel excludes the orchestrator’s own activity. Token counts should not be summed across panels.

engineering or manuscript production rather than in the scientific activities relevant to capability forecasts, such as
solution ideation, experiment design, or falsification. One transcript cannot establish these differences, but the exported
dataframes make the same decompositions available across agents, budgets, scaffolds, and repeated epochs.

3.3 How did delegated agents coordinate?

A multi-agent evaluation creates an interaction structure that is difficult to reconstruct from raw logs: which shared files
agents wrote and read, in what order, and what kinds of exchange these were. To follow work across agent boundaries
we extend the report with a custom structural scanner for shared-file access and an optional judged scanner for its likely
purpose, and combine their outputs in Figure 4.

The structural scanner joins recorded file access events to earlier writes by other separately logged agent conversations
or tasks (sessions), preserving session identifiers, resource paths, source positions, and evidence types in the dataframes.
It produces 922 access records across 131 participating sessions, of which 346 records connect one delegated sub-agent
to another. The sessions comprise delegated sub-agents, tasks triggered by the harness’s scheduler, and the harness’s
main and Telegram chat contexts. The dataframes retain the writer-reader direction.

Figure 4, Panel A follows the research plan, baseline code, experiments-section draft, and third blind-review document
through the recorded workflow. These four tracks represent 159 access records involving 39 sessions; the activity strip
retains all 131 participants. Each arc connects a record’s first qualifying read to the named writer’s latest preceding
write. Agent bars span first to last recorded activity, while file tracks span first recorded write to last recorded read or
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31
8

558

Rule
Judge

A) Agents and shared files
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Figure 4: Multi-agent analysis of one TabPFN epoch. A: activity across 131 agent sessions and four shared-file tracks
in source-log order. Arcs connect earlier writes (open symbols) to later cross-agent reads (filled symbols); colour and
shape denote context type. B: all 922 access records by resource path. C: inferred purposes, with compound labels
counted in each category. Access does not establish uptake.

write. The axis follows source-file order: these spans establish neither elapsed time nor continuous agent activity or file
persistence.

Access is concentrated in the manuscript workspace: 614 of the 922 records (66.6%) concern paths under paper/,
including drafts, reviews, and build files. The experiments-section draft alone accounts for 102 records, visible as
repeated connections along its track. Together with the token attribution in Section 3.2, this identifies the manuscript
workspace as a priority for examining how delegated contributions were assembled. A reviewer can follow a shared
document to its recorded writers and readers, then inspect their instructions and subsequent edits.

Purpose classification helps reviewers follow concrete exchanges. For example, the transcript records a sub-agent
opening the third blind-review document after receiving instructions to address five major and four minor presentation
findings and rebuild the manuscript. All five judge rolls classify this access as responding to assessment. This connects
the review track in panel A to a revision brief and a recorded read, giving the reviewer a concrete trail to investigate.
Inspecting subsequent edits would establish which findings were addressed and how.

This remains a prototype, but its provenance, coverage, and repeatability diagnostics make the limits explicit. Across
the transcript, 150 records receive substantive rule-assigned labels and 214 receive judge-assigned labels; 558 remain
unclear. Among the judge-labelled records, 166 (77.6%) receive unanimous labels across five Opus 4.7 rolls. This
measures within-model repeatability; purpose validity and uptake require further evidence. The coverage gaps suggest
concrete improvements: parsing omitted shell commands and direct messages would capture more exchanges, while
harness records of read results, file versions, and sub-agent return payloads would help reviewers trace contributions
and check the inferred purposes.

3.4 What else can we learn about AI R&D?

Once phase labels, recorded events and reference records share one representation, questions that would otherwise
require bespoke transcript processing become cheap to formulate and test. We ask three here: whether the workflow has
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recurring structure, whether behavioural transitions cluster near operator messages or context compactions, and how the
agent’s literature coverage compares with that of the human authors. Figure 5 presents descriptive analyses of these
three questions.

PFN Literature
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Benchmark
Construction

PFN Model
Evaluation

Falsification
Tests

PFN Solution
Ideation

Running
Ablations

Manuscript
Write-Up Self-Review

PFN Theory
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Reproducibility
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2010
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Final Paper Citation Verification Citation Network

Figure 5: Descriptive analyses of the TabPFN epoch. Top left: observed transitions between paper-specific phases after
removing non-research-relevant engineering phases and merging consecutive repeats, with edge width proportional
to transition count. Top right: the number of operator messages and context compactions followed by the start of a
new phase within 3 or 10 orchestrator tool calls, and compactions after which the current phase continues; these are
co-occurrence counts, not effects. Bottom left: registry verification of references in the agent- and human-written
manuscripts against OpenAlex [46], Crossref [47], and arXiv [48]. Bottom right: the combined citation network, with
node size indicating global citation count and edges indicating citations among works in the combined bibliography.

The phase-transition graph shows the transitions between paper-specific research activities, excluding non-research
engineering. Two regimes are visible: a build-and-test loop through benchmark construction, model evaluation,
ablations, and falsification; and a write-and-review oscillation between manuscript write-up and self-review, with some
input from theory building, code reproducibility, and running ablations.

This phase-transition graph (top left panel, Figure 5) illustrates how an ordered sequence of task-specific phase labels
makes transitions between activities directly computable.

This graph structure can also guide investigation of the evaluation setup. The repeated cycle between manuscript
drafting and review motivates testing whether the setup encourages iteration over the written artefact. The build-and-test
loop is less dominant and does not show an equivalently strong earlier cycle of generating, selecting, and testing
alternative ideas. Evaluation and harness designers could use this graph as a target for intervention, for example by
introducing an explicit ideation gate or requiring comparison among several candidate methods before manuscript
drafting begins. Comparing repeated epochs under otherwise comparable original and modified setups would help
assess the intervention’s effects on behaviour and the final score.

The event-proximity panel (top-right panel, Figure 5) shows whether new phases begin near operator interventions or
context compactions. In the current analysis, a new phase begins within three indexed steps of 18 of the 57 operator
messages and within ten steps of 28 operator messages. New phases begin within 3 indexed steps of 3 compactions and
within 10 steps of one further compaction. These are raw co-occurrence counts, not causal effects: operator messages
may respond to an already emerging transition, and compactions may occur at points where the agent would have
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changed direction anyway. Nevertheless, both event streams are partly determined by the evaluation setup, so their
proximity to behavioural transitions identifies a concrete source of setup uncertainty for controlled follow-up.

The final two panels use a feature of the shadow-evaluation design: the agent-written manuscript can be compared
with the unpublished human-written paper on which the brief was based. We first verify cited references against
OpenAlex [46], Crossref [47] and arXiv [48]. 20 out of the agent’s 46 cited references are verified in at least one of
these registries, and a further 8 have title matches without linked DOIs, leaving 18 unconfirmed. In contrast, 60 out of
the human paper’s 69 references are verified in at least one registry, with a further 5 having a title match, leaving only 4
unconfirmed references. Registry non-matches do not prove fabrication, but the difference identifies a substantially
greater citation-verification burden in the agent-written manuscript.

The citation network provides a complementary view. The manuscripts share 13 references, but the human paper draws
on a larger and more internally connected literature, as indicated by the density of citation links among its referenced
works. This is consistent with the possibility that the agent’s search did not recover the same scientific background as
the human researchers. It also suggests a follow-up intervention: evaluators could supply the human bibliography as
part of the scaffold and test whether access to the same literature changes the agent’s hypotheses, experimental choices,
or final claims.

The package supports displaying analyses such as these, alongside its timeline and token allocations, as custom report
elements (Figure 1, Section A.6). Linking their summaries to phases and source turns requires matching transcript
identities and compatible turn or tool-call indices.

3.5 What this case establishes

This analysis establishes some interesting features of the agent’s behaviour: It starts with a long operational opening
without much hypothesis generation. Most of the tokens are spent by sub-agents doing manuscript writing and review,
phases through which the agent iterates several times.

However, this analysis is descriptive rather than confirmatory. It does not firmly establish the agent’s AI R&D capability,
the validity of the judged labels, or causal effects of operator messages, compactions, or the scaffold. Those claims
would require multiple epochs on multiple samples from the same evaluation family, independently collected expert
labels for the judged scanners, and an explicit statistical model for trends across runs (Section A.3). Transect offers a
coherent framework for doing this kind of rigorous, confirmatory analysis on open-ended, long-horizon evaluations,
while maintaining reproducibility and transparency.

4 Conclusion

Open-ended, long-horizon agent evaluations are narrowing the observability envelope—what an evaluation reliably
tells us about an agent—because they are getting longer, more complex, and more parallelised. A natural solution
to this is to use language models to assist with transcript analysis, but this leads to significant researcher degrees of
freedom. We present Transect as a tool to address these twin problems, by making within-run behaviour scrutable
while supporting reliability checks and reproducible analysis. Transect places a run on a shared turn axis, selects the
sample and epoch to read, reads the transcript with structural and judged scanners, and writes every signal into one set
of dataframes that can be digested as a human-readable report. This is the heart of the value proposition of Transect: it
allows evaluators to both readily access the ‘wider picture’ and quickly identify and analyse key moments in the agent’s
trajectory - whether these are indicative of agent capability, safety incidents, harness constraints, or other research
questions the decomposition exposes. We argue that this human-accessible, cohesive picture is critical for maintaining
effective oversight for increasingly long and complex evaluation transcripts.

While language models are becoming increasingly important for transcript analysis, they must be used with caution.
LLM-based scanners can overstate confidence, hide uncertainty, and ultimately be over-interpreted by human reviewers
[24, 49]. Language models are increasingly capable as judges for many classification tasks, though reliability does
not establish validity [25]. Transect records available reliability diagnostics and flags potential problems for review.
Assessing validity requires separate evidence, such as comparison with independently collected expert annotations.

Expert elicitation, long established in risk analysis [27], can calibrate Transect through written materials or targeted
questions that shape which signals a family of evaluations should surface. Reviewers can examine classifications
alongside the agent’s recorded reasoning, tool use, and harness events. These signals need not be independent, but
reading them together can expose gaps or inconsistencies that warrant inspection. Provenance records show how a
classification was produced and which source turns it was derived from. This view can also help evaluators investigate
how the harness shapes agent behaviour and where its records are incomplete. For example, if the transcript does not
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record a tool failure, adding that event to future logs would let reviewers examine subsequent behaviour alongside the
failure. The package’s coding assistant skills and worked examples are designed to reduce the work needed to configure
new evaluation families and extend their analyses. They guide coding assistants in adding scanners or report views,
inspecting judging records and diagnostics, and testing sensitivity to category names. These provenance and reliability
disciplines support reproducibility and should accompany each extension of the analysis.

Transect turns long evaluation transcripts into source-linked reports and reusable analysis tables. The case study
illustrates how these outputs bring behavioural classifications, token use across the orchestrator and sub-agents,
multi-agent interactions, and harness events into one review workflow that is navigable, auditable, and reproducible.
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A The Transect Package

The descriptions below apply to Transect package version 0.2.0. This appendix describes how to run an analysis
(Section A.1), what the scanners produce (Section A.2), and how to read and reuse the outputs (Section A.3). It
then covers family configuration (Section A.4), judging and auditing (Section A.5), extensions (Section A.6), and
reproducibility and scaling (Section A.7).

A.1 Running an analysis

To analyse a run, the user supplies transcript logs and a Spec, the reusable configuration for an evaluation family. The
Spec defines the behavioural vocabularies and task context. Analysis settings, including the judge models and number
of repeated calls, are supplied separately to transect(). This function analyses the selected sample and epochs,
generates the report, and returns a TransectResults object containing the dataframes.

load() rebuilds dataframes from a stored scan without model calls. render() generates a report from those results
and available source transcripts (Section A.3).

Transect builds on Inspect Scout’s transcript representation, scanner abstraction and stored scan results [18].

Table 1 summarises the pipeline’s inputs and outputs.

Stage Input Output

Ingest Logs in a supported format Scout transcripts representing agent and sub-agent activity
recoverable from the source

Select Transcripts and sample/epoch settings The selected sample and one or more epochs
Scan Selected transcripts, Spec and analysis settings Results from structural scanners and any enabled judged

scanners, saved in a Scout scan store
Store Stored scanner results Tables of activities, recorded events, token use and audit

information
Render Dataframes and source transcripts HTML reports organised by epoch; tables users can analyse

or export
Table 1: Inputs and outputs of the five pipeline stages. Structural scanners extract or derive information without
model calls; judged scanners call language models. Regenerating a report with excerpts requires access to the source
transcripts.

Ingest. Ingestion presents supported evaluation logs as Scout transcripts so the same scanners can analyse them.
Transect reads Inspect .eval logs and imports OpenClaw JSONL exports produced by telemetry-hal. The OpenClaw
importer removes duplicate records from cumulative exports and reconstructs recorded messages, tool activity and
sub-agent activity. What reviewers can inspect depends on the source records, including the available event and
token-usage details. Additional formats require an adapter to this representation (Figure 1).

Select. A sample is an evaluation task or item; an epoch is an attempt at that sample. Each analysis selects one sample
and one, several or all of its epochs before scanning. Inputs containing multiple samples require an explicit sample
choice. If no epochs are specified, Transect selects the earliest epoch recorded as successful, or the earliest epoch if
none is recorded as successful. This default favours successful attempts when available. Analyses requiring all attempts
or a pre-specified sample of attempts should set the epoch selection explicitly.

When several epochs are selected together, the same configured scanners are applied to each attempt. Once scanning
finishes, Transect builds the dataframes and generates separate reports for the selected epochs. The built-in dataframes
retain results from all selected epochs; users can select an attempt by filtering the epoch column. Transcript identifiers
link the results to their attempts, supporting separate review and comparisons across attempts.

Defaults. Table 2 lists selected defaults and text limits in the reviewed package. The Spec supplies vocabularies and
context. These defaults have not been established as optimal settings.

The top-level controls are judge_models, k_rolls, verify, verifier_model and verify_sample. Phase and
sub-agent spot-checking use different selection rules, described in Section A.5.

The phase scanner exposes chunk, snippet_chars, verify_chunk and narrate; the sub-agent scanner exposes
activity. The task-prompt extraction helper accepts a cap argument; the built-in phase scanner uses its default. A
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Parameter Default or limit Control

Judge models None; built-in judged scanners disabled Top level
Roll count k 1 Top level
Verifier On for solo and k-roll; unavailable for cohort Top level
Verifier model First configured judge model Top level
Verifier spot-check share 5%; default phase-sampling floor: 3 phases Top level
Phase digests per classification chunk 40 Scanner
Phases per verifier chunk 8 Scanner
Phase narration On Scanner
Activity-informed sub-agent classification Off Scanner
Phase message excerpt, reasoning excerpt and each dele-
gation string

300 characters each Scanner

Extracted task-prompt context for phases 2,400 characters Helper
Sub-agent task text 800 characters Fixed
Phase fill confidence 0.3 Fixed
Review trigger: classifier confidence or agreement Below 0.6 Fixed
Label-change gate: verifier confidence At least 0.6 Fixed
Response caching On; later rolls use separate cache scopes See text
Table 2: Selected defaults in the reviewed package. Top-level controls are analysis-function arguments; scanner and
helper controls require calls to the corresponding lower-level functions. Fixed values are set in the implementation.
None of these controls is a built-in Spec field.

digest may contain several delegation strings, so the 300-character limit does not bound its total length. Response-cache
controls are available on decision_phases and cohort_llm_scanner, but are not exposed by the top-level analysis
function or the built-in sub-agent scanner (Section A.7).

This table is not intended as a complete record of the configuration needed to reproduce a run.

A.2 What the scanners produce

The turn axis. The report aligns behavioural phases, token use and recorded events on a shared model-turn axis. A
turn is a model event with output; these events are numbered consecutively in normalised transcript order. Recorded
sub-agent model turns use the same index, with separate lanes identifying the agents. Human-input markers use the
same axis. An intervention recorded as a message is placed at the first model turn whose recorded input includes it; if
that link is unavailable, its position is inferred from the recorded message and event order. Reconstruction may place a
sub-agent’s activity after the event that spawned it. Turn positions alone do not establish elapsed time, exact ordering
across agents or whether agents acted concurrently.

Scan: two kinds of scanner. A scanner extracts information or detects patterns in a transcript [18, 29]. Transect
combines structural scanners, which extract recorded information without model calls, with judged scanners, which use
language models to classify agent behaviour.

The built-in structural scanners are:

• token_timeline records the token usage reported for each model turn, its tool-call count and its agent lane.
It also extracts sub-agent tool activity for placement on the timeline.

• context_flush extracts recorded context-compaction events and their available token counts before and after
compaction. For Inspect logs, it also retains the summarisation call’s formatted prompt and the pre-compaction
memory warning verbatim where recoverable. The report displays these texts under Eval setup / Core setup.

• human_intervention extracts mid-run messages marked as operator or human input, recorded answers to
agent-initiated requests for input, and tool-approval decisions recorded by Inspect’s built-in human approver.
Detection uses source annotations and event types.

• eval_setup extracts initial system and task prompts, agent and task settings, and evaluation-log metadata
where available. These records describe the conditions under which the agent ran.

The dataframe builders use these records to calculate token measures. They can also infer compaction candidates from
drops in context size, keeping inferred candidates distinguishable from recorded events (Section A.2).
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The built-in judged scanners require models supplied through judge_models and matching vocabularies in the Spec.
decision_phases uses the phase vocabulary; subagent_classification uses the sub-agent categories. Both
use shared judging machinery with solo, repeated-call and multi-model modes. Their labels remain fallible model
judgements. Voting, optional verification and the confidence or agreement information available in each mode are
described in Section A.5.

decision_phases. The scanner divides the run into contiguous phases labelled from a closed vocabulary comprising
the Spec’s categories and operational or fallback categories added where needed. An operational category covers setup
and coordination; users can designate their own category for this purpose. The scanner adds none_of_the_above
if it is absent from the Spec, allowing judges to flag activity that does not fit the supplied vocabulary. Providing this
option is good classification practice: forcing a choice among inappropriate categories can produce consistent but
incorrect labels. Judges can still overlook a mismatch. The vocabulary should be fixed before analysing runs intended
for comparison (Section A.4).

Judges receive length-limited digests of main-agent message text, available recorded reasoning and delegation informa-
tion, together with tool names. Reasoning excerpts are marked [THINKING]; a turn containing only readable recorded
reasoning is also eligible. For redacted or summary-only reasoning blocks, the digest uses any readable summary
supplied by the source. Recognised OpenClaw failure placeholders are excluded from the digests. The judges propose
phase boundaries and labels for batches of digests, with the preceding phase label supplied as context where available.
The results are combined and adjacent phases with the same label are merged, then mapped onto the shared turn axis.
Some turns are assigned phase labels without their content being directly judged; the tables record the basis of each
turn’s label (Section A.3). A continuous phase band therefore does not mean every turn was independently classified.

When enabled, narration runs after classification and any verification. The first configured judge model receives phase
labels, a limited selection of each phase’s digests, and available task and Spec context. It produces a headline, short
summary and titled groups of consecutive turns for the phase cards. If no usable narrative is returned for a phase, a
label-based headline and empty summary are used instead.

Agreement on phase labels does not assess the accuracy of this generated prose. The classifications describe activities;
conclusions about competence, correctness or safety require further assessment (Section A.5).

subagent_classification. This scanner assigns one label to each sub-agent span it classifies (a recorded sub-
agent execution), using the Spec’s sub-agent categories and none_of_the_above for work that does not fit them. In
the default instruction-based mode, the judge reads the delegation instructions and labels the work requested. If a
sub-agent is asked to survey literature but spends its run debugging, the judge still assesses the request.

In the experimental activity-informed mode, the judge also receives a limited digest of recorded sub-agent activity,
including message excerpts and tool-use counts where available. The prompt directs it to prioritise recorded work when
this differs from the request. Both modes require task text recovered from delegation instructions or handoff messages.
When activity records are absent, the activity-informed mode also relies on that text. Each classification covers the span
as a whole, without dividing the sub-agent’s work into behavioural phases.

Token measures. token_timeline retains the reported input, output, total, cache-read, cache-write and reasoning
token fields. Cache reads and writes count tokens retrieved from or stored in the prompt cache. The dataframe builder
assumes Inspect’s ModelUsage convention: input tokens exclude cache reads and writes, and output tokens include
reasoning tokens. Importers using other conventions must normalise their counts before dataframe construction. The
OpenClaw importer uses a fixed mapping to these fields.

The package then calculates four measures for each turn:

• context: input plus cache writes and reads, representing the reconstructed input-context size.
• new_work: input and output, plus cache writes capped at the non-negative increase in context since the

previous turn with usable token records in the same agent lane.
• billable: input, output, and all cache-write tokens. Cache reads are excluded.
• turn_total: input, output, cache writes and cache reads. This derived total can differ from the source’s

reported total_tokens.

A missing input-token count or an all-zero input/output/cache record leaves these derived measures missing; missing
components count as zero for this check. The check does not use reasoning or reported total tokens. Other missing
components are also treated as zero when computing a derived value. The preceding context starts at zero in each lane
and is preserved across skipped turns.
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Interpreting token totals. The billable field is an unweighted token sum, not a monetary cost. It excludes cache
reads even when a provider charges for them; prices can also differ for input, output and cache writes. Grouping token
use by behavioural labels shows how tokens are distributed across the labelled activities; token expenditure alone does
not measure scientific effort, research quality or efficiency.

A.3 Reading and reusing outputs

Report. In the default layout, the report opens with information about the transcript and evaluation setup, drawn from
the available source records. Its timeline aligns available behavioural phases, token use, sub-agent activity and markers
for human interventions and recorded or inferred context compactions. Reviewers can inspect these signals together and
open phase cards containing labels, generated narratives and expandable transcript excerpts. Where the source provides
readable reasoning or a reasoning summary, these excerpts display it in a muted [thinking] line above the turn’s text.
The cards and excerpts can be explored within the generated report without Scout. Optional Open in Scout Viewer links
support further exploration of the full transcript through a running Scout viewer. When generating a report, users can
configure section order and add custom report elements based on their own scanners or analyses (Section A.6).

The reliability audit describes how the included judged classifications were produced and presents the available
confidence, agreement and verification diagnostics (Section A.5). Reviewers can use these details to investigate
warnings and assess the evidence supporting a classification. A final Scan execution & coverage section summarises
execution across the stored scan, including all selected epochs. For each requested scanner, it reports completed
transcripts against the recorded scope, or recorded scan attempts when scope information is unavailable. It also lists
recorded analysis errors and available model usage from the scanners, grouped by scanner and model. Completion does
not establish that usable labels were produced.

Dataframes. The returned TransectResults object contains pandas dataframes built from stored scanner results.
These tables supply the report and can be queried, aggregated or exported for further analysis. Its frames() method
returns the built-in tables by name. Custom tables are held separately in layer_frames, while optional turn_tags
supports report filtering and grouping (Section A.6).

Rows and join keys. Each table has a defined row unit, such as a model turn, phase, sub-agent span or a judge’s
record for a turn or span. Combine tables using transcript identity and the relevant turn, phase or span identifiers.
Per-judge tables also distinguish the model and repetition number. When comparing separate analyses of the same
transcript, retain the scan identity as well: the transcript identifier alone does not distinguish analysis configurations. A
sample identifier alone is also insufficient because it can be shared across attempts. Before aggregating joined tables,
check whether the join repeats records, for example when one turn has records from several judges or repetitions.

Table map. Table 3 summarises the returned tables, their row units and the fields used to link them. For built-in tables,
combine the listed fields with transcript_id within an analysis. Custom layers define their own table schemas.

Missing data and label status. Interpret missing values using the field’s meaning and the scanner’s status. An absent
token count differs from a recorded zero; missing judged output may mean the scanner was not run, a call failed or a
judge refused to answer. A turn can have a phase label even when its content was not directly judged. Consult basis
and status fields where available, alongside the scan records. Some derived token measures treat missing components as
zero, so check their definitions before calculating totals or averages. An absent event record does not establish that the
event did not occur.

Schema and provenance. The built-in tables carry a schema_version describing their table format. This field does
not identify the package revision or complete analysis configuration. Reproducing an analysis also requires its input,
configuration and software records (Section A.7).

Comparing and aggregating runs. Comparisons of activity or token allocation across runs require compatible
category definitions and token-accounting conventions. Record differences in source coverage and judge settings, and
distinguish deliberate experimental changes from differences that could confound the comparison. Phase indices locate
phases within a transcript; they do not identify comparable activities across runs.

The research question and sampling design determine the statistical unit. Turns within a run and repeated judgements
of those turns do not provide additional independent runs. Repeated attempts at the same task can also share task-
specific influences. Depending on the question, an analysis may use run-level summaries, model dependence among
observations, or both. A single transcript does not provide an empirical estimate of variation between transcripts.
Specify the treatment of dependence and any multiple-comparison adjustment as part of the analysis design.
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Table One row represents Linking fields within a transcript

transcript_info Transcript identity and setup No additional field
token_timeline, phase_turns A model turn: token records or phase at-

tribution
turn

flushes, interventions A recorded or inferred compaction, or
human-input event

turn; several events can share a turn

lane_activity Sub-agent tool activity at a turn turn, agent_span_id
phases A behavioural phase phase_index; turn_start, turn_end

locate its range
turn_groups A group of turns within a phase, with nar-

ration or fallback text
phase_index, group_index

phase_turn_votes A judge member’s record for a turn in-
cluded in the digests

turn, model, roll

subagents A recorded sub-agent span agent_span_id
subagent_votes A judge member’s record for a sub-agent

span
agent_span_id, model, roll

label_definitions A category and its definition surface, label
turn_tags (optional) Custom tags associated with a turn turn
layer_frames Custom tables with layer-defined row

units
Defined by the layer

Table 3: Table units and linking fields. surface identifies the phase, sub-agent or custom-layer vocabulary. A judge
member is identified by its model and repetition number (roll). Linking fields locate related records; they are not
necessarily unique row keys. layer_frames is a collection of custom tables, and turn_tags is optional; both are
separate from the built-in tables returned by frames().

Transect computes descriptive summaries and judge diagnostics to support human review. Judgements of agent
performance remain with the human reviewer. Inference about capability differences across agents also requires
evidence that the measures capture the intended capabilities, and a separate statistical analysis. Hierarchical modelling
[12] and adaptive-stopping methods [31] address complementary questions about uncertainty and evaluation design.

Regenerating a report. Users can regenerate a report without rerunning the scanners or calling judge models. load()
rebuilds the dataframes from a stored Scout scan, and render() generates the report. Supply the exact scan directory
to select a particular analysis; when given a parent scans directory, load() selects the scan directory with the latest
modification time. Custom layers must be supplied again through extra_layers so their stored results are included
(Section A.6).

Rendering reads the source transcripts for excerpts and full sub-agent task prompts, and uses source tool-call counts
when they are absent from the stored analysis. If these sources are unavailable, the stored analysis can still be rendered,
but excerpts and any other content requiring a source read will be absent. Available excerpts are embedded in the report
and can be expanded without a running Scout viewer. Optional full-transcript links require source access and a running
Scout viewer, enabled through viewer=True. Keep the scan store and source transcripts to support later regeneration;
exported analysis tables alone are not the input expected by load().

A.4 Configuring an evaluation family

Family configuration defines which activities the analysis should distinguish and supplies the phase judges with relevant
task context. Evaluation task descriptions, harness documentation and environment repositories provide a starting point.

The family Spec. The Spec holds a phase vocabulary, sub-agent categories and task context. Each category can
include a description of the activity it covers. These definitions guide classification; they do not prescribe the order in
which an agent must perform the activities. The built-in sub-agent classifier receives the category definitions but does
not receive Spec.context. Users can also place custom analysis content in Spec.extra, which their custom layers
must interpret (Section A.6).

Expert elicitation. Structured expert elicitation [27, 28] can help users address gaps in evaluation materials and
review proposed category definitions. For example, experts can identify outcomes worth investigating and clarify the
boundary between planning an experiment and carrying it out. Users can incorporate the resulting definitions and
context into the Spec. Users can prepare questions and draft rubrics for review and revision with relevant experts.

20



Transect A PREPRINT

Users should record which sources and expert contributions informed the rubric, alongside its validation status and
supporting evidence (Section A.5). The package retains the vocabulary but does not maintain a dedicated record of
expert contributions. Expert review can inform a rubric without establishing how accurately its classifications describe
agent behaviour.

Analysis settings. Retain the Spec and invocation settings together to distinguish changes in behavioural definitions
from changes in their application. Assessing a revised rubric or judging configuration requires a new analysis
(Section A.7).

Developing the vocabulary. Development transcripts can help users identify activities to include in a preliminary
vocabulary. Review these examples alongside evaluation materials and expert input, recording which sources informed
each category and its definition. No fixed number of transcripts guarantees coverage: behaviours absent from the
examples may still matter in later runs.

Keep the transcripts used to develop or revise the vocabulary separate from held-out data used to assess its performance
or generality. A vocabulary can be explored on the examples that informed it, but those results do not provide an
independent assessment. If findings from held-out transcripts inform a revision, treat those transcripts as development
evidence and use data that did not inform the revision for an independent assessment. These are research-design
practices; the package does not enforce the separation.

The built-in phase and sub-agent scanners include none_of_the_above even when it is absent from the Spec. Inspect
these labels for possible gaps in the vocabulary. The fallback does not guarantee that every omitted behaviour will be
detected. Custom scanners using cohort_llm_scanner classify against the supplied label list; the helper does not add
a fallback category.

Case-study vocabularies. The CRUX case in Section 3 uses two vocabularies for custom judged analyses of orches-
trator activity. The research-activity rubric focuses on general activities common to any AI R&D task. Hypothesising
proposes a new mechanism, approach or explanation [51–53], while Literature grounding uses prior work to inform
that direction [54]. Experiment design specifies what to vary and measure [55]; Analysis design chooses the statis-
tical instrument for interpreting the evidence [21–23]. Falsification covers designing or executing a test intended to
disconfirm the agent’s own hypothesis, with a failure condition set before the relevant results are seen [56–58]. Once
work is specified, Research engineering implements, runs or monitors it [32, 59, 60], and Debugging addresses broken
code [61]. Evidence interpretation connects an observed result to its scientific implications [62, 63], while Reflecting
reassesses progress or strategy beyond a single result [64]. Writing up brings findings into the manuscript through
drafting, revision and review, including figures, bibliography checks and compilation. A residual Other label covers
generic operations, insufficient evidence, or work outside the vocabulary.

The paper-specific vocabulary focuses specifically on the TabPFN task’s concrete research questions and deliverables.
PFN problem framing addresses harmful versus benign shift under the no-label deployment constraint; PFN literature
grounding and PFN solution ideation cover positioning against prior detectors and developing ideas that exploit PFN
affordances. Method development spans implementation (PFN detector construction) and theoretical guarantees (PFN
theory); evaluation requires building the apparatus (Benchmark construction) and running detectors and baselines (PFN
model evaluation). Running ablations isolates the source of a signal, while Falsification tests challenge the detector’s
core claim against a named failure condition. Turning results into a deliverable brings together Manuscript write-up,
Self-review against conference criteria, and Code reproducibility through runnable analyses. The vocabulary also tracks
Non-research-relevant engineering, such as provisioning, permissions and file management, making operational work
visible alongside these research activities. The case-study classification also includes a residual Other label for outputs
outside these named categories.

A.5 Judging and auditing

The judging regime determines which consistency checks are available. A solo configuration uses one judge model for
an initial judging pass over the classification inputs. A k-roll configuration repeats the same model, providing evidence
about within-model stability. A cohort configuration uses several models, providing evidence about between-model
agreement. The package keeps repeated calls to one model separate from multi-model voting: a cohort cannot also set
k_rolls above one. Each member is identified by its model and repetition number.

Agreement can reflect shared errors, so neither repeated-call stability nor cross-model agreement establishes correctness.
A solo judgement can carry stated confidence but supplies no repeated-judgement estimate of consistency. Verifier
reviews and narrative generation can add further model calls. Cohorts can include models from different families.
Model diversity does not guarantee independent errors or correct judgements.
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Combining judgements. Voting selects the most frequent usable label for each unit. Phase classification combines
votes at the judged-turn level before constructing phases; sub-agent classification combines votes for each classified
span. If label counts tie, the tied label with the higher mean confidence wins, treating missing confidence as zero for
this tie-break. A remaining tie is resolved by member order.

Vote agreement is the fraction of usable votes supporting the selected label. Refusals, failed calls, missing judgements
and filled phase labels do not contribute votes, so agreement must be read alongside the number of usable voters and
the recorded failures. One usable voter supplies no evidence of agreement between members. The available member
records retain individual judgements and recorded failure states for inspection. Filled turns were included in the digests
but inherit an earlier label when the returned phase segments leave them uncovered. Attributed turns lie outside the
digests and are mapped onto the phase timeline.

The vote’s confidence is the mean of the available stated confidences among members supporting the selected label.
It is distinct from vote agreement and is not a calibrated probability that the label is correct. Vote agreement is not
chance-corrected. Where verification is enabled, a later review may change the final label. Distinguish the original
voting results from the verifier’s subsequent assessment.

Selecting judgements for verifier review. The verifier adds a model review of selected classifications. It runs by
default in solo and k-roll configurations; the package rejects verification with a multi-model cohort. Analysis settings
can disable verification or select a verifier model; otherwise, the first configured judge model is used.

A phase is selected for review when the lowest confidence among its judged or filled digest turns is below 0.6, or the
lowest available turn agreement is below 0.6. Review also covers phases containing at most two such digest turns
between neighbouring phases that share a different label. For sub-agent classification, the triggers are stated confidence
below 0.6 or vote agreement below 0.6 where available. These thresholds select candidates for review; they do not
identify proven errors.

Both scanners also select additional judgements for spot checks. By default, the phase scanner targets the larger of three
phases or 5% of all phases, rounded to a whole number, drawing from the remaining phases in label-wise rounds with a
fixed seed. The target is capped by the number available. The sub-agent scanner uses a deterministic per-item draw
with a default 5% selection probability, without a minimum count. verify_sample changes the spot-check setting; an
explicit phase setting uses the requested fraction without the default minimum of three.

Verifier decisions and records. The verifier sees the earlier classification. For phases, it also receives selected turn
digests and neighbouring phase labels; for sub-agent classifications, it reviews the classification input alongside the
earlier answer and explanation. It proposes a label from the same vocabulary. A different label is applied only when the
verifier’s stated confidence is at least 0.6. Phase changes are applied to the affected turn judgements, after which phases
are reconstructed.

Available review records identify why a judgement was selected, the original and proposed labels, the verifier’s con-
fidence and whether the change was applied. A review without a usable verdict leaves the earlier label unchanged.
Sub-agent review records distinguish refusals and errors; phase verification counts phases without a usable ver-
dict. After phase reconstruction, merged phases preserve all recorded reviews of their constituent original phases in
verifier_reviews. A verifier that sees the original answer is not a blind independent assessment, even when it uses
a different model. Agreement with the first judgement does not establish correctness, and an applied label change does
not by itself establish improvement. A label-change rate measures model revisions, not independently established errors.
Targeted selection and the different spot-check schemes also limit generalisation from reviewed cases to the run.

Reading the audit. For each included judged analysis, the reliability audit shows the judging regime, available
confidence and agreement measures, verifier information, and breakdowns by label or judge where the required records
are present. These views help reviewers distinguish disagreement about a label from missing judgements or changes
introduced by verification.

Warnings can direct readers to the audit for more detailed diagnostics. For example, low agreement alongside poor
member coverage warrants checking which judges returned usable labels before changing the rubric. A warning
identifies a condition to investigate; its suggested explanations or follow-up actions do not establish the cause. Custom-
layer audit participation is optional; Section A.6 describes the supported interface and recommended checks.

Agreement and member coverage. The package reports several agreement measures with different meanings.
Per-unit vote agreement is the share of votes supporting the selected label, as defined above. Pooled pairwise agreement
instead counts agreeing pairs of recorded member labels, divided by all within-unit pairs, pooling units with at least two
non-missing labels. Units with more recorded labels contribute more pairs.
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The package also computes nominal Krippendorff’s α and Gwet’s AC1, which compare observed agreement with
different models of chance agreement. The AC1 calculation uses pooled pairwise agreement and category proportions,
counting only categories observed in the eligible ratings. These are consistency measures, not classification accuracy.
They use units with at least two recorded labels; the accompanying n counts the ratings in those units, not independent
runs. The current implementation returns an unavailable coefficient when only one category is observed among eligible
units, rather than treating that case as perfect chance-corrected agreement.

Member coverage reports, for each model and repetition, the fraction of its recorded unit rows that contain a judgement,
alongside counts of recorded failures, missing responses and filled phase labels. Phase coverage counts directly judged
rows; sub-agent coverage counts rows with an ok status. Coverage is conditional on the records present and cannot
detect a member or unit omitted entirely from them. Read coverage alongside agreement: high agreement can coexist
with low coverage.

Label-level summaries. The audit breaks down label counts, available confidence and agreement values, and the
recorded source of each label by category. Phase summaries use directly judged turn rows; sub-agent summaries use
spans with a recorded label. When the declared vocabulary is available, unused categories remain visible. An unused
category means no included unit received that label; it does not establish that the corresponding behaviour was absent.

The minority-vote statistic asks how often a member’s use of a particular label differs from the selected label for the
same unit. Its denominator is the recorded member votes for that label that can be matched to a decided unit; units
whose final label came from the verifier are excluded. The provenance breakdown counts which recorded label source
produced each decided label, such as a single judge, a vote or a verifier. These counts describe how decisions were
made, not how many were correct.

Verifier-change summaries. For current built-in scanner outputs, the overall verifier-change rate is the fraction of
completed reviews with usable verdicts that resulted in an applied label change. Per-label rates group these reviews
by their original label; the spot-check rate uses completed reviews selected by the random_sample trigger. Phase
summaries count reviews of the original phases, preserving them through later merging. Reviews without usable
verdicts are counted separately and excluded from these rate denominators. These are summaries of the stored review
records, not necessarily of every attempted review.

Read these rates with the selection and record-coverage limits above. A low change rate can reflect agreement with the
initial labels or proposed changes below the confidence threshold for application; it does not establish a low error rate.

Intervals on diagnostic summaries. For counted proportions, including member coverage and verifier-change rates,
the package uses nominal 95% Wilson intervals and returns no rate or interval when the denominator is zero. For audit
summaries of mean confidence or agreement, it drops missing values and uses the normal approximation x̄±1.96s/

√
n,

where s is the sample standard deviation and n is the number of retained values. These audit mean intervals are omitted
below eight values.

These calculations do not account for dependence between turns, shared judge errors or the verifier’s selection process.
Their nominal level therefore does not guarantee 95% coverage for a claim about a run or evaluation family. An interval
around mean stated confidence describes those confidence values; it does not turn them into calibrated probabilities of
correctness.

Scanner-level confidence summaries. Scanner outputs also contain confidence summaries calculated over different
sets of values. A vote’s confidence_pm applies the normal-approximation half-width 1.96s/

√
n to the available stated

confidences of members supporting its selected label. The helper returns zero when fewer than two values are available.
This differs from the audit mean interval, which is omitted below eight values.

For phases, confidence averages the confidence values of the phase’s judged or filled digest turns, treating a missing
value as zero. confidence_spread applies the same half-width helper to those turn values. This is a half-width for
their mean, not their standard deviation or a measure of disagreement between judges. After an applied verifier change,
affected turns receive the verifier’s confidence, and the resulting verifier-marked phase has its spread set to zero. A zero
spread can therefore reflect insufficient values or assignment after verifier review, as well as identical confidence values;
it is not evidence of certainty.

Warning thresholds. The current report uses fixed rules to flag diagnostics for inspection:

• Mean k-roll vote agreement below 0.80 or above 0.95 produces an amber warning.
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• Cohort Krippendorff’s α below 0.66 produces a red warning; values from 0.66 up to, but not including, 0.80
produce an amber warning.

• Overall or per-label verifier-change rates of at least 0.20 produce an amber warning.

• Any applied change in the recorded spot-check subset produces a red warning.

• Where a judging regime is recorded, missing classifications produce an amber warning when their share is above
zero but below 25%, and a red warning at 25% or more. For phases, this share counts refusal, no_answer
and missing_turn rows among all non-attributed phase-turn rows; filled turns enter the denominator only.
For sub-agent classification, it counts rows without a label among all recorded classification rows in the
sub-agents table, including structurally recorded spans with no classification result.

These rules apply where the required metrics are available. The report also groups stated confidence into low (below
0.66), medium (0.66 to below 0.80) and high (at least 0.80) bands. These are display conventions, not calibrated levels
of correctness.

Threshold crossings direct attention to the audit and source records. High self-agreement does not by itself diagnose
label-name bias, and a spot-check label change does not prove that the original judgement was wrong. Conversely, the
absence of a warning does not establish that the classifications are reliable or valid.

Evidence for interpreting classifications. Software tests can establish whether a scanner extracts or processes
information as specified on the tested inputs. Repeated judgements and cross-model comparisons assess consistency.
Neither establishes that a behavioural category captures the intended construct or that its labels are correctly applied to
new transcripts.

External assessment compares classifications with an appropriate reference, such as independently collected expert
annotations. Its interpretation depends on the reference’s quality, the assessment procedure and the transcripts
represented. Expert review of category definitions is useful for developing a rubric, but is distinct from assessing how
judges apply it. A comparison with another model provides additional model evidence; it does not become ground truth
merely because that model is different or more capable.

Testing sensitivity to category names. The scramble_spec helper creates a copy of a Spec with neutral identifiers
substituted for its phase and sub-agent labels. It returns a mapping for each classification type that descramble uses
to translate output labels back to the original names. Descriptions, task context and operational-category flags are
preserved. The helper does not rewrite label names mentioned inside those descriptions or the context, and it does not
rename custom vocabularies in Spec.extra. Check which category names and definitions the judge actually receives,
including reserved categories, before interpreting a comparison.

Users run the original and renamed configurations on the same inputs and judging settings, then compare outputs for
the same turns or sub-agent spans after translating the labels back. Repeated unchanged runs help distinguish sensitivity
to names from ordinary judging variation; cached responses cannot provide fresh evidence of that variation. Differences
can motivate closer inspection of label wording or rubric definitions, but do not by themselves establish undue reliance
on category names. Stability under renaming does not establish classification accuracy. Renamed runs are diagnostic
artefacts and should be clearly identified as such; the package does not automatically mark their reports.

Ablations and other perturbations. An ablation removes a specified part of an analysis to test what depends on it.
For example, removing an expert-supplied contextual instruction while retaining the transcript, category definitions and
other analysis settings asks how much the classifications depend on that instruction. Before running the comparison,
state what change is expected and which output will be compared. Keep other relevant conditions matched and compare
the difference with variation under an unchanged configuration.

Check that the intended change reached the configuration or prompt actually used by the analysis. Compare outputs
for matching source units, such as turns or sub-agent spans. Report failures and missing coverage in each condition
alongside differences between conditions for matched units with usable outputs in both.

Removing a category also changes the available answers, so a resulting label change cannot be attributed solely to
the removed category’s usefulness. Removing a report layer addresses a different question: its contribution to human
review requires an appropriate reviewer study. Perturbations that disrupt transcript information or ordering likewise
need an explicit prediction; preserving or losing a signal is not automatically the desirable outcome.

These are user-designed comparisons, supported by configurable inputs and stored outputs. The package does not
provide a general ablation runner or automatically validate custom scanners through perturbation tests. Any claim that
one configuration is more accurate needs an appropriate external assessment.
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Scope of the case study. The case study illustrates how the combined report supports investigation of an agent’s
research process. It does not provide a controlled estimate of reviewer time saved, findings missed or improvements in
review decisions. Nor does it isolate the contribution of behavioural classification from that of making a long transcript
navigable. Claims about classification accuracy or reviewer benefit require evidence tied to the relevant rubric, package
version and evaluation setting.

Documenting validation evidence. Users should document what their categories are intended to represent, what
assessment has been performed, the reference and data used, and the conditions to which the evidence applies.
Distinguish expert review of category definitions from assessment of their application, and state when evidence is
absent, preliminary or limited in scope. The package does not maintain a dedicated validation-status record; users must
retain this documentation separately. Recording a status does not establish validity.

A.6 Extending the analysis

Custom scanner outputs can be converted into dataframes for further analysis or use in timeline layers and other report
elements. Users can also model or analyse the dataframes generated by Transect and incorporate the resulting figures
or other outputs as custom report elements. Users pass Layer objects through extra_layers. A layer can specify a
scanner and a function that builds its dataframe, or accept an existing dataframe. It can also define report elements and
phase-card tags. A custom report element therefore need not introduce another scanner. Custom tables are available
through results.layer_frames, keyed by layer name. The returned dataframes also support separate dashboards,
figures or summaries.

Custom scanners. Custom scanners can extract structural information or ask judge models to classify behaviour.
For example, a structural scanner might identify recorded test failures, while a judged scanner might classify research
activities using a family-specific rubric. Each scanner is registered with Scout’s @scanner decorator and supplied
through a layer. Its results are saved in the Scout scan store and can be converted into a custom dataframe.

For classifications of individual items, cohort_llm_scanner provides shared judging support (Section A.5), including
voting, optional verification and judge metadata. Tasks such as phase segmentation need additional logic to carry
context between items; the built-in decision_phases scanner provides an implementation reference. Reusing the
helper does not establish the validity of a custom rubric.

For custom classifications using cohort_llm_scanner, a loader can group several units into a window. With
batch=True, the scanner judges that window in one initial call per member and retains separate results for each
unit. Voting and any verifier review operate per unit. Results identify units with missing answers. For example,
reasoning_turns(batch=N) with N > 1 groups up to N eligible main-agent turns. This loader’s digests contain
available recorded reasoning, message text, tool names and delegation information. Turns containing only readable
reasoning are eligible. The loader excludes recognised OpenClaw failure placeholders and turns with no text, readable
reasoning or delegation information. Custom loaders can define different classification units and eligibility rules.

We recommend provenance and reliability review for every custom scanner. Record its inputs and method, the available
evidence and any gaps. For structural scanners, document source coverage and extraction settings, distinguishing
extracted, inferred and unavailable values; repeatability alone does not establish complete or correct extraction. The
package offers an opt-in report audit for judged layers whose dataframes satisfy its audit contract. Other outputs require
checks appropriate to their data and intended use; the package does not enforce universal audit coverage.

Custom report elements. A layer’s section defines how its results appear in the report. Built-in report blocks
display numeric turn-by-turn charts, categorical bands, spans, event markers, sortable tables and explanatory text.
For further customisation, Component calls a user-supplied function that returns an Inspect Viz component. These
interfaces let users present figures or other outputs from their own modelling or analysis of Transect’s dataframes.
Turn-based displays use the shared timeline; a table or other summary need not be organised by turn.

Blocks with dataframe inputs can read the layer’s dataframe or an explicitly supplied dataframe. If the dataframe
includes transcript_id, rendering selects rows for the current transcript; otherwise it reuses the supplied data for
each transcript. A custom Component function receives the current transcript’s context and must select any additional
data it uses appropriately. Users should preserve transcript identity when an analysis is run-specific, so its outputs are
not inadvertently repeated in other reports.

Custom report controls. A layer’s tags setting maps categorical columns in a per-turn dataframe to named tag
groups. These tags appear on phase cards, provide filters for finding relevant episodes, and add grouping choices to the
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token-use display. For example, a custom research-activity classification can let reviewers filter cards by activity and
inspect token use under the same categories. Numeric analysis outputs can instead be shown in charts or tables.

Users set section_order when generating or regenerating a report. It places the listed sections in the requested order,
then appends any remaining sections in their default order. Each transcript’s reliability audit follows its ordered sections,
and the run-wide Scan execution & coverage section closes the report. This controls report layout without changing the
underlying classifications. The optional sensitivity setting adds a user-supplied protective marking to the report
title and fixed banners at the top and bottom. No marking is added by default.

Reading signals together. The shared timeline lets reviewers examine several aspects of the same episode. For
example, they can inspect a context-compaction marker alongside a change in the activity label and a rise in token use,
then return to the transcript to investigate what happened. The source records and scanner audit help reviewers assess
how each signal was produced and what its available diagnostics support (Section A.5). A missing signal may reflect
incomplete logging, a scanner that did not run, or a classification failure; it does not by itself show that the behaviour
was absent.

Signals appearing near one another on the timeline do not establish a causal relationship. Nor do several outputs
necessarily provide independent evidence: they may share transcript excerpts, category definitions, judge models or
derived values. For example, token use grouped by phase depends on the phase labels and cannot independently verify
those labels.

Related signals can still help reviewers identify patterns, inconsistencies and questions for follow-up. When drawing a
conclusion from several signals, document their shared inputs and assumptions and assess what evidence each adds.
The report does not automatically measure dependence or establish the validity of the conclusion.

A.7 Reproducing and scaling analyses

Records to retain. Retain the source transcripts, selected sample and epochs, family Spec, judging settings, custom-
layer definitions and exact scan directory. Record the package revision and relevant dependency and provider-model
versions where available, including local code changes. Together, these records distinguish changes in the evaluation
evidence from changes in how it was processed.

Stored scanner results and dataframes carry useful provenance, including recorded judge identities, label definitions and
decision sources. They do not replace the complete analysis configuration or a record of the software environment.

Stored results, cached responses and fresh judgements. Reloading a scan with load() rebuilds its dataframes
from stored scanner results without calling judge models. A new transect() invocation performs another scan, but
judge calls can reuse Inspect’s response cache when their cache keys match. Repeated calls within a k-roll configuration
use separate roll-specific cache scopes, so a later run can reuse the response from each corresponding roll. A new scan
directory alone does not ensure fresh judge responses.

For each repeat intended to assess judging variation, set INSPECT_CACHE_DIR to a new, empty directory before starting
its analysis process. Verify that relevant calls did not replay cached responses. Caching remains active within each
process. This setting controls Inspect’s model-response cache; custom scanners may have other reuse mechanisms.

Structural extraction makes no model calls, but its outputs can change with the source data, adapter or scanner
implementation. Fresh judged outputs may vary even with unchanged settings; identical outputs are also possible and
do not establish that a model or pipeline is deterministic.

Each transect() invocation on OpenClaw JSONL input imports the supplied files into a fresh transcript snapshot
database under the scans directory. Duplicate transcript identifiers across the supplied files raise an error. Loading a
stored scan does not repeat the import.

Comparing analysis revisions. Before comparing outputs, check that they refer to the same source transcripts and
align the relevant sample, epoch, turn or span identifiers. Record changes to the vocabulary, input processing and
judging settings. A change in category definitions or turn numbering can make a direct label comparison misleading.

When comparing configurations whose judged outputs can vary, estimate unchanged-configuration variation using
fresh judgements under the relevant conditions. This provides context for a changed configuration; it does not supply a
universal tolerance band or establish that a difference is an improvement. Comparisons intended to establish greater
classification accuracy need an appropriate external assessment.
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Documenting configuration choices. Document why a family uses particular categories, thresholds and judge settings,
including their sources, assumptions and changes between analyses. Keep expert-supplied choices distinguishable from
defaults and generated suggestions. The Spec and interface checks constrain the form of the configuration; they do not
establish the scientific justification for its contents. Keep this documentation alongside the Spec and stored analysis,
including the supporting evidence and its limits.

Assistance for users. The package ships skills for coding assistants that guide common tasks. using-transect
covers Spec authoring, running an analysis, reading reports and analysing dataframes. transect-diagnostics
guides investigation of disagreements, missing outputs and judging settings, including the label-renaming diagnostic.
add-a-layer explains how to add scanners, report elements, tags and audit entries. custom-ui guides separate
presentations of the results, including how to retain provenance, judging diagnostics and missing-data information.
These skills provide instructions and examples; users remain responsible for selecting behavioural categories, reviewing
proposed configurations and definitions, recording their sources and assumptions, and interpreting results.

Running python -m transect.skills install from the project directory copies the packaged skills into
.claude/skills for Claude Code. Development-repository hooks for regression checks and other working prac-
tices are separate from this installer. They should not be assumed to run in a user’s package installation or another
coding-assistant environment.

Cost and runtime. Judged-analysis cost depends on input text, the number of classification units, judging regime,
verifier coverage, narration and response-cache reuse. Longer transcripts may require more phase-classification chunks;
additional sub-agent spans or custom items may require more classifications. Repeated calls and cohort members add
judging work, while cached responses can avoid provider requests. API charges depend on the chosen models’ input,
output and cache prices. Tokens used for analysis are separate from the evaluated agent’s token totals.

Structural analysis requires computation, storage and report generation without calling judge models. Concurrency,
batching and provider limits also affect runtime, which cannot be inferred directly from token counts or API charges.
Custom-scanner batching groups initial classifications into shared calls (Section A.6); verifier reviews can add calls. No
speed or cost advantage is established here.

Scaling oversight. Users can add scanners, relevant context or role-specific rubrics, or choose alternative judge
models, to address further evaluation questions through the shared tables and report. These additions can also increase
cost, disagreement and shared errors; more context or more judges need not improve classification quality.

Provenance and reliability audits help users inspect outputs, identify missing evidence and select findings for human
review. Users can then assess whether further analysis is worth its cost and what confidence the evidence warrants.
Demonstrating improved accuracy, reviewer performance or cost-effectiveness requires an appropriate comparison.
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