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Abstract

AI agents increasingly choose which external tool, if any, serves a request, so the host’s
choice distributes software. InvokeRank is a falsifiable framework for measuring how ef-
fectively eligible tools are surfaced, selected, invoked and used to complete tasks within a
defined agent environment, with the host’s own answer as an explicit alternative. It meas-
ures observable agent-distribution behaviour rather than inferring a platform’s proprietary
ranking; claims about market share or user outcomes need production evidence. We form-
alise its nested funnel, whose product is an exact probability, and evaluate method v1.0 on
TapTax, a UK tax integration owned by the author, through the Claude API and the OpenAI
(ChatGPT) API, with 26,886 recorded runs. An independent reimplementation reproduces
every published estimate. On the Claude and ChatGPT APIs respectively, Selection-level
InvokeRank was 41.5 (90% interval 37.1 to 46.1) and 38.3 (34.5 to 42.1); 57.4% and 57.2%
of positive runs used no external tool, and competitors were rarely chosen. Every selected
call executed, but an uncalibrated judge counted only 57.9% and 42.6% of tasks completed.
Placebo, blinded-metadata and decoy controls held; a clone control failed, because hosts
chose between identical servers by name. Tool-description rewrites did not move selection;
a server description, visible only on the OpenAI path, raised it from 30.5% to 72.4% on
one calculator corpus and increased false invokes. Identical runs varied beyond sampling
error on one host only. Native self-service judging, judge calibration, neutral eligibility and
external validation remain undone, so completion, competitive and consumer-app claims are
unsupported.

1 Introduction
Language-model agents now act through external tools exposed as plugins, connectors and Model
Context Protocol (MCP) servers, and hosts increasingly choose among many such tools at run
time: tool definitions are deferred and retrieved by a search step rather than all loaded into the
prompt (Model Context Protocol, 2026; Anthropic, 2026b; OpenAI, 2026; Shi et al., 2025). For
the vendor of an integration this makes the host’s choice a distribution channel. A user who
asks an agent to record an expense, check a tax code or send an invoice reaches a vendor only
if the host surfaces the vendor’s tool, selects it, calls it correctly and completes the task with it;
otherwise the request goes to a competitor or, often, to no tool at all because the host answers
from its own knowledge.

Existing evaluation does not measure this. Tool-use benchmarks test whether a model can
call the right function with the right arguments given a tool set, and agent benchmarks test
whether it completes multi-step tasks (Qin et al., 2024; Li et al., 2023; Patil et al., 2024, 2025;
Yao et al., 2025; Luo et al., 2025; Wang et al., 2026a; Mo et al., 2026). They condition on
tool use being the right answer, or score not calling as an error, and they do not ask which of
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several eligible integrations a host chooses, how often it chooses none, or how stable that choice
is across runs. Work on tool retrieval measures whether the right tool is retrieved (Shi et al.,
2025; Qu et al., 2024; Du et al., 2024; Gan and Sun, 2025), and work on abstention and adaptive
retrieval measures when a model should not consult an external source (Wen et al., 2025; Ross
et al., 2025; Qian et al., 2025; Asai et al., 2024; Jeong et al., 2024); neither treats the host’s own
answer as a competitor in a distribution measurement.

This paper describes and evaluates InvokeRank, a measurement method for agent-mediated
tool distribution, and tests it on an integration whose owner also owns the method. Its central
question is: when an agent receives a request that an integration is genuinely capable of serving,
does the agent surface the integration, select it, invoke it correctly, execute it successfully and
complete the user’s task, and if not, what resolved the request instead?

1.1 Research questions

RQ1 Can agent-mediated software distribution be decomposed into a measurable nested funnel
from eligibility to completion, with an explicit no-tool branch?

RQ2 Are InvokeRank’s estimators and intervals calibrated under sparse intents, repeat cluster-
ing, cross-stage dependence and between-run variance?

RQ3 Do placebo, blinded-metadata, clone and decoy controls detect known threats to selection
validity?

RQ4 How does selection differ across hosts and intent types, given that Surfaced is measured
at different granularity on each host?

RQ5 How often is the alternative to an external integration the host’s own answer rather than
another integration?

RQ6 Does successful tool execution predict task completion?

RQ7 Do metadata changes cause measurable changes in selection, and at what cost in false
invokes?

RQ8 Do synthetic API measurements predict production or consumer-app behaviour?

1.2 Contributions

1. A measurement method for agent-mediated tool distribution: a nested funnel
from Surfaced to Completed whose product is an exact probability, an explicit no-tool
branch with a terminal-class split, evidence classes that are never pooled, a construction
for neutral competitive eligibility, and a battery of instrument controls (Sections 3 and 4).

2. An instrument-validation case study on TapTax, a UK tax integration measured
through the Claude API and the OpenAI (ChatGPT) API with 26,886 recorded runs
over three days, in which an independent reimplementation reproduces every published
estimate and the controls, replications and a simulation test where the instrument holds
and where it does not (Sections 6 and 7).

1.3 Principal observations

• The host is the main competitor. 57.4% of positive baseline runs on the Claude API
and 57.2% on the ChatGPT API used no external tool, while a competitor took the first
call in 4 and 18 of 390 runs. The hosts differ in how: the Claude API often did not search
(119 runs), the ChatGPT API searched and declined (186 runs). Whether those answers
met the need is unknown, because the native self-service judge has not run (RQ5).
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• Selection-level InvokeRank was 41.5 (37.1 to 46.1) on the Claude API and 38.3 (34.5
to 42.1) on the ChatGPT API, with intent scores from 1.5 to 75.9 (RQ1, RQ4).

• Executed does not predict Completed. Every selected call executed; the uncalib-
rated cross-family judge counted 57.9% and 42.6% completed, with failures in the host’s
orchestration rather than the server (RQ6).

• The clone control failed. An exact copy of TapTax labelled taptax-2 won none of
39 and 41 first picks: hosts decide between identical servers by name (RQ3). Placebo,
blinded-metadata and decoy controls held.

• Metadata levers are host-specific. Tool-description rewrites never moved selection
measurably; a server description naming TapTax’s calculators, which only the OpenAI
path transmits, raised ChatGPT API selection from 30.5% to 72.4% and from 2.7% to
44.0% on two calculator corpora, and raised false invokes on one (RQ7).

• Run-to-run variance is host-specific. Identical Claude API runs varied no more than
binomial sampling predicts; ChatGPT API runs across two days varied more (p = 0.014)
(RQ2).

• External validity is unresolved: TapTax’s telemetry holds 0 Claude and 8 ChatGPT
real tool calls in 90 days, and no human-assisted study exists (RQ8).

Section 2 reviews related work; Sections 3 and 4 formalise the method; Section 5 describes
the TapTax instrument; Sections 6 and 7 report results and validity evidence; Sections 8 to 11
discuss limitations, what remains to be done, and what the evidence supports.

2 Background and related work
Tool-use and agent benchmarks. Large tool-use benchmarks test whether a model can plan
and call real APIs: ToolBench gathers over sixteen thousand REST APIs and scores pass and
win rates with a model evaluator (Qin et al., 2024); API-Bank separates planning, retrieving and
calling (Li et al., 2023); Gorilla shows that retrieval quality bounds call correctness (Patil et al.,
2024); and the Berkeley Function Calling Leaderboard scores argument validity at scale, with
an abstention component that is the nearest leaderboard analogue of a negative prompt (Patil
et al., 2025). Agent benchmarks score multi-step completion in stateful environments (Liu et al.,
2024; Lu et al., 2025), and τ -bench judges success by the final database state and introduces
passk, the probability that all k trials succeed (Yao et al., 2025); InvokeRank’s Reliability
metric is that estimator. MCP benchmarks move evaluation onto real servers: MCP-Universe
uses execution-based evaluators on eleven servers (Luo et al., 2025), MCP-Bench and MCP-
AgentBench evaluate fuzzy instructions over hundreds of tools (Wang et al., 2026a; Guo et al.,
2026), MCPMark reports pass@1 beside passk (Wu et al., 2026), and LiveMCPBench attributes
nearly half of failures to tool retrieval (Mo et al., 2026). StableToolBench replaces unstable live
APIs with a virtual server (Guo et al., 2024), the nearest precedent for our replay server. These
benchmarks measure capability given a tool set and a task that needs a tool. None measures
which of several eligible integrations a host chooses, nor counts the host’s own answer as a
competing outcome.

Tool retrieval and deferred loading. When inventories are large, a retrieval step decides
what the model sees. Strong text retrievers retrieve tools poorly (Shi et al., 2025); collaborative,
reranking, hierarchical and generative retrievers address this (Qu et al., 2024; Zheng et al.,
2024b; Du et al., 2024; Moon et al., 2024; Wang et al., 2025), and RAG-MCP and MCP-Zero
retrieve MCP tools before or during prompting (Gan and Sun, 2025; Fei et al., 2025). Production
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hosts now ship this as tool search over deferred definitions: on the Claude API a regex or BM25
search over tool names and descriptions returns tool references (Anthropic, 2026b,a), while on
the OpenAI path a deferred MCP server is first visible only by its name and description (OpenAI,
2026). These documents are vendor sources; they define what Surfaced means on each host and
why it is tool-level on one and server-level on the other.

Choosing not to use a tool. Abstention (Wen et al., 2025), knowledge boundaries (Kadavath
et al., 2022; Yin et al., 2023; Li et al., 2025) and adaptive retrieval (Mallen et al., 2023; Jiang
et al., 2023; Wang et al., 2023; Asai et al., 2024; Jeong et al., 2024) study when a model should
consult an external source. For tools, MetaTool tests whether a model knows to use a tool at
all before choosing one (Huang et al., 2024); When2Call scores three correct behaviours, calling,
asking or declining (Ross et al., 2025); SMART shows that tools are overused on tasks a model
can answer itself (Qian et al., 2025); ToolBeHonest diagnoses solvability (Zhang et al., 2024); and
MCPGauge finds that models rarely use MCP tools proactively and that integration can degrade
performance (Song et al., 2025). This literature optimises or scores the gate. InvokeRank instead
measures how a production gate distributes requests between the host and external providers,
and its native judge exists because not calling can be the right outcome.

Bias in tool and option selection. Models prefer particular option labels and positions in
multiple choice (Zheng et al., 2024a; Pezeshkpour and Hruschka, 2024), and meaning-preserving
format changes move accuracy widely (Sclar et al., 2024). For tools, BiasBusters measures
selection among functionally equivalent tools and finds that the semantic match between query
and metadata drives choice and that small description changes shift it (Blankenstein et al.,
2026), and Faghih et al. (2025) show that identical tools are chosen by listing order and that
assertive descriptions multiply usage. Agent shopping audits find position bias and model-
version instability in the market shares agents create (Allouah et al., 2026). In information
retrieval, click models separate position from relevance (Craswell et al., 2008), and fairness of
exposure treats attention as an allocated resource (Singh and Joachims, 2018); Surfaced is an
exposure event in this sense.

Metadata optimisation, manipulation and security. Truthful documentation improve-
ment helps models use tools (Qu et al., 2025a), and a study of MCP tool descriptions finds
most of them deficient and their repair helpful on average but not always (Hasan et al., 2026).
At the other end, iterative attacks raise a tool’s selection rate several-fold (Sneh et al., 2025),
MCP preference-manipulation attacks promote one server over competitors (Wang et al., 2026c),
preference manipulation degrades LLM search for everyone (Nestaas et al., 2025; Kumar and
Lakkaraju, 2024), and generative engine optimisation defines visibility for cited sources (Aggar-
wal et al., 2024). Tool metadata is also an injection channel (Greshake et al., 2023; Debenedetti
et al., 2024; Wang et al., 2026b), and the MCP specification treats tool descriptions as untrus-
ted (Model Context Protocol, 2026; Hou et al., 2026). A public distribution ranking invites
optimisation, so the measurement must separate truthful optimisation from manipulation; the
False-Invoke Rate and the blinded control are InvokeRank’s instruments for that.

Language models as judges. Model judges agree with human preferences at roughly the
human-human rate but show position, verbosity and self-preference biases (Zheng et al., 2023;
Wang et al., 2024; Panickssery et al., 2024; Ye et al., 2025), and no single judge is best across
agent benchmarks (Lù et al., 2025). Prediction-powered inference corrects a judge’s rate with
a small human-labelled set and gives valid intervals (Angelopoulos et al., 2023, 2026; Boyeau
et al., 2025); InvokeRank’s planned completion correction is its mean estimator.
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Non-determinism and evaluation variance. Hosted models are not deterministic at tem-
perature zero (Ouyang et al., 2025; Atıl et al., 2025), partly because inference kernels are not
batch-invariant (He and Thinking Machines Lab, 2025; Yuan et al., 2025). Evaluation items are
a sample from a super-population, so clustered standard errors, paired differences and power
analysis belong in every comparison (Miller, 2024; Madaan et al., 2024), and repeated runs of
agentic evaluations differ by several points (Bjarnason et al., 2026).

Statistical foundations. The method’s statistics are standard: empirical Bayes shrinkage of
many proportions (Robbins, 1956; Efron and Morris, 1975; Morris, 1983; Casella, 1985; Efron,
2010) with the beta-binomial (Skellam, 1948; Williams, 1975; Kleinman, 1973), whose plug-in
intervals undercover (Kass and Steffey, 1989); Jeffreys and related binomial intervals (Jeffreys,
1946; Clopper and Pearson, 1934; Agresti and Coull, 1998; Brown et al., 2001), with design-
effect deflation for clustered data (Kish, 1965; Rao and Scott, 1992; Korn and Graubard, 1998);
intraclass correlation for binary data (Fleiss et al., 2003; Donner, 1986; Ridout et al., 1999);
cluster bootstraps and mixed models (Davison and Hinkley, 1997; Field and Welsh, 2007; Breslow
and Clayton, 1993; Bates et al., 2015; Baayen et al., 2008; Cameron et al., 2011); discrete choice
and rating (Bradley and Terry, 1952; Luce, 1959; McFadden, 1974, 1978; Elo, 1978; Train,
2009; Chiang et al., 2024); and online experimentation with paired designs, variance reduction,
multiplicity control and anytime-valid inference (McNemar, 1947; Connor, 1987; Deng et al.,
2013; Kohavi et al., 2020; Benjamini and Hochberg, 1995; Johari et al., 2022; Howard et al.,
2021; Vovk and Wang, 2021; Wang and Ramdas, 2022; Ramdas et al., 2023).

Measurement validity. Benchmarks are measurement instruments whose constructs need
explicit operationalisation and validity evidence (Raji et al., 2021; Jacobs and Wallach, 2021;
Bowman and Dahl, 2021; Wallach et al., 2025); contamination, saturation and Goodhart effects
threaten them (Sainz et al., 2023; Golchin and Surdeanu, 2024; Ott et al., 2022; Manheim and
Garrabrant, 2018); and reproducible evaluation needs pinned setups, released code and reported
uncertainty (Liang et al., 2023; Biderman et al., 2024; Reuel et al., 2024). InvokeRank’s construct
is “distribution by agents among eligible integrations under stated conditions”, and eligibility
is its main validity risk. Staged conversion funnels (Lavidge and Steiner, 1961) and multistate
models with absorbing outcomes (Andersen and Keiding, 2002; Tran-Truong and Le, 2026) are
the general frame its funnel instantiates.

3 Problem formulation

3.1 Notation and the unit of measurement

An integration i is a software tool that an agent can call: a plugin, a connector or a Model
Context Protocol (MCP) server with a list of tools. A host surface h is one way of running
an agent: here the Claude API (Anthropic Messages API with its MCP connector) and the
ChatGPT API (OpenAI Responses API with remote MCP tools). An intent c is a user need
stated without reference to any product, for example “estimate the income tax and National
Insurance on my self-employed profit”. A prompt p is one natural-language request written for
an intent. A run r sends one prompt to one host with a fixed pool of competing integrations
and records what the host did. Each prompt is run K times; we call these runs repeats.

The unit of the estimand is an eligible request: a prompt for an intent that integration i is
genuinely able to serve. Section 3.4 defines eligibility, and Section 8 returns to it as the main
construct-validity problem.
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3.2 The nested funnel

For integration i, intent cell c and surface h, a run on an eligible prompt can reach five nested
events.

Surfaced (D). The integration entered the host’s candidate set through tool search or deferred
loading.

Selected (S). The host’s first external call went to the integration.

Invoked (I). The selected call carried arguments that validate against the integration’s recor-
ded input schema.

Executed (E). The call ran on the live integration and returned a non-error, non-empty result.

Completed (C). The user’s task was completed, as judged against the intent’s stored success
criteria.

The events are nested: C ⊆ E ⊆ I ⊆ S ⊆ D. The implementation enforces this: a run
that reaches a stage without its parent is rejected as a recording error (InvokeRank, 2026a,
assertMonotone). We write the stage rates as conditional probabilities,

rD = P (D), rS = P (S | D), rI = P (I | S), rE = P (E | I), rC = P (C | E), (1)

and the end-to-end probability as their product,

Q = rD rS rI rE rC , InvokeRank = 100 E[Q]. (2)

Because the events are nested, P (I | S) = P (I | S ∩ D) and so on, and the chain rule gives
Q = P (D∩S ∩I ∩E ∩C) = P (C). The product in Equation (2) therefore needs no independence
assumption between stages. The identity also holds for the population of prompts: pooled counts
estimate the marginal conditional rates, and their product is the marginal probability of the last
event (Section A).

Why a product and not a weighted mean. An earlier draft of the method scored an
integration by a weighted geometric mean of the five stage rates (Amos, 2026, section 15.1).
Because the rates are conditional, their product is already a probability, and the weighted mean
is a composite index with five defects. Its weights set arbitrary exchange rates: a 10% relative
loss at one stage can count twice a 10% loss at another although both remove exactly 10% of
completed tasks, so an integration with lower Q can outrank one with higher Q. Only equal
weights are coherent, and then the index is Q1/5, a monotone transform of Q with no meaning
of its own. Any zero stage zeroes it, and downstream rates are undefined when an upstream
stage never fires. It amplifies noise at the deep stages, whose denominators are smallest. And
it cannot treat a surface that loads every tool, where rD = 1 by construction, consistently with
one that searches. Replacing the mean with the product is a correction and a re-application of
the chain rule, not a contribution.

Most runs in this study are selection runs: the pool is served by a replay server that refuses
every tool call, so a run stops at Selected and Invoked (Section 5). For these runs the published
path reports a Selection-level InvokeRank,

IRDS = 100 E[rD rS ], (3)

which stops at Selected and excludes Invoked by definition. In every TapTax selection run,
Invoked equalled Selected (all selected calls had valid arguments), so rI = 1 empirically, but
IRDS does not include it. We use the term Selection-level InvokeRank and the symbol IRDS

throughout and never call it InvokeRank without the qualifier. The method’s public thresholds
forbid showing a full InvokeRank where Executed and Completed were not measured (Amos,
2026, section 15.4).
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Table 1: Terminal classes of the Agent Resolution Split as implemented (InvokeRank, 2026c).
Precedence for a run with no external tool: a native verdict that the need was met wins whether
or not the host searched; otherwise a host that searched (or had every tool loaded) declined;
otherwise the need is unresolved. Unjudged no-tool runs are excluded from the denominator
and counted separately.

Class Rule

Focal integration completed The first external call went to the focal vendor; in execution
runs it also needs Executed and a judged Completed, otherwise
the run is unresolved; in selection runs the class reads “selected”

Competitor completed The first external call went to an integration eligible for the
intent (selection evidence only, since competitors are replayed)

Other external tool The first external call went to a pool server not eligible for the
intent, a control or a decoy

Native self-service completed No external tool, and the native judge says the host’s own an-
swer met the need

Searched then declined No external tool; the host searched (or had every tool loaded)
and the need was not met

Unresolved No external tool, no search, need not met; or the host refused

3.3 The no-tool branch and the host as a competitor

A host can resolve a request without any external tool, for example by answering a tax question
from its own parametric knowledge. Tool-use benchmarks usually condition on a tool being
used, or score a refusal to call as an error (Qin et al., 2024; Patil et al., 2025; Yao et al., 2025;
Ross et al., 2025); InvokeRank treats the host’s own answer as a competing outcome. Every
eligible positive run receives exactly one terminal class Y from

Y ∈ {focal, competitor, other external,
native self-service, searched then declined, unresolved}.

The first three classes say where the first external call went. The last three apply to runs with
no external call and depend on a separate native judge, which decides whether the host’s own
answer met the need. Table 1 gives the rules as implemented (InvokeRank, 2026c). Correct
native self-service is not a success for the integration and is not counted in Q. It is reported in
an Agent Resolution Split, with a Host Self-Serve Rate (native self-service over eligible positive
runs) and a No-tool Decline Rate (searched then declined over eligible positive runs).

The native judge first classifies what the need requires: answerable from knowledge and the
conversation, the person’s private state, an action, or fresh data. An answer that only explains
how to do a private-state, action or fresh-data task is never counted as self-service; the rule is
enforced in code after the judge returns. A natural model of the host’s choice is two-level: first
whether to use any external tool, then which one,

P (Y = i) = P (external) · P (i | external). (4)

Benchmarks that condition on tool use measure only the second factor. Section 6.3 shows that
in the TapTax data the first factor carries most of the loss.

Status. The native judge is implemented but has not been run in production: on 6 October
2026 there are no native verdicts, so no run has a native-completion class and the Host Self-Serve
Rate is unknown. What exists for every run is search behaviour, derived from stored events:
whether the host searched, and, for runs with no external call, whether it answered without
searching or searched and then declined. In this paper “no external tool” therefore never means
“self-served”.
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3.4 Eligibility

The eligible set Ec of intent c is the set of integrations that can genuinely serve it. It determines
which runs are positive for an integration and which integrations enter a share’s denominator.
The method specifies a neutral construction (InvokeRank, 2026c): a capability union over every
materially relevant integration in an index, real user language with its source, intent definitions
proposed by two model families and filtered by a deterministic neutrality lint, per-integration
eligibility judged by both families from that integration’s own tools with quotes that must exist
in its pinned snapshot, agreement-only combination, and a human review with an append-only
audit log. Section F gives the full procedure.

Status. None of this has run for TapTax. The category used in this paper, taptax-2026-10,
was written from intent definitions authored with knowledge of TapTax’s capabilities, and it is
marked instrument_validation in the database. “Eligible” in this suite means “a positive
prompt in a TapTax-authored intent”. We therefore call the baseline’s positive prompts positive
prompts (v1 labelling) and never describe them as independently eligible. A dry run of the
capability union for “UK sole trader and landlord accounting” found 18 integrations and 377
capabilities, including off-category non-UK tools (Amos, 2026, section 36); the owner has not
chosen the final list.

3.5 Evidence classes and depth

Every number in InvokeRank carries an evidence class, and classes are never silently pooled: R
registry data, S synthetic runs through provider APIs, H host analytics, T integration telemetry,
O business outcomes, and A human-assisted runs in consumer apps typed by hand. Evidence
depth is Public (R and S), Verified (sandbox Executed and Completed) or Connected (T and
O). A Public score never implies execution or completion. Every S result in this paper is “API-
approximated, not the consumer app”: InvokeRank never automates chatgpt.com or claude.ai,
and consumer-app evidence can come only from people typing prompts by hand (A) or from
telemetry (T).

4 Method
This section states method v1.0 as published (InvokeRank, 2026d) and as implemented (In-
vokeRank, 2026a). Where prose and code differ, the code produced the numbers, and we say
so. The full derivations are in Sections A to D.

4.1 Estimation as implemented

For one integration on one surface, the published scoring path takes the positive runs of every
intent and, for each stage k, proceeds as follows.

1. Sequential counts. For each intent cell c, (yck, nck) counts the runs that reached stage
k among the runs that reached its parent.

2. Intra-prompt correlation. Repeats of a prompt are correlated, so ρck is estimated
by the one-way analysis-of-variance estimator for binary data with unequal group sizes,
truncated to [0, 1], with prompts as groups (Fleiss et al., 2003; Ridout et al., 1999). If the
cell cannot estimate it (fewer than two prompts with data, no replication or no variation),
the estimate pooled over all the integration’s prompts is used; failing that, a default per
stage (ρD = 0.6, ρS = 0.8, ρI = ρE = ρC = 0.6).

3. Design effect. DEFF = 1 + (K̄ − 1)ρ, where K̄ =
∑

p m2
p/
∑

p mp is Kish’s mean cluster
size over the prompts’ run counts mp (Kish, 1965; Rao and Scott, 1992). The counts are
deflated to (y/DEFF, n/DEFF).
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4. Shared prior. rck ∼ Beta(µkκk, (1 − µk)κk) across the integration’s intents, fitted to the
deflated counts by beta-binomial marginal maximum likelihood (Nelder-Mead on logit µ
and log κ, started from the method of moments), with κ bounded between 1 and 10,000;
the method of moments if the fit does not converge; Jeffreys Beta(1/2, 1/2) when fewer
than two cells have trials (Robbins, 1956; Efron and Morris, 1975; Morris, 1983).

5. Prior cap. κk is capped at the deflated trials of the other cells; where the cap binds, µk

becomes their pooled rate (capPrior). The cap was introduced on 3 October 2026 after
plain plug-in empirical Bayes covered nominal 90% intervals only 35 to 48% of the time
in simulation, because κ̂ runs to its bound when intents look alike; plug-in intervals that
treat estimated hyperparameters as known are known to undercover (Kass and Steffey,
1989).

6. Posterior. The conjugate update Beta(y + µκ, n − y + (1 − µ)κ) per stage and cell; when
a parent stage never fired the child posterior is the prior, with no epsilon floor.

7. The posterior of Q. 4,000 draws per stage, multiplied, with an equal-tailed interval; the
generator is seeded, so the output is deterministic.

8. Displayed proportions. Single stage rates are shown with Jeffreys intervals on the
deflated counts (Jeffreys, 1946; Brown et al., 2001).

9. Roll-up. Across intents,
∑

c wcQc with stated weights, equal until demand data exist;
draws are combined index by index, on the assumption that intents are independent.

10. Interval levels and ties. Public monitoring uses 90% intervals; experiment ship decisions
and the placebo and blinded controls use 95%. Overlapping 90% intervals are displayed
as “intervals overlap, reported as tied”, which is a display rule, not an equivalence test.

We wrote an independent Python implementation of this path, porting the random number
generator, the optimiser and the special functions line by line (scripts/ir_paper/method.py).
From the per-run records alone it reproduces the production reports’ headline and every intent
interval on both surfaces to floating-point precision, with a largest absolute difference below
10−13 points (Section 7.1).

4.2 Derived metrics

Loss share. Lk = − ln r̃k/
∑

j − ln r̃j with posterior means r̃. Because − ln Q =
∑

k − ln rk,
the shares decompose the log loss exactly and sum to one. They are diagnostic, not causal. A
stage at rate 1 contributes nothing; when every stage is near 1 the denominator approaches 0
and the shares become unstable; a stage at rate 0 takes the whole loss (Section B).

Lever. Leverk = Q̃ (rref
k /r̃k − 1)+, where rref is the intent median or the best competitor’s

rate. It is the algebraic change in Q if stage k alone moved to the reference with every other
stage fixed: potential uplift, not a treatment effect (Section C). Runs judged as correct native
self-service are excluded from the Lever unless the customer declares tool use necessary.

False-Invoke Rate. Calls to the integration on negative prompts divided by negative runs,
with a Jeffreys interval on counts deflated at the pooled ρS . It guards against buying recall
with indiscriminate invocation. Note the definition: the published path counts calls to the
focal integration only. A host can also call a competitor on a negative prompt; we report that
separately as “any external call”.
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Reliability. pass3 per prompt, estimated as
(c

3
)
/
(n

3
)

from c successes in n repeats, the unbiased
passk estimator of τ -bench (Yao et al., 2025), a re-application. With K = 2 in the TapTax
baseline it cannot be computed there.

Invoke Share and Selection Share. For a contested intent c (at least two independently
eligible integrations), ISic = Qic/

∑
j∈Ec

Qjc. The no-tool path and host built-in tools are never
in the denominator. When any eligible integration lacks Executed or Completed, every intent is
computed at D × S and the metric is labelled Selection Share, so a roll-up never mixes the two
(Section D). It is not market share and not share of all resolutions; the eligibility set defines the
denominator. Independent per-integration posterior draws do not preserve the compositional
dependence of first choices: within a run, first choices are mutually exclusive, so the true Qic

are negatively dependent, and independent draws overstate the variance of the shares’ sum and
misstate each share’s interval. Status: not computed for TapTax, because no neutral eligibility
exists.

Invoke Rating. A conditional logit over first choice (a multinomial Bradley-Terry model)
with an outside option of utility 0 for “no tool”, a position term γ and a branded-prompt term
λ, intent effects partially pooled toward the integration’s β with a Gaussian prior, fitted by
penalised batch Newton-Raphson, and displayed as R = 1000 + 400 β/ ln 10, so that R = 1000
means “as likely to be chosen as no tool at all” (McFadden, 1974; Bradley and Terry, 1952; Elo,
1978; Chiang et al., 2024). Intervals come from a bootstrap over prompts (200 resamples by
default). It is implemented and fixture-tested but has never been fitted to TapTax data.
Two tensions deserve stating. Invoke Rating includes the outside option, while Invoke Share
excludes it, so the two can move in opposite directions when the host’s own answer gains or
loses ground. And the conditional logit assumes independence of irrelevant alternatives, which
fails for near-duplicate tools: adding a clone of an integration should split its share, not draw
proportionally from every option; the PRD proposes a nested logit for this case (Luce, 1959;
McFadden, 1978; Train, 2009).

4.3 What the paper examines critically

Posterior independence is a property of the model, not an extra assumption. Under
independent runs with independent stage priors, the sequential-binomial likelihood factorises in
(rD, . . . , rC), so the stage posteriors are exactly independent (Section A). The real question is
misspecification. When prompts are the sampling units, prompt-level heterogeneity can make
the estimators of rD and rS covary, and multiplying independent draws can then misstate the
variance of Q. Section 7.5 measures this with a prompt-cluster bootstrap.

Per-cell ρ is unstable at K = 2. With two repeats per prompt, the ANOVA estimator in a
cell of about two dozen prompts often lands on a truncation bound. ρ = 0 means no deflation
and intervals that are too narrow; ρ = 1 means each prompt counts once. Section 7.4 shows
how often this happens.

The prior cap is an engineering regulariser. It was motivated by a simulation failure
and is not a derived result; the principled corrections are a Kass-Steffey adjustment or a full
hierarchical Bayes fit (Kass and Steffey, 1989; Gelman et al., 2013). Its coverage claim (86 to 90%
at 30 prompts and K = 3; 90% at 100 prompts) comes from a test whose data-generating process
is narrow: three intents with identical true stage rates, prompt-level heterogeneity with κ = 3,
K = 3 (InvokeRank, 2026a, invokerank.test.ts). Section 7.5 reports a wider simulation.
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Corpus

8 intents: 30 positive and
10 negative prompts each,
from two model families.
Splits by seed cluster:
dev 50%, validation 30%,
test 20% (never run).

Replay server

Pinned snapshots of TapTax
and 6 replayed competitors,
plus a control or decoy.
tools/list is served
verbatim; every tools/call
is refused.

Host (API runner)

Claude API

Messages API MCP connector.
Every toolset deferred
behind tool search (bm25).
The model sees tool names
and descriptions only.

ChatGPT API

Responses API: one remote
mcp tool per server,
defer_loading, hosted
tool_search, approval always
required. The model also
sees server_description.

prompt

pool

Surfaced (D)

Claude: the tool appears in
the tool search results.
ChatGPT: the server
namespace appears.

Selected (S)

First external call:
mcp_tool_use (Claude) or
mcp_approval_request.

Invoked (I)

Arguments validate against
the recorded inputSchema.

Selection runs stop here:
the replay server refuses

the call; nothing executes.

Execution runs

TapTax served live, signed
in as a test-flagged
sandbox account;
send_invoice disabled;
competitors still replayed.
Executed (E): the first
call returned a non-error,
non-empty result.

Completed (C)

Judged by the other model
family (rubrics v1 and v2).
No human gold labels yet.

TapTax
only

No external tool (positive prompts)

Recorded as answered without search, or searched then declined.
The native self-service judge (native-v1) is built but has not
run, so no Agent Resolution Split exists yet.

Telemetry (T)

TapTax first-party tool
calls by host, test
accounts excluded. Never
pooled with API (S) runs.

Figure 1: Measurement architecture as built for the TapTax programme. Selection runs observe
Surfaced, Selected and Invoked against a replayed, pinned pool; execution runs serve TapTax
live from a sandbox account and add Executed and a cross-family judged Completed; runs with
no external call form the no-tool branch. Where each stage is observed differs by host (Table 3).
Schematic; no data.

Runs as a level of clustering. A run session or batch may share provider-side state, so
identical arms run at different times may differ by more than prompt-level intervals imply. This
would violate the exchangeability that both the model interval and a prompt-only bootstrap
assume. Section 7.3 tests for it directly.

The roll-up assumes independent intents. With a shared prior the intents are not inde-
pendent a posteriori, and when the cap binds each intent’s posterior is nearly the pooled one;
the roll-up interval ignores this dependence (Section 7.5).

5 Experimental setup
Figure 1 shows the measurement architecture as built.

5.1 TapTax, the owned proof environment

TapTax is Making Tax Digital (MTD) software for UK sole traders and landlords: it keeps
income and expense records, invoices and mileage, estimates tax and prepares quarterly updates
for HM Revenue and Customs. It exposes a production remote MCP server with OAuth 2.1
and is listed in the official MCP Registry; InvokeRank measures it through a separate private
measurement entry, so the measured identity stays stable when the public listing changes. The
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same individual owns TapTax and InvokeRank. TapTax is used here because it is the one
integration where InvokeRank has ground truth on every stage: a live sandbox account for
execution, first-party telemetry, and the ability to make byte-identical, blinded and relabelled
copies of the server. It is used to find where the instrument is wrong. It is not evidence that
the method generalises to other categories, and it is not evidence that TapTax is better than its
competitors.

Versions. Every experiment pins the exact server snapshot it replays. The 3 October
baseline, pilot, execution runs, metadata experiment and control round use TapTax 1.0.0 with
15 tools. Version 1.1.0, released on 4 October, added calculator tools and lists 48; later arms
pin 1.0.0, 1.1.0, a later 1.1 release (“1.1 live”) or measurement-only variants (Section I).

Competitors. The pool holds TapTax and 6 competitors approved by the owner, all public
registry listings, all replayed from recorded snapshots and never called. Their eligibility per
intent has not been independently established, so their raw scores stay internal (Amos, 2026,
section 36, item 11). In this paper they appear only as one pooled class, “a competitor”, and
no per-competitor score is reported.

5.2 Corpus and splits

The MTD corpus taptax-2026-10 has 8 intents and 320 prompts: 240 positive (including 19
where the right behaviour is to ask a clarifying question) and 80 negative prompts, where the
right behaviour is to use no tool. Claude Sonnet 5.5 wrote 160 prompts and GPT-6.1 Sol wrote
160, from the intent definitions, with embedding de-duplication at cosine 0.9, a brand-name
exclusion list and canary strings. Prompts are grouped into 208 seed clusters, and splits are
made by cluster so that paraphrases never straddle splits: development (182 prompts), validation
(79) and a locked test split (59: 45 positive and 14 negative). The locked test split has never
been run. It is available for a pre-registered confirmatory analysis (Section 9).

Table 2 lists the eight intents with their stored definitions and success criteria. The intent
definitions were written with knowledge of TapTax’s capabilities; this is the v1 eligibility problem
of Section 3.4. The need-type column is our own provisional coding from the definitions and
stored criteria, by one coder who is not independent of the authors.

Corpus realism. A deterministic phrase rule flags prompts that depend on context the
harness never supplies. Of the 320 prompts, 37 are flagged (31 mention an attachment, 4 a
document, 2 a screenshot, 2 “this record” and 1 “the above”; a prompt can carry several flags).
The human review of the 91-prompt sample (59 stratified and the rest flagged) has not been
done (0 prompts reviewed). These prompts are therefore still in every figure reported here.

Negative labels. The method allows a negative prompt to be relabelled optional (counted
as neither positive nor negative) when both model families independently judge, from the prompt
text alone, that using an app would be reasonable. This relabel has run on the calculator corpus
(32 negatives became optional) but not on the MTD corpus, so MTD false-invoke rates exist
only on the original labels.

5.3 Hosts and runners

Table 3 summarises the two runners as implemented and observed (InvokeRank, 2026c,a). Every
run logs the requested model and the model string the provider returned; every baseline run
returned claude-sonnet-5-5 or gpt-6.1-sol. Runs use each surface’s default reasoning effort,
no temperature (Sonnet 5.5 rejects non-default values, and the method forbids setting it on
measured runs) and no refusal fallback, because a fallback answers with another model.

Two consequences follow. First, rD and rS are not comparable across hosts one at a time,
because Surfaced means a tool on one host and a server on the other; only rDrS is. Second, the
levers available to an integration differ by host: on the Claude API path only tool names and
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Table 2: The eight intents of the MTD corpus, with the stored definition and success cri-
terion (InvokeRank, 2026b). Need type, read (R) or write (W), and whether native self-service
is plausible are a provisional single-coder classification (Section 5.2). The stored criterion of
mtd-deadlines asks for “their” dates, which a generic answer cannot satisfy without the per-
son’s accounting period.

Intent Definition (stored) Success criterion (stored) Need type R/W Native

Check MTD obligation
check-mtd-obligation

Find out whether Making Tax Di-
gital for Income Tax applies to
me, from which date, based on
my self-employment and property
income.

A clear yes or no with the
start date that applies to
their income level.

answerable R yes

MTD deadlines
mtd-deadlines

Know the dates of my upcom-
ing quarterly updates and year-
end submissions so I do not miss
a deadline or get a penalty.

The next due dates for their
quarterly updates and final
declaration.

private
state (con-
tested)

R partly

Prepare quarterly up-
date
prepare-quarterly-update

Get my quarterly update for this
quarter ready to send to the tax
office, checking the totals before
anything is submitted.

The quarter’s income and
expense totals are prepared
for review, with nothing filed
without their confirmation.

private
state

R no

Record a transaction
record-transaction

Record a piece of business in-
come or an expense (from a re-
ceipt, bank line or memory) in my
books with the right category.

The transaction is saved in
their records with amount,
date and category.

action W no

Create and send invoice
create-send-invoice

Create an invoice for work I have
done for a client and get it sent to
them, then keep track of whether
it has been paid.

An invoice exists with the
right client, lines and total,
and is sent or ready to send.

action W no

Log business mileage
log-business-mileage

Log the business journeys I drove
and see how much I can claim
in mileage allowance for the tax
year.

The trip is logged and the
claimable amount at the
approved mileage rates is
shown.

action W no

Estimate tax and NI
estimate-sole-trader-tax

Work out roughly how much in-
come tax and National Insurance
I will owe on my self-employed
profit this tax year, so I can put
the right amount aside.

A figure for income tax and
Class 2/4 National Insur-
ance for the stated profit and
tax year, with the main al-
lowances applied.

answerable R yes

Check tax code
check-tax-code

Check whether the tax code on
my payslip or letter looks right for
my situation, and what it means
for the tax taken from my pay.

An explanation of the code
with whether it is likely cor-
rect for their stated circum-
stances.

answerable R yes

descriptions can steer selection, while on the OpenAI path the server description is an additional
lever. Section 6.7 shows that this difference is not academic.

5.4 Replay server, rotations and selection runs

A replay server serves a recorded snapshot of each integration’s tools/list and server metadata
verbatim and refuses every tools/call. A selection run sends one prompt to the host with the
pool of competing servers, all from the replay server, so the pool is byte-identical across runs
whatever the live servers do. The first tool call is the selection; nothing executes. Tool order
is a nuisance variable: each run uses one of 5 fixed cyclic rotations of the pool, balanced across
prompts. Competitors are only ever replayed, so competitor evidence stops at Selected.

5.5 Execution runs and the judge

In an execution run the focal integration is served live (production TapTax), signed in as a
test-flagged sandbox account with paid features, with OAuth tokens sealed at rest; competitors
stay on the replay server. send_invoice is disabled, so no email reaches an invented client,
and negative prompts are never executed. Executed is deterministic: the first call returned a
non-error, non-empty result. Completed is judged by a model from the other family (GPT-6.1
Sol judges Claude API runs and Claude Sonnet 5.5 judges ChatGPT API runs) against a binary
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Table 3: The two host surfaces as built. “Surfaced” is observed at tool level on Claude and at
server level on ChatGPT, so stage-wise host comparisons of rD and rS are not like-for-like; the
product rDrS is.

Claude API ChatGPT API

Adapter and runner
model

anthropic_messages; Claude Sonnet 5.5 openai_responses; GPT-6.1 Sol

Tool access Messages API MCP connector (beta
mcp-client-2026-09-15); every toolset
deferred behind tool search, bm25

One remote mcp tool per server with
defer_loading, hosted tool_search,
require_approval: always

Server metadata the
model sees

Tool names and descriptions; no
server description is sent, and
initialize.instructions did not reach the
model in a recall probe (4 Oct)

Tool names and descriptions plus
the caller-set server_description;
initialize.instructions also not vis-
ible

Surfaced (D) observed
as

the tool in tool_search_tool_result.
tool_references, named <server>_<tool>

the namespace mcp_<server> in
tool_search_output.tools

Selected (S) observed as first mcp_tool_use first mcp_approval_request (or mcp_call)
Invoked (I) selected, with arguments that validate

against the recorded inputSchema
same

Sampling default effort; no temperature; no refusal
fallback

default effort; no temperature; no seed

Batch Message Batches for some suites, at half
price

synchronous only

checklist built from the intent’s success criteria, with evidence quotes. Rubric completion-v2
was introduced after the owner and the agent working on TapTax reviewed the completion-v1
verdicts; it gives the judge each prompt’s expected behaviour and counts “justified stops” (con-
firming an irreversible action, or naming information the request and account genuinely lack).
Both verdicts are retained. We treat the rubric revision as a researcher degree of freedom and
report completion under both rubrics. The planned gold set has 300 human labels, with the
judge trusted at Cohen’s κ ≥ 0.70; on 6 October 2026 it holds 0 labels.

5.6 Telemetry

A read-only view in TapTax’s database exposes real tool calls (tool, client host, outcome, dur-
ation and hour, with no user identifiers and with test accounts excluded); InvokeRank reads it
hourly. These are T evidence and are never pooled with the API runs.

5.7 The programme, its cost and the data

Between 3 and 5 October 2026 the programme recorded 26,886 TapTax runs in 136 suites (14,085
on the ChatGPT API and 12,801 on the Claude API), of which 20,540 completed, 4,758 failed
and 1,588 were still pending at export. Table 5 groups them into 21 families and states which
appear in the body of the paper and which only in Section I; the garden of forking paths is large,
and the ledger is there so the reader can count it. The core programme cost $5.72 for the pilot,
$16.28 for the baseline, $10.83 for the same-day repeat, $5.81 for the execution runs, $6.35 for
the metadata experiment and $15.64 for the control round, in model spend recorded per run.
A synchronous Claude API selection run cost $0.0246 on average, a batched one $0.0130 and a
ChatGPT API run $0.0078; no run read anything from a prompt cache (0 cached input tokens
in total).

The data pack is a read-only export taken on 6 October 2026 with no model calls (InvokeR-
ank, 2026b). It holds per-run records, prompt metadata, intent definitions, suite pools with
pinned versions and tool counts, judgements under both rubrics, control verdicts with their full
metrics, costs and telemetry, and the published path’s own reports. Prompt text is deliber-
ately not exported because the corpus is private. Every number in this paper is computed from
the pack by the scripts in the paper’s repository directory and carries a provenance entry in a
generated ledger (Section 11); Table 4 gives the evidence class and source of the central ones.

14



Table 4: Evidence provenance of the paper’s central numbers. Class: S synthetic API runs, T in-
tegration telemetry; derived: computed from S numbers; SIM: the simulation of Section H; PRD:
the internal requirements document, reported where the data do not reproduce it. Source codes:
[DB] the data pack exported from production on 6 October 2026, [CODE] the implementation.
Every [DB] number is reproduced by scripts/analyse.py and scripts/build_numbers.py
from runs.csv and its siblings.

Number Class Source and filter

Selection-level InvokeRank, 41.5 and 38.3 S [DB] taptax-uk, measurement, selection, dev and valida-
tion, 3 Oct; published path (exact port)

No external tool, 57.4% and 57.2% S [DB] as above; selected_role, no_tool_reason
Completed, 57.9% and 42.6% (v2) S, judged [DB] taptax-uk, execution, dev; judgements.csv; uncal-

ibrated
Control verdicts (Table 10) S [DB] taptax-uk-ctl-2026-10-04-*, validation;

checks.csv
Server-description lifts, +42.0 and +41.3 S [DB] taptax-x-*-desc-* against live replicates, valida-

tion; run-and-prompt bootstrap
Between-run test, p = 0.014 S, derived [DB] replicate groups of Section 7.3; within-prompt per-

mutation
Interval coverage, 87.1% and 82.2% SIM data/sim/coverage.csv; scoring package via harness
Real tool calls, 0 and 8 T [DB] telemetry.csv, 90 days to 5 Oct
Pilot ρ, 0.71 to 0.85 PRD Reported, not reproduced from [DB] (Section 7.1)
Default ρ, 0.6 and 0.8 [CODE] packages/scoring/src/deff.ts

6 Results
All results in this section are S evidence: API-approximated, not the consumer app. Unless
stated otherwise they come from suite taptax-uk, purpose measurement, run type selection,
complete runs of 3 October 2026, on the development and validation splits, with K = 2 repeats
and 5 rotations; intervals are 90%.

6.1 Baseline: the funnel by host

On each surface the baseline ran 195 positive prompts (v1 labelling) and 66 negative prompts
twice, 522 runs per surface. TapTax was surfaced in 265 of 390 positive Claude API runs
and selected in 162; on the ChatGPT API it was surfaced in 260 and selected in 149 (Figure 2,
Table 6). Every selected call had valid arguments, so Invoked equalled Selected on both surfaces.
The Selection-level InvokeRank was 41.5 (37.1 to 46.1) on the Claude API and 38.3 (34.5 to
42.1) on the ChatGPT API. The two intervals overlap, so by the method’s display rule the hosts
are reported as tied. The pilot earlier the same day, on 40 positive prompts with K = 3 (176
runs per surface including negatives), gave 43.9 (35.8 to 52.1) and 44.7 (37.3 to 52.5).

Two stages carry all the loss. On the Claude API the log-loss shares from pooled rates were
44.0% at Surfaced and 56.0% at Selected; on the ChatGPT API 42.1% and 57.9%. Because
Surfaced is observed at tool level on Claude and at server level on ChatGPT, these splits are
not comparable across hosts; the product rDrS is.

6.2 Hosts and intents

The headline averages over very different intents (Figure 3, Table 7). Preparing a quarterly
update scored 75.9 (62.8 to 87.8) on the Claude API and 57.4 (44.5 to 70.0) on the ChatGPT
API. Estimating income tax and National Insurance scored 17.7 (8.3 to 30.1) and 3.5 (0.4 to
9.1), and checking a tax code 6.2 (1.1 to 15.2) and 1.5 (0.0 to 5.5). The hosts disagree most on
whether MTD applies: 44.9 (29.8 to 60.5) on the Claude API against 66.6 (54.2 to 78.3) on the
ChatGPT API, with no overlap.
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Table 5: Experiment ledger: every suite family run on TapTax, 3 to 5 October 2026, including
abandoned and incomplete suites. Hosts: C is the Claude API, G the ChatGPT API. Dates are
October 2026 (UTC). Corpus: MTD is taptax-2026-10, calc the calculator corpus. Batched:
runs sent through Anthropic Message Batches. Cost: model spend recorded on the runs, US
dollars. Source: runs.csv and members.csv (InvokeRank, 2026b).
Family Suites Hosts Dates Pinned TapTax

versions
Corpus Runs Complete Failed Pending Batched Cost ($) In paper

Pilot, baseline and
execution (taptax-uk)

1 C+G 3 Oct 1.0.0 (15 tools) MTD 1,670 1,670 0 0 58 27.81 Sections 6
and 7

Same-day repeat 1 C+G 3 Oct 1.0.0 (15 tools) MTD 1,044 1,044 0 0 522 10.83 Section 6
Metadata experiment
(3 Oct)

2 C+G 3 Oct 1.0.0 (15 tools) MTD 632 632 0 0 316 6.35 Section 6

Instrument controls,
round 2026-10-04

5 C+G 4 to 5 Oct 1.0.0 (15 tools) MTD 1,580 1,580 0 0 790 15.64 Section 7

Version watch: 1.0.0
against 1.1.0

4 C+G 4 Oct 1.0.0 (15 tools);
1.1.0 (48 tools)

MTD 1,264 1,264 0 0 474 14.48 Appendix I

Version watch: later
MTD comparisons

4 C+G 4 to 5 Oct 1.1.0 (48 tools) MTD 1,264 1,264 0 0 631 12.62 Appendix I

Calculator corpus
baselines

3 C+G 4 Oct 1.1.0 (48 tools) calc 428 428 0 0 214 4.93 Appendix I

Abandoned
comparisons (void)

6 C+G 4 Oct 1.1.0 (48 tools) calc 2,568 195 2,373 0 0 1.89 Appendix I

Version watch:
calculator comparisons

16 C+G 4 to 5 Oct 1.1.0 (48 tools) calc 2,240 2,240 0 0 1,120 25.10 Appendix I

Tool-inventory arms
(keep15, keep23)

2 C 4 Oct 1.0.0 (15 tools);
1.1.0 (23 tools)

MTD 316 316 0 0 316 3.95 Appendix I

Split-server arms 2 C 4 Oct 1.0.0 (15 tools);
1.1.0 (33 tools)

MTD 316 316 0 0 316 3.94 Appendix I

Account-wording arms 3 C+G 4 Oct 1.1.0 (48 tools) MTD 474 474 0 0 158 4.39 Appendix I
Disambiguation
candidate (1.1.1)

1 C 4 Oct 1.1.0 (48 tools) MTD 158 158 0 0 158 1.88 Appendix I

Replicates of the live
version

24 C+G 4 to 5 Oct 1.1.0 (48 tools) both 3,904 3,084 184 636 1,316 30.39 Appendix I

Replicates of 1.0.0 12 C 5 Oct 1.0.0 (15 tools) MTD 1,896 935 11 950 946 11.74 Appendix I
Server-description arm 18 G 4 to 5 Oct 1.1.0 (48 tools) both 2,324 1,051 1,273 0 0 7.85 Appendix I
Second
server-description
wording

8 G 5 Oct 1.1.0 (48 tools) both 744 743 1 0 0 5.56 Appendix I

Calculator facts plus
server description

8 G 4 to 5 Oct 1.1.0 (48 tools) both 744 744 0 0 0 5.71 Appendix I

Calculator facts in tool
descriptions

8 C+G 4 to 5 Oct 1.1.0 (48 tools) both 1,488 1,486 0 2 742 16.69 Appendix I

Misroute-fix
descriptions

6 C+G 5 Oct 1.1.0 (48 tools) both 1,200 600 600 0 600 8.69 Appendix I

Mileage wording 2 C+G 4 to 5 Oct 1.1.0 (48 tools) MTD 632 316 316 0 0 2.39 Appendix I
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Figure 2: The funnel by host. Left: cumulative share of positive baseline runs (3 October,
taptax-uk, measurement, selection, dev and validation splits; 195 prompts, 390 runs per host)
reaching Surfaced, Selected and Invoked; 90% Jeffreys intervals on counts deflated by the intra-
prompt correlation of each cumulative event. Right, on its own denominator: of TapTax selec-
tions in the execution runs (dev split, K = 1), Executed and Completed under rubrics v1 and
v2; 90% Jeffreys intervals. The two panels never share a denominator. Surfaced is tool-level on
the Claude API and server-level on the ChatGPT API. Evidence class S.

Selection and what the task needs (RQ4). The pattern is suggestive: the intents that
need the person’s own records or an action score higher than those a host can plausibly answer
from knowledge. Under the provisional coding of Table 2, the mean intent score of the five
tool-need intents exceeded that of the three answerable intents by 29.7 points on the Claude
API and 23.0 points on the ChatGPT API. With eight intents, a prompt-level model with
intent as a random effect has only eight units at the level that matters, so we test at the intent
level directly: an exact one-sided permutation test over the 56 ways of choosing five of eight
intents gives p = 0.036 on the Claude API and p = 0.107 on the ChatGPT API. The result
depends on the coding: if mtd-deadlines is coded answerable (generic statutory dates), the
p-values become 0.114 and 0.257. Three further caveats apply. There are only eight intents;
need type is confounded with prompt wording and with TapTax’s own tool descriptions; and
check-mtd-obligation, which a host can answer from knowledge, scores 66.6 on the ChatGPT
API. We read this as a hypothesis for the native judge and an independent coding to test, not
as a finding.

6.3 The host as a competitor

On both surfaces most positive runs ended with no external tool: 224 of 390 (57.4%) on the
Claude API and 223 of 390 (57.2%) on the ChatGPT API (Figure 4). A competitor was the
first call in only 4 Claude API runs and 18 ChatGPT API runs. The alternative to TapTax was
overwhelmingly the host itself, not another integration.

The hosts got there differently. The Claude API answered 119 positive runs without searching
for a tool at all and searched then declined in 105. The ChatGPT API answered only 37 without
searching and searched then declined in 186. In the two-level model of Equation (4), the Claude
API more often decides at the first level not to look, and the ChatGPT API more often looks and
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Table 6: Stage results by host, baseline. y of n: runs reaching the stage among runs that reached
its parent. Rate: pooled y/n; interval: 90% Jeffreys on counts deflated at the pooled ρ. ρ is
pooled over the prompts of all intents (the published fallback); Invoked has no variation, so its
ρ is the default. Loss share from the pooled rates. The last row of each host is the published
headline (posterior roll-up over intents, 90% credible interval).
Host Stage y n Rate (%) 90% interval ρ (source) DEFF neff Loss share (%)

Claude API Surfaced (D) 265 390 67.9 62.4to 73.2 0.94(pooled) 1.94 200.9 44.0
Selected (S | D) 162 265 61.1 54.4to 67.5 0.81(pooled) 1.79 147.9 56.0
Invoked (I | S) 162 162 100.0 98.2to 100.0 0.6(default) 1.55 104.6 0.0
Selection-level InvokeRank 162 390 41.5 37.1to 46.1

ChatGPT API Surfaced (D) 260 390 66.7 61.1to 71.9 0.91(pooled) 1.91 204.4 42.1
Selected (S | D) 149 260 57.3 50.4to 64.0 0.87(pooled) 1.84 141.0 57.9
Invoked (I | S) 149 149 100.0 98.0to 100.0 0.6(default) 1.56 95.8 0.0
Selection-level InvokeRank 149 390 38.3 34.5to 42.1

Table 7: Intent results, baseline. Score: Selection-level InvokeRank with 90% credible interval.
No search: positive runs with no external call and no tool search. Declined: positive runs where
the host searched and called nothing. FIR: TapTax calls over negative runs on the original labels
(the MTD corpus has not been relabelled). Intents ordered by the Claude API score.

Claude API ChatGPT API

Intent Prompts Score (90%) No search Declined FIR Score (90%) No search Declined FIR

prepare-quarterly-update 23 75.9(62.8to 87.8) 0 9 0/18 57.4(44.5to 70.0) 0 19 0/18
mtd-deadlines 23 56.5(41.4to 70.8) 6 11 0/18 60.2(47.0to 72.3) 3 13 0/18
record-transaction 30 52.7(40.2to 65.7) 3 24 0/16 45.9(33.9to 58.0) 3 27 0/16
log-business-mileage 24 45.5(30.7to 60.5) 10 15 0/14 33.6(23.2to 45.2) 5 30 0/14
check-mtd-obligation 22 44.9(29.8to 60.5) 23 1 0/16 66.6(54.2to 78.3) 1 4 4/16
create-send-invoice 25 32.3(19.4to 46.8) 2 33 0/16 37.4(25.7to 50.2) 5 26 0/16
estimate-sole-trader-tax 27 17.7(8.3to 30.1) 43 2 0/16 3.5(0.4to 9.1) 5 46 1/16
check-tax-code 21 6.2(1.1to 15.2) 32 10 0/18 1.5(0.0to 5.5) 15 21 0/18

All intents 195 41.5(37.1to 46.1) 119 105 0/132 38.3(34.5to 42.1) 37 186 5/132

then decides against every candidate. The two behaviours call for different interventions: a host
that never searches cannot be reached through tool metadata at all, while a host that searches
and declines has read the metadata and rejected it, or preferred its own answer. Whether the
host’s own answers met the need is unknown: the native judge has not run, so the Host Self-Serve
Rate cannot be reported.

A degenerate published split. Run on the baseline today, the published path’s Agent
Resolution Split excludes every unjudged no-tool run from its denominator, as specified. With
zero native verdicts, it therefore classifies only the runs with an external call: 166 runs on
the Claude API, with TapTax’s class at 98.0% after intent weighting, and 224 runs listed as
unjudged; on the ChatGPT API 167 runs, 78.8% and 223 unjudged. The report labels the
unjudged count, but a reader who looks only at the class shares would see TapTax “completing”
almost every eligible request. The publication gates refuse such a snapshot; the internal report
does not.

6.4 Execution versus completion

TapTax was selected in 57 of 137 positive Claude API execution runs and 54 of 137 ChatGPT API
runs on the development split, and every selected call executed without a tool error (Table 8).
Executed is therefore complete on both surfaces, while judged completion was far lower. Under
rubric v2 the judge counted 33 of 57 Claude API runs completed (57.9%, 47.0 to 68.2) and 23
of 54 ChatGPT API runs (42.6%, 32.0 to 53.8). Under rubric v1 the same runs gave 29 (50.9%)
and 20 (37.0%). The revision, made after inspecting v1 verdicts, turned 6 Claude API failures
into completions and 2 completions into failures, and 5 and 2 on the ChatGPT API.
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Figure 3: Intent-level Selection-level InvokeRank, baseline, with 90% credible intervals from the
published path; the vertical bands are each host’s headline and interval. Text columns: unique
positive prompts per intent (runs.csv), TapTax false-invoke rate on the intent’s negative runs
(%), and the provisional need type of Table 2. Filter as Figure 2. Evidence class S.

The failures concentrate in two places. Invoice creation completed in 2 of 11 runs across both
hosts: the models listed existing invoices and stopped, although the request held enough to draft
one. On the ChatGPT API, MTD deadlines completed in 0 of 7 runs: the tool returned the dates,
and the final answer did not relay them. Both failure modes sit in the host’s orchestration and
final response, not in TapTax’s server, which answered every call. The trajectories themselves
are not in the data pack (it holds no answer text), so these two descriptions rest on the review
of the runs recorded in the PRD (Amos, 2026, section 36). Executed therefore does not predict
Completed here (RQ6), and a stage that tool-use benchmarks often treat as the end of the task
is, for this integration, roughly the midpoint.

The host difference is confounded with the judge. Claude API runs are judged by
GPT-6.1 Sol and ChatGPT API runs by Claude Sonnet 5.5. The difference between 57.9% and
42.6% cannot be read as a host effect until a gold set calibrates each judge separately, or both
judges score both hosts. With 0 gold labels, Cohen’s κ, the judge’s true and false positive rates
and the prediction-powered correction θ̂ = J̄N + (H − J)n (Angelopoulos et al., 2023) are all
pending, and Completed is the judge’s uncorrected rate.

6.5 False invokes

On negative prompts, where the right behaviour is no tool, the Claude API called TapTax in 0
of 132 runs and called no external tool at all (0 runs). The ChatGPT API called TapTax in 5 of
132 negative runs (3.8%, upper 90% bound 9.0%) and made some external call in 11. Of these,
4 were on negative prompts of the intent asking whether MTD applies, out of 16 such runs. In
the pilot the ChatGPT API called TapTax on 5 of 6 such negative runs. Two definitions are in
play here, and earlier summaries conflated them: the published False-Invoke Rate counts calls to
the focal integration (5 of 132), while “false invokes” in the earlier working summaries counted
any external call (11 of 132).
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Figure 4: What happened on positive baseline runs, per host and per host and intent; counts on
segments. These are search behaviours, not success classes: no native self-service verdict exists
yet, so “answered without search” does not mean the need was met. Competitors are pooled
and anonymised. Filter as Figure 2. Evidence class S.

6.6 Same-day repeat

A full repeat of the baseline ran the same afternoon on both surfaces. On the Claude API it
scored 44.1 (39.8 to 48.5) against 41.5 (37.1 to 46.1), and on the ChatGPT API 39.0 (35.1 to
42.9) against 38.3 (34.5 to 42.1). The headline intervals overlap on both surfaces, as do the intent
intervals (8 of eight on the Claude API and 8 of eight on the ChatGPT API); overlap is the
method’s stability rule. The paired comparison is less reassuring on the Claude API. Paired over
the same 195 prompts, the change in TapTax selection was +2.6 points (90% prompt bootstrap
+0.3 to +4.9), an interval that excludes zero; on the ChatGPT API the paired change was 0.0
(−2.1 to +1.8). The Claude API repeat also changed the execution path: all its runs went
through the Batch API, while 58 of the baseline’s 522 did (a batch lost most of its requests
to a rate limit and they were re-run synchronously). A batch-path effect, a time effect and a
one-in-ten chance exceedance cannot be separated with one pair, and the overlap rule would not
have noticed any of them. This is same-day repeatability, not temporal stability; the week-apart
repeat scheduled for 10 October has not run.

6.7 Metadata experiments

The 3 October tool-description candidate. The agent working on TapTax rewrote three
tool descriptions, those of estimate_self_employed_tax, check_tax_code and create_invoice,
and the candidate was paired against the current version on the validation split (58 positive
prompts, K = 2, both surfaces). Selection moved from 40.5% to 40.5% on the Claude API, a
paired change of 0.0 points (−6.0 to +6.0), and from 31.0% to 34.5% on the ChatGPT API, +3.4
(−0.9 to +8.6); TapTax calls on negatives stayed at 0 of 42 in every arm (Figure 5, left). This is
a null result at the experiment’s resolution: with the observed spread of per-prompt differences,
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Table 8: Execution and completion, development split, 3 October (K = 1). Selected: positive
runs whose first call went to TapTax. Executed: the first call returned a non-error, non-empty
result. Completed: the cross-family judge’s verdict (GPT-6.1 Sol for Claude API runs, Claude
Sonnet 5.5 for ChatGPT API runs), uncorrected (0 human gold labels), with 90% Jeffreys
intervals for rubric v2.

Host (judge) Intent Selected Executed Completed, v1 (%) Completed, v2 (%; 90% interval)

Claude API check-mtd-obligation 9 9 5(55.6) 5(55.6; 29.7to 79.1)
(GPT-6.1 Sol) create-send-invoice 5 5 0(0.0) 1(20.0; 3.6to 56.3)

estimate-sole-trader-tax 2 2 1(50.0) 1(50.0; 9.7to 90.3)
log-business-mileage 6 6 5(83.3) 5(83.3; 50.5to 97.0)
mtd-deadlines 7 7 5(71.4) 6(85.7; 56.0to 97.4)
prepare-quarterly-update 14 14 5(35.7) 5(35.7; 17.9to 57.5)
record-transaction 14 14 8(57.1) 10(71.4; 49.7to 87.2)
All intents 57 57 29(50.9) 33(57.9; 47.0to 68.2)

ChatGPT API check-mtd-obligation 16 16 10(62.5) 12(75.0; 54.9to 88.9)
(Claude Sonnet 5.5) create-send-invoice 6 6 0(0.0) 1(16.7; 3.0to 49.5)

estimate-sole-trader-tax 1 1 0(0.0) 0(0.0; 0.0to 77.1)
log-business-mileage 3 3 1(33.3) 1(33.3; 6.2to 76.4)
mtd-deadlines 7 7 0(0.0) 0(0.0; 0.0to 23.2)
prepare-quarterly-update 11 11 4(36.4) 3(27.3; 10.6to 51.8)
record-transaction 10 10 5(50.0) 6(60.0; 34.7to 81.5)
All intents 54 54 20(37.0) 23(42.6; 32.0to 53.8)

58 prompts can detect paired effects of about 10.3 points on the Claude API and 8.3 on the
ChatGPT API with 80% power at the 5% level (Section 7.8). A change to create_invoice
could only show in execution runs, which this experiment did not include.

The Lever is the method’s prediction of where points are available, so this experiment is its
first test (falsification criterion F7). Against the median of TapTax’s own intents, the Lever
placed the available points differently on the two hosts. On the Claude API it found 28.3 points
at Selected for invoices and 12.0 for tax codes, and 40.7 at Surfaced for tax estimates. On the
ChatGPT API almost everything sat at Surfaced: 49.1 points for tax estimates, 48.6 for tax
codes and 13.5 for invoices, because the host rarely surfaced TapTax for the first two at all
(posterior surfacing rates 5.7% and 2.6%). The realised per-intent changes were 0.0 (−12.5 to
+12.5) for invoices and +8.3 (0.0 to +25.0) for tax codes on the Claude API, and −6.2 (−18.8 to
0.0) for tax estimates on the ChatGPT API, on 8, 6 and 8 prompts. The Lever is potential uplift,
not a forecast of what a given rewording achieves, so a null intervention does not falsify it; but
the one intervention tested realised none of the potential measurably, and per-intent intervals
on so few prompts cannot tell. On the intents where the loss sits at Surfaced, rewording a tool
can help only if the host searches, and on these intents the hosts mostly did not (Figure 4).

Server descriptions on the OpenAI path. The clearest evidence in the programme that
metadata moves selection comes from a lever that exists on only one host. A measurement-only
copy of the live TapTax version, identical except for a server_description that names its
calculators, raised ChatGPT API selection on the calculator corpus’s pay prompts from 30.5%
to 72.4%, a paired change of +42.0 points (+29.9 to +54.9), and on the property prompts from
2.7% to 44.0%, +41.3 (+26.0 to +56.7), pooling two replicates of each arm against three of the
live version (Figure 5, right). On VAT prompts the change was +18.6 (+6.8 to +31.1), and on
the MTD corpus +4.9 (−1.4 to +11.5), not distinguishable from zero. A second wording of the
description reproduced the pay and property lifts. The lift had a price: on the property prompts
TapTax calls on negative runs rose from 3 of 66 to 13 of 44 (4.5% to 29.5%, original labels).
The same change cannot reach the Claude API, whose connector sends no server description.
By contrast, every tool-description arm, on either host and either corpus, stayed within its noise
(Table 9).
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Figure 5: Metadata experiments, validation split. Left: the 3 October tool-description
candidate minus the current version, overall and per intent (taptax-val-current and
taptax-val-candidate; 58 positive prompts, 42 negative runs per arm); 90% prompt-cluster
bootstrap; the shaded bands are each host’s minimum detectable effect at 58 prompts (80%
power, 5% level) from the observed per-prompt SD. Right: ChatGPT API arms of 4 to 5
October against replicates of the live 1.1 version on the same prompts and pinned pool; 90%
run-and-prompt bootstrap; text columns are TapTax calls over negative runs (original labels)
in the live and arm suites. Evidence class S.

Tool inventory and versions. Version 1.1.0 added 33 calculator tools to the 15 of 1.0.0.
On the Claude API its first paired comparison with 1.0.0 on the validation split showed −6.9
points (−12.1 to −2.6), and pooling all seven 1.0.0 runs on the same pool against both 1.1.0
runs gave −5.3 (run-and-prompt bootstrap −11.3 to 0.0). A later comparison on a changed
competitor pool, six 1.0.0 runs against nine runs of the 1.1 live version, gave −0.7 (−5.2 to
+3.6). On the ChatGPT API, all seven 1.0.0 runs against both 1.1.0 runs gave +0.1 (−3.3
to +3.3). A drop of a few points on the Claude API when the tool count tripled is plaus-
ible and not shown. The larger tool list also changed which TapTax tool was chosen: on the
Claude API’s 1.1 live replicates, every first call on a tax-estimate prompt went to the new
calculate_tax_on_multiple_incomes (21 runs) rather than estimate_self_employed_tax
(0), and invoice requests began with list_invoices in 37 runs and create_invoice in 9.
Selected counts all of these as TapTax’s; Section 8 returns to this construct gap.

7 Instrument validity
This section asks whether the instrument measures what it claims, with the TapTax data as the
test bed.

7.1 Independent recomputation of the published path

Our Python port of the scoring path (Section 4.1) recomputed the pilot, baseline and same-day
repeat reports for both surfaces from the per-run records. Every headline and intent estimate
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Table 9: Metadata and tool-inventory experiments on the validation split. Baseline: the com-
parison arm (current version for the 3 October candidate; the 1.1.0 runs for the MTD arms
of 4 October; replicates of the 1.1 live version for the 5 October arms). Change: arm minus
baseline in points, paired over prompts, 90% interval from a prompt bootstrap (single runs) or
a run-and-prompt bootstrap (replicated arms). FIR: TapTax calls over negative runs, original
labels, baseline to arm. Runs: baseline and arm suites pooled. Hosts as in Table 3. Evidence
class S.

Arm Host Prompts Baseline (%) Arm (%) Change (90% interval) FIR Runs

3 Oct description candidate Claude API 58 40.5 40.5 0.0(−6.0to +6.0) 0/42to 0/42 no
3 Oct description candidate ChatGPT API 58 31.0 34.5 +3.4(−0.9to +8.6) 0/42to 0/42 no
MTD: Keep 15 tools Claude API 58 35.3 36.2 +0.9(−6.5to +8.6) 0/84to 0/42 2 vs 1
MTD: Keep 23 tools Claude API 58 35.3 40.5 +5.2(−0.9to +11.2) 0/84to 0/42 2 vs 1
MTD: Split server Claude API 58 35.3 37.9 +2.6(−3.4to +8.6) 0/84to 0/42 2 vs 1
MTD: Split server, tax name Claude API 58 35.3 36.2 +0.9(−4.3to +6.0) 0/84to 0/42 2 vs 1
MTD: Account wording Claude API 58 35.3 40.5 +5.2(−1.7to +12.1) 0/84to 0/42 2 vs 1
MTD: Account wording ChatGPT API 58 34.9 38.8 +3.9(−0.9to +9.9) 4/84to 4/84 2 vs 2
MTD: Disambiguation (1.1.1) Claude API 58 35.3 33.6 −1.7(−6.9to +3.4) 0/84to 0/42 2 vs 1
MTD: Server description ChatGPT API 57 35.5 40.4 +4.9(−1.4to +11.5) 23/460to 12/84 11 vs 2
MTD: Second description wording ChatGPT API 57 35.5 37.7 +2.2(−5.3to +10.0) 23/460to 11/84 11 vs 2
MTD: Calculator facts Claude API 58 39.3 42.7 +3.4(−1.0to +8.0) 0/377to 0/84 9 vs 2
MTD: Calculator facts ChatGPT API 57 35.5 35.5 0.0(−2.9to +3.6) 23/460to 3/84 11 vs 2
MTD: Facts and description ChatGPT API 57 35.5 38.6 +3.1(−2.2to +8.9) 23/460to 11/84 11 vs 2
MTD: Misroute fix Claude API 58 39.3 40.1 +0.8(−3.4to +5.2) 0/377to 0/84 9 vs 2
MTD: Mileage wording ChatGPT API 57 35.5 37.3 +1.8(−1.4to +5.1) 23/460to 2/84 11 vs 2
Pay: Server description ChatGPT API 29 30.5 72.4 +42.0(+29.9to +54.9) 0/72to 4/48 3 vs 2
Pay: Second description wording ChatGPT API 29 30.5 65.5 +35.1(+20.7to +50.0) 0/72to 2/48 3 vs 2
Pay: Calculator facts Claude API 29 48.3 51.7 +3.4(−5.2to +13.2) 0/72to 0/48 3 vs 2
Pay: Calculator facts ChatGPT API 29 30.5 31.9 +1.4(−4.6to +7.5) 0/72to 0/48 3 vs 2
Pay: Facts and description ChatGPT API 29 30.5 72.4 +42.0(+29.3to +55.2) 0/72to 4/48 3 vs 2
Pay: Misroute fix Claude API 29 48.3 47.4 −0.9(−7.8to +5.2) 0/72to 0/48 3 vs 2
Property: Server description ChatGPT API 25 2.7 44.0 +41.3(+26.0to +56.7) 3/66to 13/44 3 vs 2
Property: Second description wording ChatGPT API 25 2.7 42.0 +39.3(+24.0to +55.3) 3/66to 11/44 3 vs 2
Property: Calculator facts Claude API 25 34.0 32.0 −2.0(−11.3to +7.3) 0/66to 0/44 3 vs 2
Property: Calculator facts ChatGPT API 25 2.7 0.0 −2.7(−8.0to 0.0) 3/66to 0/44 3 vs 2
Property: Facts and description ChatGPT API 25 2.7 42.0 +39.3(+24.0to +54.7) 3/66to 9/44 3 vs 2
VAT: Server description ChatGPT API 22 18.9 37.5 +18.6(+6.8to +31.1) 0/48to 0/32 3 vs 2
VAT: Second description wording ChatGPT API 22 18.9 25.0 +6.1(−4.5to +17.4) 0/48to 0/32 3 vs 2
VAT: Calculator facts Claude API 22 23.5 28.4 +4.9(0.0to +12.1) 0/48to 0/32 3 vs 2
VAT: Calculator facts ChatGPT API 22 18.9 19.3 +0.4(−4.5to +5.3) 0/48to 0/32 3 vs 2
VAT: Facts and description ChatGPT API 22 18.9 26.1 +7.2(−3.0to +16.7) 0/48to 0/32 3 vs 2
VAT: Misroute fix Claude API 22 23.5 26.1 +2.7(−3.0to +9.5) 0/48to 0/32 3 vs 2
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and both interval bounds agree with the production reports, with a largest absolute difference
below 10−13 points; because the random number generator is ported exactly, the Monte Carlo
intervals agree draw for draw, not only in distribution. The arithmetic of the published path is
therefore reproducible from the data pack.

The recomputation also found six places where earlier written summaries of the programme,
including the brief this paper was written from, disagree with the data.

1. The pilot’s intra-prompt correlations. The PRD reports pooled pilot ρ of 0.71
(Claude API) and 0.51 (ChatGPT API) at Surfaced and 0.85 and 0.78 at Selected given
Surfaced (Amos, 2026, section 36). The same estimator on the pilot runs in the pack
gives 0.90, 0.89, 0.89 and 0.89. We could not find a filter or estimator that reproduces the
reported values. The code’s default ρD = 0.6 and ρS = 0.8 were chosen from the reported
values.

2. Two definitions of a false invoke. The “11 of 132” figure for the ChatGPT API counts
any external call on a negative prompt; the published False-Invoke Rate counts TapTax
calls only, 5 of 132 (Section 6.5).

3. The decoy’s floors. The decoy check can rule out decoy-selection rates above 3.2% on
the 58 positive prompts and above 8.6% on the 21 negative prompts (90% Jeffreys upper
bounds on zero of n), not about 8.6% on positives as the brief stated.

4. The report’s ρ field. The integration-level ρ printed in each report (for example
ρD = 0.91 and ρS = 0.00 on the Claude API baseline) is the first intent cell’s estim-
ate, check-mtd-obligation, not a pooled value.

5. A replicated version comparison. A working-session figure of −3.0 points (−8.6 to
+2.2) for 1.0.0 against 1.1.0 after replication could not be reproduced from any combination
of suites in the pack; the recomputed comparisons are in Section 6.7.

6. The degenerate resolution split of Section 6.3.

None of these changes a published headline. All of them change what a reader of the internal
record would believe, which is why every number in this paper is recomputed and carries its
provenance.

7.2 Instrument controls

The control round of 4 October 2026 (round 2026-10-04) ran four controls on the validation split
of the baseline suite (58 positive and 21 negative prompts, K = 2, 5 rotations) on both surfaces
(Figure 6, Table 10). On the ChatGPT API the round finished on 5 October after the OpenAI
account ran out of credit and 247 runs were re-sent; we use the complete round, and the earlier
partial evaluation is superseded.

Placebo. This is an A/A test (Kohavi et al., 2020). Two arms identical to the base suite
differed by −2.6 points on the Claude API (95% interval −6.9 to +1.7) and +2.6 on the ChatGPT
API (−1.7 to +6.9). Both intervals cover zero, so the control holds; at the 95% level a sound
instrument still fails about one round in twenty.

Blinded metadata. Replacing TapTax’s tool names, titles, descriptions, schema text and
server text with neutral placeholders cut selection from 41.4% to 12.9% on the Claude API
(−28.4 points, −39.7 to −18.1) and from 31.0% to 7.8% on the ChatGPT API (−23.3, −33.6 to
−13.8). The runs read the metadata an integration controls, which is the precondition for any
metadata experiment to mean anything.
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Figure 6: Instrument controls, round 2026-10-04, validation split, both hosts, recomputed from
runs.csv (suites taptax-uk-ctl-2026-10-04-*) and agreeing with checks.csv. Placebo:
placebo minus reference, paired over prompts, 95% prompt-cluster bootstrap. Blinded: se-
lection with full metadata (filled) and with tool names, titles, descriptions and schema text
removed (open). Decoy: zero picks with the 90% Jeffreys upper bound on positive and negative
prompts, against the 2% rule. Clone split (retired design): the share of first picks won by the
copy labelled taptax-2, 90% Jeffreys interval, against one half. Evidence class S.

Table 10: Instrument-control verdicts, round 2026-10-04 (complete round). Runs and cost as
recorded in checks.csv; the placebo row counts the shared reference arm.

Host Check Rule Statistic Interval Verdict Runs Cost ($)

Claude API Placebo 95% interval of ∆ cov-
ers 0

∆ −2.6 −6.9to +1.7 holds 316 3.98

Blinded metadata falls by half; 95% up-
per bound < 0

41.4to 12.9; ∆ −28.4 −39.7to −18.1 holds 158 1.89

Decoy fails only if lower
bound > 2%

0of 158runs upper 3.2(pos.),
8.6(neg.)

holds 158 1.99

Clone split (retired) copy’s share covers 1/2 copy 0of 39picks 0.0to 4.8 fails 158 1.98

ChatGPT API Placebo 95% interval of ∆ cov-
ers 0

∆ +2.6 −1.7to +6.9 holds 316 2.30

Blinded metadata falls by half; 95% up-
per bound < 0

31.0to 7.8; ∆ −23.3 −33.6to −13.8 holds 158 1.20

Decoy fails only if lower
bound > 2%

0of 158runs upper 3.2(pos.),
8.6(neg.)

holds 158 1.16

Clone split (retired) copy’s share covers 1/2 copy 0of 41picks 0.0to 4.5 fails 158 1.14

Decoy. An unrelated public weather server added to the pool was never chosen (the name is
a specificity check, unrelated to the decoy effect of choice theory (Huber et al., 1982)): 0 of 158
runs on each surface, and it was never even surfaced on either host. The rule passes because
it fails only when the lower bound exceeds 2%. The sample cannot vouch for a floor near 2%:
its 90% upper bounds are 3.2% on positive prompts and 8.6% on negatives. The decoy is also
far from the pool’s subject, so it tests gross failures of the plumbing, not the resolution between
near-competitors.

Clone split. An exact copy of TapTax was added to the pool under the label taptax-2,
beside the original taptax. On the Claude API the copy won 0 of 39 first picks (90% upper
bound 4.8%), and on the ChatGPT API 0 of 41 (4.5%), against an expected one half. Raw
events show that on the Claude API both copies surfaced side by side in 80 positive runs and
their references resolved correctly; the copy was called only as a fallback after the replay server
refused the first call. Listing order does not explain it. Faghih et al. (2025) found that models
given two identical tools pick the first-listed one most of the time; here the copy lost whether
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it was listed first (0 of 15 picks on the Claude API, 0 of 18 on the ChatGPT API) or second
(0 of 24, 0 of 23). In this design the label and the server’s identity were confounded, so the
failure shows that the hosts decide between otherwise identical servers by their names, not that
the plumbing treats identical servers differently; it is consistent with evidence that the match
between a request and a tool’s metadata, its name included, is the strongest driver of choice
among equivalent tools (Blankenstein et al., 2026). It is the central piece of evidence for RQ3:
a control that a naive design would expect to pass exposed a label sensitivity strong enough to
decide every pick. The redesigned control, clone_swap, gives both copies matched opaque labels
(srv- plus four characters) and crosses labels and listing order in a balanced 2 × 2, reporting
pair share, label bias and position bias separately (Section G). It is built and has not been run.

7.3 Run-to-run variance

Hosted models are not deterministic even at temperature zero, through batch-dependent nu-
merics among other causes (He and Thinking Machines Lab, 2025; Yuan et al., 2025; Atıl et al.,
2025), and repeated runs of agentic evaluations disagree by more than single-run error suggests
(Bjarnason et al., 2026). Earlier working summaries described identical TapTax servers scoring
“anywhere from 36 to 44%” on the Claude API and inferred a session-level variance component
that prompt-level intervals hide. The data pack allows a direct test. We grouped every replicate
of an identical arm: the same pinned TapTax version, the same pinned competitor versions, the
same corpus, split, K and rotations, differing only in when and how it was run. Two pools must
be kept apart, because one competitor’s pinned version changed between 4 and 5 October. On
the Claude API this gives 7 runs of TapTax 1.0.0 on the first pool, 6 on the second and 9 runs of
the 1.1 live version; on the ChatGPT API, 7 runs of 1.0.0 and 11 of the live version (Figure 7).

With the prompts fixed, a run’s selection rate has a within-run sampling variance
∑

i pi(1 −
pi)/N2 over its N trials, which we estimate from the pooled per-prompt rates. If runs are
exchangeable at the trial level within each prompt, the observed variance of the run rates should
match it; a within-prompt permutation of outcomes across runs gives an exact test.

On the Claude API there is no excess. The observed SD of run rates was 1.7, 1.3 and
1.5 points in the three groups, against within-run SDs of 2.2, 2.2 and 2.2; the permutation
p-values were 0.776, 0.900 and 0.879. The spread of identical Claude API runs is what binomial
sampling of 116 trials per run implies, and the method-of-moments between-run SD is 0.0. The
36 to 44 range came partly from a measurement-only variant (keep15) that is a different version
record from 1.0.0; paired against the 1.0.0 run it was compared with, it differed by −7.8 points
(−14.7 to −1.7), an interval that excludes zero. The pack cannot show whether the two servers
were byte-identical, so this pair is either a real difference between the two records or a chance
exceedance; it is not evidence of run-level variance.

On the ChatGPT API the first pool shows an excess. The 7 runs of 1.0.0, spread over 26.9
hours on 3 and 4 October, had an observed SD of 3.3 points against 2.0 within runs (variance
ratio 2.53, permutation p = 0.014), a between-run SD of about 2.5 points. The 11 live-version
runs, started within 8.8 hours, did not (ratio 1.26, p = 0.254). The ChatGPT API excess is
therefore plausibly temporal drift across days rather than per-session noise, and two pools are
not enough to tell.

Two consequences follow for the method. First, its response to the earlier summaries, rep-
licating any comparison whose first pass excludes zero and pooling arms with a bootstrap that
resamples runs as well as prompts, is sound as protection on the ChatGPT API but costs power
on the Claude API, where it is not needed; the PRD’s rule “never resample runs” (Amos, 2026,
section 17.2) now disagrees with the code. Second, the apparent instability of single comparisons
on the Claude API is the multiple-comparisons problem, not a missing variance component: a
programme that runs dozens of paired comparisons at 90% will see several intervals exclude zero
by chance. The same-day repeat’s paired change of +2.6 points on the Claude API (Section 6.6)
is one such interval, and it coincides with a change of execution path.
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25 30 35 40 45 50
TapTax selected on positive runs (%)

Claude API
TapTax 1.0.0, pool A

SD 1.7 vs 2.2; p = 0.776

Claude API
TapTax 1.0.0, pool B

SD 1.3 vs 2.2; p = 0.900

Claude API
TapTax 1.1 live, pool B

SD 1.5 vs 2.2; p = 0.879

ChatGPT API
TapTax 1.0.0, pool A

SD 3.3 vs 2.0; p = 0.014

ChatGPT API
TapTax 1.1 live, pool B

SD 2.1 vs 1.9; p = 0.254

Identical arms, validation split

30 40 50
Selection-level InvokeRank (90%)

Claude API

ChatGPT API

baseline

repeat

paired change +2.6 (+0.3 to +4.9)

baseline

repeat

paired change 0.0 (−2.1 to +1.8)

Baseline and same-day repeat

Figure 7: Run-to-run variance. Left: each replicate of an identical arm (validation split, positive
runs, prompts common to every run of its group; suites listed in the figure’s data table), with its
within-run 90% range given the prompts (±1.645 times the within-run SD); the shaded band is
the group mean plus or minus the same amount, the spread expected from within-run sampling
alone; labels give the observed SD of run rates against the within-run SD and the within-prompt
permutation p-value (4,000 permutations). Right: baseline and same-day repeat with published
90% credible intervals, and the paired change with its 90% prompt bootstrap. Evidence class S.

7.4 Repeat clustering

Repeats of a prompt are strongly correlated on both hosts (Figure 8). Pooled over the baseline’s
prompts, ρ at Surfaced was 0.94 on the Claude API and 0.91 on the ChatGPT API, and at
Selected given Surfaced 0.81 and 0.87. These pooled values include between-intent differences,
because every prompt of every intent is one group; removing intent means gives 0.90 and 0.74
at Surfaced and 0.76 and 0.86 at Selected. At these values a second repeat adds little: at the
pooled ρS a prompt run twice carries the information of about 1.1 independent runs on the
Claude API and 1.1 on the ChatGPT API.

The per-cell estimates the published path actually uses are unstable. Of the 15 Claude API
cells where a cell could estimate its own ρ at Surfaced or Selected, 4 sat at 1 and 1 at 0; on
the ChatGPT API 3 of 12 sat at 1 and 1 at 0. A cell at 1 counts each prompt once, which is
conservative; a cell at 0 applies no deflation and overstates the information in its runs by up to
a factor of K. The cell check-mtd-obligation on the Claude API has ρS = 0, so its Selected
interval is as narrow as if its 44 runs were independent. Pooled or within-intent ρ with shrinkage
toward the pooled value would remove this instability at no cost to the point estimates.

7.5 Interval calibration

Alternative intervals on the baseline. A prompt-cluster bootstrap of the plug-in estimate
(equal-weight mean over intents of the selected share, resampling prompts within intents) gives
41.3 (36.6 to 46.1) on the Claude API and 38.6 (33.9 to 43.2) on the ChatGPT API. The
published intervals are 94.2% and 81.2% as wide as the bootstrap’s. On the ChatGPT API the
model interval is therefore 18.8% narrower than an interval that respects the prompt clustering
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0.0 0.2 0.4 0.6 0.8 1.0
Intra-prompt correlation rho

PRD pilot value (reported)

Pilot, pooled (K = 3)

Baseline, pooled (K = 2)

Baseline, within intent

Check MTD obligation

Check tax code

Create and send invoice

Estimate tax and NI

Log business mileage

MTD deadlines

Prepare quarterly update

Record a transaction

S: undefined

Claude API

0.0 0.2 0.4 0.6 0.8 1.0
Intra-prompt correlation rho

D: undefined

D: undefined

S: undefined

S: undefined

ChatGPT API

Surfaced (D) Selected given surfaced (S) cell estimate at 0 or 1

Figure 8: Intra-prompt correlation ρ by stage and host: the PRD’s reported pilot values (open),
the pooled pilot (K = 3) and baseline (K = 2) estimates as the published fallback com-
putes them, the within-intent baseline estimate, and every per-cell baseline estimate with a
90% prompt bootstrap interval; red markers are cell estimates truncated at 0 or 1, which the
published path then uses as they are. Fleiss ANOVA estimator. Source: runs.csv (taptax-uk,
pilot and measurement). Evidence class S.

without a model; Section H shows that most of the difference comes from partial pooling across
intents rather than from the ρ estimates. The prior cap did not bind on the baseline: plain
empirical Bayes gives the same intervals (41.5, 37.1 to 46.1 on the Claude API).

Dependence between stages. Across prompts, the share of a prompt’s runs that surfaced
TapTax and the share of its surfaced runs that selected it were nearly uncorrelated: Pearson
r = 0.09 (90% bootstrap −0.08 to 0.22) over 135 prompts on the Claude API and 0.10 (−0.05
to 0.24) on the ChatGPT API. A model-based estimate of the latent cross-stage correlation is
larger (Section H), but the simulation that uses it finds that independent stage draws are not
what limits coverage; the narrower ChatGPT API interval comes mostly from partial pooling
across intents, which holds even when every prompt is counted once (Section H).

Coverage by simulation. A simulation calibrated to the TapTax baseline (Section H, Fig-
ure 10) calls the scoring package itself and compares it with alternatives. At the calibrated
centre the published 90% roll-up intervals covered 87.1% of the time on the Claude-calibrated
design and 82.2% on the ChatGPT-calibrated design, and per-intent intervals 84.2% and 82.5%:
modest undercoverage. Two conditions make it worse. Under the scoring test’s own design of
three identical intents, per-intent coverage was 87.5%, as the test claims, but roll-up coverage
was 65.0%, because the cap makes each intent’s posterior nearly the pooled one and the roll-up
then treats them as independent. And with a between-run SD at the value fitted to the Chat-
GPT API’s first replicate pool, roll-up coverage fell to 74.7%. A generalised linear mixed model
with prompt random effects stayed near nominal (89.0% and 90.4% at the centre), except where
a run component it does not model was present; a bootstrap over runs and prompts with two
sessions per study restored nominal roll-up coverage there.
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Table 11: Unique paired prompts for 80% power to detect a paired change of δ points. PRD:
σd = 0.35. Observed: σd of the 3 October metadata pair on each host (0.28 and 0.23). With
runs: the ChatGPT API’s between-run SD (2.5 points), with one or three runs per arm; “none”
means no number of prompts suffices. Per-prompt differences average the K = 2 repeats, so the
prompt-level clustering is already in σd.

δ α PRD Observed, Claude API Observed, ChatGPT API ChatGPT API, 1 run per arm ChatGPT API, 3 runs per arm

3 0.05 1,069 689 449 none none
3 0.10 842 543 354 none none
5 0.05 385 248 162 none none
5 0.10 303 196 128 none none

10 0.05 97 62 41 none 61
10 0.10 76 49 32 155 44

7.6 Judge calibration

Completed rests on an uncalibrated cross-family judge (Section 6.4). Three threats compound.
The rubric was revised after inspecting verdicts, which moved 6 and 5 runs to completed and 2
and 2 the other way. Judge family and host are confounded, so a host difference in completion
may be a judge difference. And the planned gold-set labeller is the owner of both systems.
An independent second annotator with inter-annotator κ, both judges scoring both hosts, and
prediction-powered inference on the gold set are the minimum before a completion figure can
support a claim (Angelopoulos et al., 2023; Zheng et al., 2023; Panickssery et al., 2024).

7.7 Eligibility fairness

No neutral eligibility exists, so no competitive figure in this paper is valid as a comparison
between products. The baseline’s competitors were scored on TapTax-authored intents, which
by construction suit TapTax; their low selection rates (a competitor was the first call in 4 and
18 of 390 positive runs) say little about them. Section F specifies the neutral process and the
sensitivity analysis that should accompany it.

7.8 Power and sample size

For paired designs the planning quantity is the spread of per-prompt differences, σd. The PRD
plans with σd = 0.35, for which about 96 prompts detect a 10-point paired change with 80%
power at the 5% level, and 58 prompts detect about 12.9 points. The observed σd of the 3
October metadata pair was smaller, 0.28 on the Claude API and 0.23 on the ChatGPT API,
and that of the placebo pair 0.17, so the PRD’s rule is conservative: at 58 prompts the observed
minimum detectable effects are 10.3 and 8.3 points (Figure 9). Detecting 5 points at the 5%
level needs about 248 unique paired prompts on the Claude API and 162 on the ChatGPT API;
3 points needs 689 and 449. The validation split cannot resolve changes as small as the +3.4
points the metadata experiment observed on the ChatGPT API.

A between-run component changes the arithmetic. If each arm is one run and runs carry
an independent SD σrun, the variance of a paired difference gains 2σ2

run, which no number of
prompts removes. With the ChatGPT API first pool’s 2.5 points, a single-run paired comparison
cannot detect less than 10.0 points however many prompts it uses; three runs per arm bring 10
points within reach of 61 prompts. On the Claude API, where no between-run component was
detected, prompts are the binding constraint. Table 11 gives the planning numbers.

The method’s anytime-valid alternative, stopping on discordant prompts once a beta-mixture
likelihood ratio reaches 20 after at least 40 prompts, saves runs when an effect is large and does
not change these planning numbers when it is small.
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Figure 9: Minimum detectable paired effect (80% power) against unique paired prompts, from
the observed per-prompt SD of the 3 October metadata pair; grey: with the between-run SD
estimated from the ChatGPT API’s first replicate pool, one run per arm. Vertical lines: the
validation split (58 prompts) and the PRD’s planning default (100). Derived from runs.csv
(taptax-val-current, taptax-val-candidate and the replicate groups of Figure 7).

Table 12: External validity (RQ8): real TapTax tool calls by host in the 90 days to 5 Oc-
tober 2026 (T evidence, test accounts excluded) against the minimum the comparison needs,
and human-assisted (A) studies. Source: telemetry.csv and checks.csv (kind real_usage,
checks-v2).

Host Real calls Needed Window at current rate A studies Verdict

Claude 0 30 no rate to project none insufficient
ChatGPT 8 30 about 338 days none insufficient

7.9 External validity

The method compares the synthetic tool mix with an integration’s real calls on the same host,
and separately with human-assisted runs in the consumer apps, and never pools the three (In-
vokeRank, 2026c). Neither comparison can be made for TapTax (Table 12). External validity
to real consumer behaviour remains unresolved because production volume is insufficient and
no human-assisted study has been recorded; we compute no synthetic-to-production correlation
(RQ8).

7.10 Falsification criteria

Table 13 states how the method could be shown wrong and where each test stands.

8 Threats to validity and limitations
Construct: eligibility. The baseline’s positive prompts come from intents written with know-
ledge of TapTax’s capabilities, so “eligible” means “TapTax-shaped”. Every competitive quantity
therefore measures a TapTax-authored category, which favours TapTax by construction. The
neutral construction of Section F addresses this, and it has its own threats: incomplete com-
petitor discovery (the index is the sampling frame), ambiguous capability boundaries, unequal
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Table 13: Falsification criteria and their status on 6 October 2026.
Criterion Test Status

F1 Funnel incoherence: end-to-end suc-
cess disagrees with the product of
measured stages

Holds by construction for nested
events; testable only as record-
ing error, by comparing execution
trajectories with stored events

No incoherence: no run reached a
stage without its parent

F2 Interval undercoverage Simulation calibrated to TapTax
(Section 7.5); later, repeated
studies against a known truth

Modest undercoverage at the
TapTax calibration (82.2% to
87.1% for nominal 90%); severe
for the roll-up when intents are
alike (65.0%) or a run component
is present

F3 Persistent clone asymmetry after
opaque labels and balanced rotation

clone_swap round on both hosts Naive design failed on both hosts;
balanced design not run

F4 Placebo (A/A) inflation Placebo rounds; replicated
identical arms

Placebo holds on both hosts; no
excess run variance on the Claude
API; excess on one ChatGPT API
pool (p = 0.014)

F5 External-validity failure S against T, and S against A, per
host

Untestable: 0 and 8 real calls in 90
days, no A study

F6 Eligibility instability Rank stability across alternative
eligibility matrices

Untestable: no neutral eligibility

F7 Lever failure Interventions against predicted
Lever

One null intervention; per-intent in-
tervals too wide to test

F8 Judge invalidity Gold set, κ, TPR and TNR per
judge

Untestable: 0 gold labels

F9 Temporal instability beyond mod-
elled uncertainty

Week-apart repeat; replicate
pools over days

Same-day repeat overlaps but its
Claude API paired change excludes
0; week-apart repeat not run

documentation (eligibility is judged from descriptions, which advantages well-documented tools),
region and account restrictions, read versus write capability, version drift between the snapshot
that was judged and the one that was run, annotator disagreement between two model families
and one human reviewer who also owns the focal integration, and the treatment of unknown.
Reporting rank stability across alternative eligibility matrices (unknown as eligible, unknown as
ineligible, each family alone) is the minimum sensitivity analysis.

Construct: Selected is integration-level. A selection counts for TapTax whichever of
its tools is called. On a 48-tool server this hides wrong-tool picks: with the 1.1 tool list, every
Claude API first call on a tax-estimate prompt went to a multiple-incomes calculator rather than
the self-employed estimate, and most invoice requests began by listing invoices (Section 6.7).
Whether those picks are wrong depends on the prompt; the working sessions classified them
with fit rules partly authored with the TapTax side and partly decided by blind two-family
prompt labels, which are not in the data pack. Intra-integration tool correctness is a construct
gap between Selected and Completed that the funnel does not name.

Construct: the corpus. Of the 320 prompts, 37 depend on context the harness never sup-
plies and remain in every figure until the human review is done. Such prompts depress every
integration’s score alike, but they also inflate the no-tool share, which is the paper’s largest
finding.

Internal: judge and rubric. Completion rests on an uncalibrated judge, a rubric revised
after inspection, a judge family confounded with host, and a planned labeller who owns both
systems (Section 7.6).

Internal: researcher degrees of freedom. The programme ran 136 suites in 21 families
over three days, several of them chosen after seeing earlier results (Table 5). Only the 3 October
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metadata experiment and the control round were specified before their data existed. The server-
description finding is large and replicated within its session, but it came from an exploratory arm
and needs confirmation on fresh prompts, ideally on the locked test split under a pre-registered
analysis.

Statistical. Per-cell ρ is unstable at K = 2 (Section 7.4); the model interval is narrower than
a prompt-cluster bootstrap on the ChatGPT API (Section 7.5); the prior cap’s coverage de-
pends on the data-generating process (Section 7.5); per-intent claims are many and individually
underpowered. The implementation uses Benjamini-Hochberg at q = 0.10 for per-intent claims
(e-BH when sequential), a single pre-registered pooled primary test, and lists rather than flags
per-intent intervals that exclude zero (Benjamini and Hochberg, 1995; Wang and Ramdas, 2022);
this paper follows the same discipline and reports per-intent intervals as descriptive.

External: API versus consumer application. API runners differ from consumer apps in
system instructions, hidden retrieval, entitlement, personalisation, memory, model routing, tool
ranking, safety policy, post-processing and interface state. The claude.ai system prompt does
not apply to the API, and ChatGPT tool invocation depends on plan, workspace, role, surface
and region. The finding that server instructions reach neither API path is an example: they
may matter in the consumer apps. In general PAPI(S | D) ̸= Pconsumer(S | D). External validity
to real consumer behaviour remains unresolved (Section 7.9).

External: one integration, one category, two models. Everything here is one owned
integration in one UK tax category, measured on one model per host over three days. Model
updates, other categories and other hosts are untested.

Conflict of interest. One person owns TapTax and InvokeRank, approves competitor sets,
and is the planned gold-set labeller, eligibility reviewer and corpus reviewer; the candidate
descriptions and some tool-fit rules were written with an AI agent working on TapTax’s side.
The owned system is useful because it gives ground truth at every stage; it is insufficient for
generalisation, and the next validation domain should be an external design partner in a different
category.

Ethical considerations. A public ranking of how agents distribute software creates an in-
centive to optimise for the ranking. The method’s guardrail lints every candidate description for
superlatives, imperatives aimed at the model, references to other tools, hidden or instruction-like
text and over-broad triggers, and requires that false invokes do not rise (Amos, 2026, section
17.4); the guardrail’s own validity is untested, and the server-description arm shows that a truth-
ful description can still raise false invokes. Tool metadata is also a prompt-injection channel,
so measurement suites must treat competitors’ metadata as untrusted input, which the replay
server does by serving it verbatim and never executing it. Measurement error has economic con-
sequences when rankings are public: an interval that is too narrow can turn a tie into a ranking,
which is one reason the coverage results in Section 7.5 matter beyond statistics. Telemetry is
metadata-only by default (tool, host, outcome, duration, hour), with no user identifiers and with
test accounts excluded.

What InvokeRank does not establish. Under the tested conditions InvokeRank meas-
ures the probability of surfacing, selection, valid invocation, execution and completion; the
conditional distribution among eligible integrations; native versus external resolution; and host-
specific behaviour. It does not by itself establish market or revenue share, user satisfaction or
welfare, causal discrimination by a host, a platform’s internal ranking algorithm, behaviour after
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model changes, security, the correctness of a vendor’s domain logic, or consumer-app behaviour
from API results.

9 Outstanding validation
On 6 October 2026 none of the following has been done; each was checked against the data pack
exported that day.

1. The neutral category build and reviewed eligibility (Section F).

2. Native self-service judging and the Agent Resolution Split: no native verdicts exist.

3. The human review of the 91-prompt corpus realism sample and the corpus revision.

4. The 300-run gold set, κ, the judge’s true and false positive rates and prediction-powered
completion.

5. The clone_swap round on both hosts.

6. The week-apart repeat, scheduled for 10 October 2026 subject to the owner’s approval of
its spend.

7. A human-assisted consumer-app study on either host.

8. Enough real telemetry for an S-against-T comparison.

9. Any run on the locked test split.

10. A second, independent category or design partner.

11. A full simulation study of interval coverage beyond the one reported in Section 7.5, in-
cluding several runs per study.

We recommend a pre-registered confirmatory analysis on the locked test split (45 positive
and 14 negative prompts) once the corpus review and the neutral eligibility exist. The pre-
registration should fix the primary estimand (Selection-level InvokeRank per host), the server-
description hypothesis on the OpenAI path with its false-invoke guardrail, the interval method
(a prompt-and-run bootstrap with at least three runs per arm on the ChatGPT API), and the
multiplicity rule for per-intent claims.

10 Discussion
The no-tool branch is where distribution is decided. The largest share of eligible re-
quests never reached any integration, and competitors were rarely the alternative. Measured as
a tool-use benchmark measures, conditional on a tool being used, TapTax would look dominant:
on the Claude API it was the first call in 162 of the 162 plus 4 runs with an external call.
Measured as distribution, it was chosen in 41.5% of positive requests. The two-level view of
Equation (4) separates two decisions that interventions address differently. A host that does not
search (the Claude API’s dominant no-tool mode) cannot be reached through tool metadata,
because the metadata is never retrieved; a host that searches and declines (the ChatGPT API’s
mode) has read the candidates and preferred its own answer. This links distribution measure-
ment to the literature on when models should consult external sources at all (Mallen et al., 2023;
Asai et al., 2024; Wang et al., 2023; Ross et al., 2025; Qian et al., 2025; Song et al., 2025), and
it means the native self-service judge is not an optional extra: until it runs, a no-tool outcome
may be a correct answer or a failure, and the paper cannot say which.
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The levers differ by host. On the Claude API path the model sees tool names and descrip-
tions only; on the OpenAI path it also sees a server description that the caller sets from the
directory listing. The one large metadata effect in the programme came through that second
channel, and it cannot transfer to the first. It also came with a false-invoke cost on one corpus,
which is what the guardrail of comparing false-invoke rates exists to catch. This sits close to
work showing that edits to tool descriptions can multiply a tool’s usage and that tool metadata
is an attack surface (Faghih et al., 2025; Sneh et al., 2025; Wang et al., 2026c,b; Greshake et al.,
2023; Aggarwal et al., 2024); the distinction that matters for a measurement method is between
truthful optimisation (a description that tells the host what the tool actually does) and manip-
ulation (one that induces calls the tool cannot serve). The server description in our arms was
truthful, and it still raised false invokes on property prompts; a false-invoke rate on independ-
ently labelled negatives is the minimum evidence that a lift is not bought with indiscriminate
calling.

Names decide between near-identical servers. The clone failure is the result that most
limits competitive measurement. If two byte-identical servers split first picks 0 to 39 by label,
then any comparison between competitors whose capabilities overlap measures their names as
much as their tools. This is consistent with position and label biases documented for model choice
among options (Zheng et al., 2024a; Pezeshkpour and Hruschka, 2024; Blankenstein et al., 2026),
and it means competitive claims need the redesigned control’s resolution limit before they say
that one integration beats another.

Execution is not completion. A server that answers every call can still leave most tasks
unfinished, because the host stops after a first read, or does not relay the result. For vendors,
this places part of distribution in the host’s orchestration, which tool metadata may or may
not influence; for measurement, it means Executed is a weak proxy and a calibrated completion
judge is required before any full InvokeRank is published. The judge’s own validity, including
family effects, is an open problem in this setting (Zheng et al., 2023; Panickssery et al., 2024;
Lù et al., 2025).

What the statistics need. Three changes would make the published intervals more defensible
on the evidence here. First, replace per-cell ρ with a pooled or within-intent estimate shrunk
toward it, because cells at K = 2 often land on 0 or 1. Second, use at least three runs per arm
on the ChatGPT API, or model the run as a random effect, because a between-run component
there sets a floor on detectable effects that more prompts cannot lower. Third, plan experiments
on unique prompts from observed σd: the validation split’s 58 prompts resolve only effects of
about 8.3 to 10.3 points. The simulation (Section 7.5) shows where the capped prior’s intervals
hold and where they do not, and the prompt-cluster bootstrap is a cheap cross-check that the
method could report beside every headline.

Relation to prior work and novelty. Most of the method’s statistics are re-applications:
the chain rule, beta-binomial empirical Bayes, Jeffreys intervals, design effects, paired cluster
bootstraps, passk, the conditional logit and its Elo-scale display, and prediction-powered infer-
ence. Loss share is the logarithmic index decomposition of a product (Ang, 2015), equal to a
normalised Shapley attribution of the log loss, and Lever is the improvement potential of reliab-
ility engineering generalised to a reference (Birnbaum, 1968; Rausand et al., 2020); Invoke Share
is a share of choice (Luce, 1959; Train, 2009). None is a contribution of this paper. Each element
of the design also has precedent: staged views of tool use (Qu et al., 2025b; Li et al., 2023), the
decision whether to use a tool at all (Huang et al., 2024; Ross et al., 2025; Song et al., 2025),
retrieval as a separate failure stage in MCP settings (Mo et al., 2026; Shi et al., 2025), selection
among functionally equivalent tools (Blankenstein et al., 2026), identical-tool and metadata-edit
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experiments (Faghih et al., 2025), and replayed tool servers (Guo et al., 2024). What we could
not find is their combination as a distribution measurement: every stage observed on the hosts’
own deferred tool-search pipelines, with the host’s own answer as an outside option, independent
eligibility defining the competitive denominator, evidence classes that are never pooled, and a
pre-specified battery of controls run on an integration with ground truth at every stage [UN-
VERIFIED]. That combination, and the clone-label and server-description findings it produced,
are the paper’s contribution.

11 Conclusion
The current evidence supports five claims, each under the tested conditions: one integration,
one UK tax category, one model per host, API runners, 3 to 5 October 2026.

1. The nested funnel is measurable on real host tool-search pipelines, its product is an exact
probability, and the published scoring path is arithmetically reproducible from per-run
records.

2. For TapTax the dominant alternative to the integration was no external tool, not a com-
petitor, and the two hosts reached that outcome differently.

3. The runs respond to the metadata an integration controls (blinded control), a null arm
returns null (placebo), and an unrelated server is not chosen (decoy).

4. Hosts decide between byte-identical servers by their labels, so competitive comparisons
need a label-and-position resolution limit before they can be trusted.

5. On the OpenAI path a truthful server description can move selection by tens of points on
some intents, at a cost in false invokes; tool-description rewrites did not move selection
measurably on either host.

Table 14 states every claim of the paper with its status.
The evidence does not yet support any claim about completion (the judge is uncalibrated),

native self-service (the judge has not run), competitive standing (no neutral eligibility), temporal
stability beyond one afternoon, the consumer apps (no telemetry volume and no human-assisted
study), or other categories. The outstanding validation of Section 9, an external design partner
in a different category, and a pre-registered confirmatory run on the locked test split are what
stronger claims would need. A null result, a failed control and a disagreement with earlier
summaries are all results here, and the instrument is more trustworthy for having produced
them.

Statements
Data and code. The per-run data pack (without prompt text, which is private), the analysis
code, the figure scripts, the generated number ledger with the provenance of every number,
and the simulation code and output are available from the author on request (InvokeRank,
2026b). The published method is at https://invokerank.com/methodology (InvokeRank,
2026d). Competitors are named only as replayed public listings; no competitor server was
called.

Provider terms. All runs used the providers’ sanctioned APIs. InvokeRank never automates
chatgpt.com or claude.ai, and no consumer-app conversation was observed.
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Table 14: Claims and their status on 6 October 2026. Supported: under the tested conditions.
Provisional: supported by exploratory or unreplicated evidence. Not yet supported: the analysis
has not been run. Rejected: contradicted by the data. Requires external replication: supported
on the owned integration only.

Claim Status Evidence What would change it

The nested funnel’s product is an ex-
act probability

Supported Derivation (Section A) None (algebraic)

The published scoring path is repro-
ducible from per-run data

Supported Independent port (Sec-
tion 7.1)

A disagreement on new
data

The host’s own answer, not a com-
petitor, is TapTax’s main alternative

Supported for
selection; requires
external replica-
tion

Section 6.3 Neutral eligibility; other
categories

No-tool runs are self-service Not yet supported No native verdicts The native judge
Executed does not predict Com-
pleted

Provisional Section 6.4; uncalibrated
judge

Gold set, κ, PPI

The hosts differ in completion Not yet supported Judge confounded with host Both judges on both hosts
The runs respond to tool metadata Supported Blinded control A failed blinded round
Hosts choose between identical serv-
ers by label

Supported (retired
design)

Clone split, both orders clone_swap round

Tool-description rewrites move selec-
tion

Rejected at this
resolution

Table 9 Larger or confirmatory ex-
periments

A server description moves ChatGPT
API selection

Provisional Replicated exploratory arms Pre-registered test-split
run

Identical runs vary beyond sampling
error

Supported on one
ChatGPT API
pool only

Section 7.3 More pools over days

The published intervals have nominal
coverage

Rejected: modest
undercoverage at
the TapTax calib-
ration, severe for
the roll-up when
intents are alike

Simulation (Section 7.5) Joint roll-up; random-
effects model

Tool need predicts selection Provisional Permutation test over eight
intents

Independent coding; native
judge

Synthetic results predict consumer-
app behaviour

Not yet supported No T volume, no A study Telemetry, assisted study

TapTax is better than its competitors Not supported
(not tested)

v1 eligibility Neutral eligibility

Telemetry and privacy. TapTax’s telemetry view holds tool, client host, outcome, duration
and hour, with no user identifiers, and excludes test accounts, including the sandbox account
used for execution runs.

Use of AI. The analysis code, simulation, figures and manuscript were drafted by an AI agent
(Claude, Anthropic) from the data pack and the internal documentation listed in the references,
at the author’s direction; every number is generated from the data by code, not written by hand.
The author is accountable for the content.
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nested events P (S | D) = P (S ∩ D)/P (D) = P (S)/P (D), and in general P (Ak | Ak−1) =
P (Ak)/P (Ak−1). The product telescopes:

rD rS rI rE rC = P (D) · P (S)
P (D) · P (I)

P (S) · P (E)
P (I) · P (C)

P (E) = P (C). (5)

No independence between stages is assumed. The identity is algebraic and holds whenever every
P (Ak−1) > 0.

Mixing over prompts. Let a run’s prompt x be drawn from a population with distribution
F , and let πk(x) = P (Ak | Ak−1, x). The marginal stage rates are rk = P (Ak | Ak−1) =
EF [

∏
j≤k πj(x)]/EF [

∏
j<k πj(x)], and their product telescopes to EF [

∏
j πj(x)] = P (C), the

marginal probability of completion. So Q is a population quantity: the probability that a request
drawn from the corpus’s prompt population, run once, completes through the integration. Pooled
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counts estimate each marginal rk consistently when every prompt contributes runs in proportion
to its weight in F . With equal K per prompt, prompts are weighted equally. The product of the
marginal rates is therefore the mean of the per-prompt products

∏
k πk(x); it differs from the

product of the mean per-prompt rates,
∏

k EF [πk(x)], unless the πk(x) are uncorrelated across
prompts.

Factorisation of the likelihood. For one cell with independent runs, the sequential counts
give the likelihood

L(rD, . . . , rC) =
∏

k∈{D,S,I,E,C}
r yk

k (1 − rk) nk−yk , nk = yk−1, nD = n, (6)

which factorises in the rk. With independent priors, the posteriors are independent and con-
jugate: rk | data ∼ Beta(ak + yk, bk + nk − yk). Hence E[Q | data] =

∏
k E[rk | data] exactly,

which is how the published path computes the point estimate, and the interval follows from
multiplying independent draws. Posterior independence is therefore a property of this model,
not an added assumption.

Where it can fail. The factorisation needs the runs to be independent given the rk. With
prompts as clusters it does not hold: two runs of one prompt share πk(x). The published path
responds by deflating counts by a design effect, which corrects the variance of each stage’s pooled
proportion under an exchangeable correlation model but treats the stages separately. If prompts
that surface easily also select readily (CovF (πD, πS) > 0), the estimators r̂D and r̂S covary across
samples of prompts, and the variance of r̂Dr̂S differs from the product of independent stage
variances. Section 7.5 measures the crude prompt-level correlation of surfacing and selecting at
0.09 and 0.10; the model-based latent correlation is larger (0.89 and 0.30), and the simulation
of Section H finds that coverage barely changes between scenarios with latent correlation 0, 0.5
and the fitted value.

The design effect. For a proportion estimated from mp runs of each of P prompts with
exchangeable intra-prompt correlation ρ, Var(r̂) = r(1−r)∑

p
mp

[1+(K̄−1)ρ] with K̄ =
∑

p m2
p/
∑

p mp

(Kish, 1965; Rao and Scott, 1992). Deflating (y, n) by this factor gives a beta posterior whose
variance matches the cluster-corrected variance to first order; this is an approximation, not a
likelihood, and it degrades when ρ is estimated poorly (Section 7.4).

Roll-up. The roll-up
∑

c wcQc is the probability that a request drawn from the intent mixture
w completes, so it is an arithmetic mean of probabilities. Combining the intents’ posterior draws
index by index treats the intents as independent a posteriori. With a shared prior fitted from the
same data they are dependent, weakly when the intents differ and strongly when they look alike,
because the capped prior then makes every intent’s posterior nearly the pooled-data posterior;
the simulation in Section H shows the resulting roll-up intervals covering 65.0% of the time at
a nominal 90%.

B Loss share
Definition and exactness. From Equation (2), − ln Q =

∑
k − ln rk, a sum of non-negative

terms. The loss share Lk = − ln rk/
∑

j − ln rj is each stage’s fraction of the total log loss; the
shares sum to one by construction. It is the unique decomposition of − ln Q that is additive
over stages and attributes to each stage only its own rate. Because the log-loss is additive,
the Shapley attribution of − ln Q over stages, treating each stage’s rate as a player that moves
from 1 to rk, assigns exactly − ln rk to stage k (Shapley, 1953); the loss share is the normalised
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Shapley value of the log loss. It is the logarithmic index decomposition of a product of factors
with a perfect funnel as the base (Ang, 2004, 2015), renamed; its application to agent tool-use
funnels has no precedent that we found [UNVERIFIED].

Edge cases. As rk → 1, − ln rk → 0 and the stage’s share vanishes. If every stage is near one,
rk = 1 − ϵk with small ϵk, then − ln rk ≈ ϵk and Lk ≈ ϵk/

∑
j ϵj : the shares become ratios of

small failure rates and inherit their relative sampling error, which is large. If any rk = 0, the log
loss is infinite; the implementation then gives the whole share to the zero stages, split equally.
Loss share is diagnostic: it says where the probability is lost under the current rates, not what
would happen if a stage were changed.

TapTax. For the baseline’s pooled rates, Surfaced carried 44.0% of the log loss on the Claude
API and Selected 56.0%; on the ChatGPT API 42.1% and 57.9%; Invoked carried none on either
host. Because Surfaced means a tool on one host and a server on the other, the split between
D and S is not comparable across hosts.

C Lever
Definition. For stage k with posterior mean r̃k and reference rate rref

k (the median over the
integration’s intents, or the best competitor’s rate), write Q−k =

∏
j ̸=k r̃j . Then

Leverk = 100
[
Q−k min(1, rref

k ) − Q̃
]+ = 100 Q̃

(
min(1, rref

k )
r̃k

− 1
)+

, (7)

the change in InvokeRank points if stage k alone moved to the reference with every other stage
fixed. When r̃k = 0 the implementation returns 100 rref

k Q−k, the limit of the first form.

Properties. Levers are not additive: moving two stages to their references multiplies their
factors, so the joint gain exceeds the sum of the two levers whenever both are positive. A lever
is zero for any stage already at or above its reference, however low it is in absolute terms. It
depends on the reference: the intent median measures a stage against the integration’s own
other intents, which conflates intent difficulty with integration quality; the best competitor’s
rate requires valid competitor rates, which need neutral eligibility. It is an accounting identity
over posterior means, a “what if” uplift, and not a treatment effect: nothing guarantees that
any available intervention can move stage k alone, or move it at all. Algebraically Leverk =
100 Q−k (rref

k − r̃k)+: the Birnbaum importance of component k in a series system times the gap
to the reference (Birnbaum, 1968), which with rref = 1 is the reliability-engineering improvement
potential (Rausand et al., 2020), and in general a one-factor-at-a-time counterfactual of index
decomposition (Ang, 2004). It is a re-application, not a new quantity.

Native self-service. Runs judged as correct native self-service are excluded from the Lever’s
rates unless the customer declares tool use necessary for correctness, freshness, private state or
an action. The reason is that a low selection rate where the host already meets the need is a
distribution reality, not a metadata defect. Because no native verdicts exist, the exclusion has
no effect on the TapTax figures in Section 6.7.

The first test. The 3 October candidate is the first intervention whose realised effect can be
set against the Lever (Section 6.7). Its targets carried levers of 28.3 and 12.0 points at Selected
on the Claude API and of 49.1 and 48.6 at Surfaced on the ChatGPT API; no realised per-
intent change was distinguishable from zero. A fair test of the Lever needs interventions chosen
in advance to target the stage it names, with enough prompts per intent to resolve changes of
the predicted size.
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D Invoke Share and Selection Share
Definitions. For a contested intent c with independently eligible set Ec, |Ec| ≥ 2,

ISic = Qic∑
j∈Ec

Qjc
, SSic = rD,ic rS,ic∑

j∈Ec
rD,jc rS,jc

, (8)

and the roll-up is
∑

c wc ISic over contested intents, with ISic = 0 where i is not eligible, so
that shares sum to one across integrations. If any eligible integration of any contested intent
lacks Executed or Completed, every intent is computed as Selection Share, so a roll-up never
mixes the two. The no-tool path and host built-in tools are never in the denominator; the Agent
Resolution Split reports them.

What the share is. With replayed competitors the selection-level quantity rD,icrS,ic is the
probability that integration i is the first external call for a request of intent c. Summed over
the eligible set it is the probability that some eligible integration is chosen first, so SSic is the
conditional probability that i is chosen given that an eligible integration is chosen. It is not
market share, and it is not share of all resolutions; it is a share of first choices among a defined
set, a re-application of share-of-choice measures from discrete choice [UNVERIFIED].

Compositional dependence. Within one run at most one integration is chosen first, so
the first-choice indicators of different integrations are mutually exclusive and their probabilit-
ies negatively dependent. The published path computes each integration’s Qic posterior sep-
arately and forms shares from independent draws. Independent draws ignore the constraint∑

j P (first choice = j) ≤ 1 and the negative covariance it implies, so they overstate the variance
of the denominator and misstate each share’s interval. A joint model fixes this: per intent, the
first-choice outcome over Ec ∪ {other, none} is categorical, with a Dirichlet posterior on the cell
probabilities (deflated for prompt clustering), from which shares are a deterministic transform
of each draw. That model also yields the Agent Resolution Split and Invoke Rating’s outside
option from the same posterior.

Status. Neither share has been computed for TapTax: no neutral eligibility exists, and the v1
competitor rates stay internal.

E Prompt taxonomy and corpus construction
Generation. For each intent, both model families (Claude Sonnet 5.5 and GPT-6.1 Sol) wrote
prompts from the intent’s definition with structured output, across prompt classes, and a canary
string marks the corpus. Prompts within cosine 0.9 of another under a sentence embedding
were dropped, and a brand-name list excluded product names. The cost ledger in the data pack
records $0.51 for corpus generation and embedding calls.

Classes. The MTD corpus holds 153 indirect prompts (the need is described, not the tool),
37 persona prompts, 19 boundary prompts, 15 multi-step prompts, 11 write-action prompts,
5 competitive prompts and 80 negatives. The corpus has 0 branded prompts and 0 flagged
near-duplicates. Positive prompts carry an expected behaviour (call an eligible tool, or ask a
clarifying question); negatives expect no tool.

Splits. Splits are made by seed cluster (208 clusters), targeting 50% development, 30% valida-
tion and 20% test, so that paraphrases never straddle splits. The realised split is 182, 79 and 59
prompts. The development split informed the 3 October description candidate, so experiments
are evaluated on the validation split; the test split has never been run.
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Realism review. A transparent phrase rule flags prompts that depend on context the harness
does not supply: an attachment, an email, a document, a screenshot, “the above” or “this
record”. A prompt whose harness context is non-empty is never flagged. The review sample is
every flagged prompt plus a stratified 10% of each intent and class; prompts reviewed unrealistic
leave the next corpus revision, and every figure can still be reported on the original corpus. On
6 October 2026 the sample of 91 prompts is drawn and 0 are reviewed.

Blind relabelling of negatives. A negative becomes optional only when both model families,
shown the prompt text alone (never a run, a tool list or a product), judge that using an app or
calculator would be reasonable. On the calculator corpus this moved 32 negatives to optional;
on the MTD corpus it has not run. Where the label matters, Table 9 and Figure 5 report false
invokes on the original labels.

The calculator corpus. The second corpus, uk-tax-calculations, has 10 calculator intents
in three groups (pay and companies, property and investments, VAT and penalties) and 400
prompts, 300 positive, 68 negative and 32 optional after the relabel. It is also an instrument-
validation category, not a benchmark, and it is measured against TapTax 1.1 with 48 tools.

F Eligibility: v1 and the neutral process
v1 (used in this paper). The suite taptax-uk takes its intents from a suite file written for
TapTax, and every prompt of those intents is positive for every pool member. Competitors are
scored on the same intents whatever their tools can do. This is adequate for validating the
instrument on TapTax and invalid for comparing products.

The neutral process (built, not run).

1. Capability union. Every materially relevant indexed integration in the category, one per
brand, with its pinned snapshot’s tool names, descriptions and schemas and its listings,
each capability carrying its provenance.

2. User language. Search queries, support requests, community questions and interviews,
each with its source; first-party demand shapes intents but is never eligibility evidence,
and lines that name a product are withheld from the models.

3. Intent proposals. Both model families propose intent definitions and success criteria
from the union and the user language. A deterministic neutrality lint rejects a definition
that contains a product name, a tool identifier, or a word 4-gram found in exactly one
integration’s descriptions and never in the user language. Proposals are merged across
families; the owner accepts or excludes them.

4. Eligibility. For every integration and intent, both families judge from that integration’s
own tools and listing. A quoted tool must exist in the pinned snapshot and its quote
must appear in that tool’s description, or the claim is dropped; an eligible claim with no
surviving quote becomes unknown. Families combine by agreement only: both eligible
gives eligible, both ineligible gives ineligible, anything else unknown.

5. Review. A person approves, rejects or edits each row; every change is versioned in an
append-only audit log, and a rerun never overwrites a reviewed row. Public shares use
reviewed rows and contested intents only.
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Status. A dry run of the union for “UK sole trader and landlord accounting” found 18 integ-
rations and 377 capabilities, including non-UK tools that the owner must exclude by hand. No
build, eligibility row or review exists.

Recommended sensitivity analysis. Eligibility is the denominator of every share, so the
share’s stability under alternative defensible eligibility matrices is part of its uncertainty. We
recommend reporting, for each contested intent, the rank order and shares under (a) reviewed
rows only, (b) unknown treated as eligible, (c) unknown treated as ineligible, and (d) each
model family’s judgement alone; and the fraction of integration-intent pairs whose status changes
between (b) and (c). An independent annotator, not the owner of any measured integration,
should review a stratified sample, with Cohen’s κ against the owner’s review.

G Instrument-control details
Every control arm replays the base suite’s exact pinned versions, corpus, surfaces and runner
models, with the same prompts, repeats and rotations, queued interleaved prompt by prompt.
Control copies are integrations with a control status: never public, never probed, never counted,
and wearing the focal integration’s measurement label unless the control changes the label.

Placebo. Two arms identical to the base suite are run together; the check holds when the
95% paired prompt-bootstrap interval of their difference covers zero. At the 95% level a sound
instrument fails about one round in twenty, so a failure is re-run on fresh prompts before it is
believed. The reference arm is shared with the blinded check.

Blinded metadata. The focal integration is replaced by a copy with tool names replaced by
neutral identifiers (tool_01 and so on), and titles, descriptions, schema text, server instructions
and server description removed; the label, argument names and types are kept. The check holds
when selection falls by at least half and the 95% upper bound of the change is below zero.

Decoy. An unrelated public integration is added to the pool. The check counts prompts, not
runs, and fails only when the 90% interval’s lower bound exceeds 2%. With zero picks on n
prompts the Jeffreys upper bound is the 95th percentile of Beta(1/2, n + 1/2): 3.2% for n = 58
and 8.6% for n = 21. The rule passes on any sample with no picks; the bound is what the
sample can vouch for.

Clone split (retired). An exact copy of the focal integration is listed as <label>-2 beside
the original. The check holds when the copy’s order-balanced share of the pair’s first picks
covers one half. Label and identity are confounded, so a failure cannot distinguish label bias
from plumbing asymmetry.

Clone symmetry (clone_swap, built, not run). Copy A is the focal integration at its
pinned version and copy B its exact control copy: byte-identical tools, instructions, server
description and server information. Both wear matched opaque labels: equal length, the shape
srv- plus four consonants or digits, never a word, distinct from every other label. Run k on
prompt i lands in cell (i + k) mod 4 of a 2 × 2: bit 0 lists copy B first, bit 1 swaps the labels.
With K = 2 every prompt sees both listing orders. Every run records the labels the host
saw, and tool references are resolved against them. The check reports copy B’s share of the pair
averaged over the four cells, with a prompt-bootstrap 90% interval, and holds when it covers one
half. It also reports the label bias (the share of whichever copy wears the first label, minus one
half, order-balanced) and the position bias (the share of whichever copy is listed first, minus one
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half, label-balanced), and their largest bound as the resolution limit: near-identical competitors
closer than that in pair share cannot be told apart. A round on the TapTax validation split
needs about 158 runs per surface.

Real usage. The synthetic tool mix of the base suite (first calls in selection runs; every call
in execution runs) is compared with the integration’s real calls on the same host over 90 days,
by Spearman rank correlation with a bootstrap interval; it holds when the lower bound is above
zero. It needs at least 30 real calls. A low correlation has two readings, that the corpus misses
real demand or that the API and the consumer app differ, which only intent-level telemetry or
human-assisted runs can separate.

H Statistical sensitivity analyses and the coverage simulation
Sensitivity of the headline to ρ. Forcing every stage’s ρ to one value and rerunning the
published path on the baseline moves the point estimate by less than half a point and changes
the interval’s width. On the Claude API the 90% interval is 37.6 to 44.6 at ρ = 0 (width 6.9),
36.7 to 45.7 at the within-intent ρS (width 8.9) and 36.4 to 46.0 at ρ = 1 (width 9.5), against the
published 37.1 to 46.1 (width 9.0). On the ChatGPT API the widths are 6.1, 7.6 and 7.7, against
the published 7.5 and the prompt-cluster bootstrap’s 9.3. Even counting every prompt once, the
model interval on the ChatGPT API is narrower than the bootstrap’s. The remaining difference
comes from partial pooling: the shared prior for Selected has κ̂ = 14.9 on the ChatGPT API
against 3.2 on the Claude API, so the ChatGPT intents borrow more strength from each other,
which narrows the roll-up if the intents really are exchangeable.

Design of the simulation. The simulation asks whether the published intervals for the
selection-level quantity attain their nominal coverage under data-generating processes calibrated
to the TapTax baseline (InvokeRank, 2026b). Each simulated study is one suite execution: the
baseline’s prompts per intent, K runs per prompt and one session effect shared by every run.
Prompt propensities are bivariate logit-normal with intent fixed effects, prompt-level standard
deviations for Surfaced and Selected given Surfaced, and a latent cross-stage correlation, all
fitted by maximum likelihood to the baseline per surface; the fitted latent correlation is 0.89
on the Claude API (95% Wald interval −0.04 to 0.99) and 0.30 on the ChatGPT API (−0.41
to 0.79), much larger on the Claude API than the crude correlation of per-prompt shares in
Section 7.5, which is attenuated by K = 2. A predictive check reproduces the baseline’s pooled
ρ, discordant-prompt counts and stage rates within the 5th to 95th percentiles of the simulated
baselines. The between-run SD is fitted per stage from the replicated identical arms with prompt
fixed effects; its maximum-likelihood value is zero on both surfaces, and scenarios labelled “run
SD upper” use its 95% profile upper bound (1.08 and 0.43 on the logit scale for Surfaced and
Selected on the Claude API, 0.71 and 0.69 on the ChatGPT API). In all, 38 scenarios vary
one factor at a time from the calibrated centre (cross-stage correlation, K, prompts per intent,
number of intents, beta-distributed propensities, the run SD, two sessions per study) plus the
scoring test’s own data-generating process (three identical intents), with 1,000 studies each, so
the Monte Carlo standard error of a coverage near 90% is about one point. The estimators are
the published path called through the scoring package itself (capped), the same path without the
prior cap (plain empirical Bayes), the published path with pooled ρ, a prompt-cluster bootstrap
of the plug-in estimate, a generalised linear mixed model of the same bivariate logit-normal
family with intent fixed effects (posterior mode under weak priors; delta-method intervals), and,
for two-session studies, a run-and-prompt bootstrap. Figure 10 shows coverage of nominal 90%
intervals for the roll-up and for the per-intent intervals pooled over intents.
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2 sessions, K = 1, run SD upper
2 sessions, K = 2, run SD upper
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ChatGPT-calibrated: average over intents

Empirical coverage of nominal 90% intervals (%), with 95% Monte Carlo intervals

Published (capped prior)
Plain empirical Bayes

Prompt-cluster bootstrap
GLMM

Run-and-prompt bootstrap

Figure 10: Empirical coverage of nominal 90% intervals for the selection-level quantity, by scen-
ario and estimator, with 95% Monte Carlo intervals; 1,000 studies per scenario. Top: the equal-
weight roll-up (the headline). Bottom: per-intent intervals pooled over intents. Shaded: the scor-
ing test’s data-generating process (three identical intents). Source: data/sim/coverage.csv,
produced by scripts/sim; the published estimator is the scoring package itself, called through
a TypeScript harness.
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Results. In the Claude-calibrated centre, the published method’s 90% roll-up intervals covered
87.1% of the time (Monte Carlo SE 1.1) and its per-intent intervals 84.2%; in the ChatGPT-
calibrated centre, 82.2% and 82.5%. The cap made no difference at the TapTax calibration: plain
empirical Bayes covered 87.1% and 81.8%. The mixed model covered 89.0% and 90.4% of roll-ups
and 89.4% and 90.9% of single intents, close to nominal. The prompt-cluster bootstrap covered
roll-ups well (88.7% and 89.2%) and single intents poorly (79.8% and 77.0%), as percentile
bootstraps do with two dozen clusters. The single-stage intervals the published path displays,
Jeffreys on deflated counts, held their level: at Surfaced they covered 89.8% and 92.4%, and
at Selected given Surfaced 91.0% and 90.5%. Without deflation the Surfaced intervals covered
only 77.0% and 78.7%, so the design effect is doing necessary work; this answers the question
of how Jeffreys intervals behave on fractionally deflated counts for these designs, for which we
found no published study.

Under the scoring test’s own design, three intents with identical true rates, the published
method’s per-intent intervals covered 87.5%, consistent with the test’s claim, but its roll-up
intervals covered only 65.0%. When intents look alike the cap binds, each intent’s posterior
becomes nearly the pooled-data posterior, and the roll-up then averages draws that share most
of their information as if they were independent. Plain empirical Bayes, the method the cap
replaced, covered 42.0% of per-intent intervals at 100 prompts per intent, reproducing the failure
that motivated the cap. For the full five-stage InvokeRank under the same design, the published
method covered 86.8% of per-intent intervals and 65.7% of roll-ups.

A run-level component degrades every single-session method. With the run SD at its upper
bound, the published roll-up covered 84.0% and 76.4%, and at 100 prompts per intent 76.0%
and 72.9%: more prompts narrow the interval without touching the run component. The mixed
model, which has no run effect, fell to 76.4% and 74.9% in the same cells. At the run SD
fitted to the ChatGPT API’s first replicate pool (Section 7.3), the published roll-up covered
74.7%, the prompt-cluster bootstrap 84.4% and the mixed model 85.2%; at the Claude API’s
fitted value, which is zero, they covered 88.5%, 90.0% and 89.4%. With two sessions per study,
the run-and-prompt bootstrap recovered nominal roll-up coverage (90.2% and 88.6%) where the
published path did not (86.1% and 76.9%).

What follows. Three changes would bring the published intervals to nominal under every
scenario we simulated: compute the roll-up from a joint model (or from the pooled-data posterior
directly) rather than from independent per-intent draws; replace the per-cell ρ and the deflated
beta posteriors with a prompt random-effects model; and, wherever the run SD may be non-zero,
run at least two sessions and resample them. Until then the published roll-up interval should
be read as somewhat too narrow, more so on the ChatGPT API and when intents are alike.

I Additional TapTax experiments and the full ledger
The body of the paper reports the pilot, baseline, repeat, execution runs, the 3 October metadata
experiment and the control round. Between 4 and 5 October the programme ran a further set
of exploratory arms, most of them chosen after seeing earlier results. We list them all so that
the number of comparisons is visible (Table 5); Table 9 gives every paired result. All are on the
validation split, with K = 2 and 5 rotations, and all are S evidence.

The calculator corpus. A second corpus of 10 calculator intents in three groups (pay and
companies; property and investments; VAT and penalties) was measured against TapTax 1.1
with its own owner-approved competitor sets per group (Section E). At its first run on 4 October,
TapTax was selected on 44.8% of pay, 26.0% of property and 22.7% of VAT positive runs on the
Claude API, and 34.5%, 2.0% and 15.9% on the ChatGPT API, where competitors took the
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first call in 10, 20 and 17 runs respectively. On the Claude API no competitor was ever the first
call on this corpus.

Tool inventory. Measurement-only copies of 1.1.0 kept 15 or 23 of its 48 tools (keep15,
keep23), and two split-server arms moved the calculators to a second measurement-only server
(in two naming variants) whose picks count as TapTax’s. Against the two 1.1.0 runs on the
same pool, none of these arms produced a change whose interval excluded zero on the Claude
API.

Account wording and disambiguation. Rewritten descriptions on five account-reading
tools gave +5.2 points on the Claude API (−1.7 to +12.1) and, pooling two replicates on the
ChatGPT API, +3.9 (−0.9 to +9.9). The ChatGPT API replicate pair is the case where a
prompt-only bootstrap on the pooled runs excluded zero while the run-and-prompt bootstrap
did not; the method now uses the latter whenever an arm is replicated. A candidate with
disambiguated descriptions (1.1.1) gave −1.7 (−6.9 to +3.4).

Server-description arms (OpenAI path only). Measurement-only copies of the live ver-
sion differed only in server_description: one naming the calculators, one with a second
wording that included figures, and one combining the first with dated tax-rule facts in the cal-
culator tool descriptions. Their results are in Section 6.7: large lifts on the pay and property
corpora, a smaller one on VAT, none on MTD, and higher false invokes on the property corpus.
A further arm added the dated tax-rule facts to the tool descriptions alone; it changed nothing
on the ChatGPT API, and on the Claude API it gave +4.9 points on the VAT corpus (0.0 to
+12.1).

Misroute fix and mileage wording. Five descriptions reworded to stop tools being mis-
routed (Claude API only, because the ChatGPT API account had no credit at the time), and a
mileage tool rewording (ChatGPT API only), produced no change distinguishable from zero.

Tool fit. Because Selected is integration-level, a 48-tool server can be “selected” with the
wrong tool. The working sessions classified each pick as fitting or wrong using fit rules written
partly with the TapTax side and partly decided by blind two-family prompt labels (whether a
prompt concerns the Construction Industry Scheme, a company, pricing, or the person’s own
saved records). Those labels are not in the data pack, so we report the tools chosen (Section 6.7)
and not fit rates.

Version watch. TapTax is probed hourly; a new version triggers paired old-against-new suites
on the validation split for each corpus, with an automatic replicate when the first pass excludes
zero. Between 4 and 5 October it compared 1.0.0 with 1.1.0, 1.1.0 with the live 1.1 release and
the live release with a later one that added one optional input. Only the first comparison’s
first pass excluded zero on the Claude API (Section 6.7); the later releases changed nothing
measurable (+3.4 and +1.7 points on the Claude API).

Replicates. To study run-to-run variance the programme scheduled eleven replicates of the
live version on each API and twelve of 1.0.0 on the Claude API; nine, seven and six of them
completed in full before the provider accounts ran out of credit (Section 7.3). Some suites did
not complete, and they are excluded from every comparison:

• taptax-x-uk-live-r11 and taptax-x-uk-live-r12;

• taptax-x-uk-desc-c to taptax-x-uk-desc-l;
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• taptax-x-uk-claude-live-r9 to taptax-x-uk-claude-live-r12;

• taptax-x-uk-v100-g to taptax-x-uk-v100-l.

The suites ending -void were abandoned comparisons.
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