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Summary
An agent evaluation runs trials of tasks and scores them with graders that read the transcript, the final

state of the environment or both [37]. Each metric built on those scores answers one question: whether a

trial succeeded, whether success holds across trials, whether the tool calls were right, whether the agent

stopped or handed off when it should, what a success costs and what length of task the agent completes.

pass@k and pass^k move apart as k grows [37]. At 75% success per trial, pass^3 is about 42% and pass@3

about 98% for independent trials (computed for this report). The top four-trial banking entry on the tau-

bench leaderboard, evaluated on 3 August 2026, fell from 55.2% on pass^1 to 35.1% on pass^4 [29, 30].

Tool-call accuracy has several definitions: exact call matching and per-turn state checks [23, 24],

comparison with a reference trajectory [20], and required milestones with forbidden minefields [12].

Refusal and escalation are scored when the correct action is fixed in advance: transfer rules, missing-

parameter cases, paired safe and unsafe prompts and named control states [3, 13, 15, 24].

Cost-of-pass divides cost per attempt by success rate [9], and agents with close accuracy can differ

ninefold in cost [6]. METR's 50% time horizon reached about 12 hours for one model released in February

2026, with wide bounds, on a suite of mostly software tasks [33, 34].

Outcome-only scores miss part of what matters. In a 2025 METR study, an agent's average success rate

on the maintainers' tests was 38% across 18 real repository issues, and none of the 15 pull requests

reviewed by hand was mergeable as-is [36].
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Background
What an agent evaluation measures

A January 2026 guide to agent evaluation from one model provider sets out the vocabulary used here [37]. A

task is "a single test with defined inputs and success criteria", and each attempt at it is a trial. A grader is logic

that scores some aspect of the agent's performance. The transcript is the complete record of a trial,

including tool calls and intermediate results, and the outcome is the final state of the environment at the end

of the trial [37]. Evaluating an agent means evaluating the harness and the model together [37]. Task success

reads the outcome. pass@k and pass^k read outcomes across trials. Tool-call measures read the transcript.

Cost reads the resources a trial used, and time horizon reads success rates across tasks of different lengths.

Why accuracy alone falls short

In 2024, the authors of "AI Agents That Matter" found that agent benchmarks focused narrowly on accuracy,

and that for substantially similar accuracy, cost could differ by almost two orders of magnitude [8]. A 2026

reliability study adds that a single success metric hides whether agents behave consistently across runs,

withstand perturbations, fail predictably or keep errors bounded [7]. NIST's generative AI profile asks that

performance be measured for conditions similar to deployment and that evaluators avoid extrapolating from

narrow, non-systematic and anecdotal assessments [1]. NIST's Center for AI Standards and Innovation

released draft practices for automated benchmark evaluations of language models and agent systems in

January 2026 [2].

This report is for ML engineers, product owners and QA leads who build or buy agents and need to know

how each metric is computed and what it misses.
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Method
What was examined. Task success, pass@k, pass^k, other consistency measures, tool-call accuracy,

trajectory measures, refusal and escalation, cost and latency, time horizon, and the graders behind them. For

each: the defining source, the formula or rule, what the metric needs and what it does not see.

Sources. Papers that define or test the metrics [3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18], NIST's profile and draft

[1, 2], framework and service documentation [19, 20], leaderboards and their data

[21, 22, 26, 27, 28, 29, 30, 31, 32, 33, 34, 38], benchmark authors' posts [23, 24, 25, 35, 36] and the provider guide [37].

How. Definitions were read in each source's full text and are given in plain notation. Leaderboard figures

come from the published data files, each with its date. Numbers computed for this report are labelled.

Models are described by kind and release date. Web pages were viewed on 24 October 2026, or on 7

November 2026 where the source entry says so.

Notation. For one task, n is the number of trials, c the number that succeeded and p the success rate. C(a, b)

is the number of ways to choose b items from a. pass@k, pass^k and outcome consistency are computed

per task and averaged over tasks.
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Findings
1. Task success is a final-state check, and graders can be wrong

tau-bench, released in June 2024, gives a customer-service episode a reward of 1 only if the final database

is identical to the ground-truth database and the agent's replies contain all necessary information. The

average reward across tasks is its main metric, written pass^1 [3]. Its successor, tau2-bench, rewards the

overall state, such as a user's issue being fixed as shown in the user's database [5]. CORE-Bench counts a

task as solved only if every question about a code repository is answered correctly. In the paper, first posted

in September 2024, its best baseline agent solved 21.48% of the hard tasks [11]. The provider guide states the

principle with an example: an agent may say a flight is booked, and the outcome is whether a reservation

exists in the environment's database [37]. It also recommends partial credit for tasks with several parts [37].

Graders can err in both directions. tau-bench's authors note that a reward of 1 can be necessary without

being sufficient, as when an agent issues a return without explicit user confirmation [3]. The Agentic

Benchmark Checklist found in 2025 that a trivial agent returning empty responses reached 38% on tau-

bench's airline tasks, because impossible tasks counted as successes. Seven of the ten benchmarks it

assessed had flaws in outcome validity [14]. In the provider guide's January 2026 account, one frontier

model's CORE-Bench score rose from 42% to 95% after fixes for rigid grading, ambiguous task

specifications and stochastic tasks that could not be reproduced exactly, together with a less constrained

scaffold [37]. HAL describes the same change as an updated scaffold plus fixes to a few grading errors, and

declares the benchmark solved [26]. The tau-bench leaderboard records a February 2026 audit that fixed

more than 50 airline and retail tasks [28].

A final-state check does not show how the state was reached, how often the agent reaches it or at

what cost.

2. pass@k and pass^k answer opposite questions

Definitions. Under pass@k, the 2021 HumanEval paper counts a problem as solved if any of k samples

passes the unit tests. It estimates pass@k from n ≥ k samples with c correct as 1 - C(n-c, k) / C(n, k), and

shows that the shortcut 1 - (1 - p)^k is biased [4]. tau-bench proposes pass^k for tasks that need consistency,

such as customer service: the chance that all k independent trials succeed, estimated as C(c, k) / C(n, k)

[3]. At k = 1 the two are identical. As k grows, pass@k approaches 100% and pass^k approaches 0% [37].

The provider guide recommends pass@k where one success matters and pass^k where consistency is

essential [37].

k pass@k = 1 - 0.25^k pass^k = 0.75^k

1 75.0% 75.0%



07 / 20Rillor | Agent evaluation metrics and what each one tells you

k pass@k = 1 - 0.25^k pass^k = 0.75^k

2 93.8% 56.3%

3 98.4% 42.2%

4 99.6% 31.6%

8 100.0% (rounded) 10.0%

Table 1. One task at 75% success per trial, independent trials. Computed for this report from the definitions

in [3, 37]. The guide gives pass^3 as about 42% [37].

Finite samples. For a task with 6 successes in 8 trials, pass^3 = C(6, 3) / C(8, 3) = 20/56 = 0.357, against the

plug-in 0.75³ = 0.42. pass@3 is 1, since every set of three trials includes a success (computed for this report

from [3, 4]).

Published values. In June 2024, a function-calling agent on a widely used hosted model reached about 61%

pass^1 on tau-bench retail, with pass^8 below 25% [3]. In June 2025, tau2-bench reported that for one model

whose pass^1 was similar in its new telecom domain and in airline, pass^k fell faster in telecom as k grew [5].

Domain Evaluated pass^1 pass^2 pass^3 pass^4 Source

Banking knowledge, top four-trial entry 3 Aug 2026 55.2% 45.2% 39.7% 35.1% [30]

Banking knowledge, another model 24 Jul 2026 47.9% 39.5% 35.3% 32.0% [31]

Retail, one model 27 Feb 2026 84.4% 74.4% 66.5% 59.7% [32]

Telecom, the same model 27 Feb 2026 97.8% 95.8% 93.9% 92.1% [32]

Table 2. tau-bench leaderboard submission files, four trials per task, rounded to one decimal. The top entry

has the highest banking pass^1 of the four-trial submissions listed in the leaderboard's manifest, checked for

this report against each listed file [29]. A submission the leaderboard labels custom, its term for results that

change the benchmark-side setup or use benchmark-specific training or data, reports 73.2% banking pass^1

from one trial per task, evaluated on 3 November 2026, with no pass^2 to pass^4 [28, 38].
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The same model lost about 25 points from pass^1 to pass^4 in retail and under 6 in telecom (computed for

this report from [32]). That submission notes that its banking results were re-graded under tau2-bench v1.0.1

on 15 July 2026, and that earlier scores are not comparable [32].

In practice. Inspect, the UK AI Security Institute's evaluation framework, implements pass_at_{k} and

pass_k_{k} reducers (for example pass_at_5) over repeated runs, which it calls epochs [19]. NIST's draft

notes that more trials per item raise cost and reduce uncertainty [2]. Both estimators assume independent

trials, and the provider guide asks that each trial start from a clean environment [37].

3. Consistency also covers rephrasings and model versions

A 2026 study, listed on arXiv as accepted at ICML 2026, proposes twelve reliability metrics in four

dimensions: consistency, robustness, predictability and safety [7]. Table 3 lists those that bear on consistency.

Metric What it measures Formula or rule

Outcome

consistency

Same success or failure on repeated

attempts

(2p - 1)² over K runs per task

Trajectory

consistency

Similar paths across runs Divergence of action frequencies and distance between

action orderings

Resource

consistency

Stable cost, time and API calls exp(-mean coefficient of variation)

Prompt robustness Same accuracy on reworded

instructions

min(accuracy on paraphrases / baseline, 1)

Fault robustness Same accuracy under injected failures min(accuracy with faults / baseline, 1)

Table 3. Source: [7].

Outcome consistency is 1 when an agent always succeeds or always fails on a task and 0 at a 50/50 split, the

corrected formula published on the HAL reliability dashboard [27]. An agent at 75% success has pass@1 of

0.75 and outcome consistency of 0.25 (computed for this report from [7]).

The study ran 15 models on GAIA and on a 26-task verified subset of tau-bench airline, five runs per task at

temperature zero, with five paraphrases per instruction [7]. Outcome consistency was low for every model.

Agents repeated similar kinds of actions more reliably than the same order of actions. Sensitivity to

paraphrasing varied substantially across models, smaller models often matched larger ones on consistency,

and recent capability gains brought only small improvements in reliability [7].
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Versions change results too. A 2023 study found that one hosted model's accuracy at telling prime from

composite numbers went from 84% in its March version to 51% in its June version [16]. The HAL dashboard

recommends repeated runs, perturbed inputs and re-evaluation at regular intervals to catch silent

degradation [27]. On error bars, a 2024 paper recommends a standard error with every score, clustered

when questions come in related groups, and paired comparisons between models. In its example, clustered

standard errors were over three times the naive ones [17]. Inspect offers a Wilson interval for binary

scores [19].

4. Tool-call accuracy has several definitions

Exact call matching. The first version of the Berkeley Function Calling Leaderboard (BFCL) introduced AST

evaluation. The function name must match, every required parameter must be present with an exact value,

only documented parameters may appear and types are checked strictly. Any mismatch fails the answer [23].

Relevance detection offers only irrelevant functions and expects no call at all [23].

State and response checks. BFCL V3, from September 2024, checks multi-turn tasks after every turn

against the ground-truth backend state and against the minimal viable execution path. An entry passes only

if both checks hold in all turns [24]. The state check allows several valid routes, and the response check

catches calls, such as a zip-code lookup, that leave no mark on the state [24].

The overall score. BFCL V4 weights agentic tasks 40%, multi-turn 30%, and live, non-live and hallucination

measurement 10% each [25]. The leaderboard page, by contrast, calls overall accuracy an unweighted

average of sub-categories [21]. A check for this report found that the V4 weights reproduce the overall

scores in the results table, last updated 12 April 2026, to within 0.01 points for the top six entries, and that an

unweighted mean does not [22].

Trajectory metrics. One cloud provider's agent evaluation documentation, a pre-release page last updated

on 7 November 2026, separates final response evaluation from trajectory evaluation [20]. It defines exact

match (the same calls in the same order), in-order match (reference calls in order, extras allowed) and any-

order match against a reference trajectory. It adds precision, the share of predicted actions found in the

reference, and recall, the share of reference actions found in the prediction [20].

Milestones and minefields. ToolSandbox, a 2024 benchmark with 1,032 test scenarios, scores milestones:

the critical steps a goal needs, ordered by temporal dependency and matched with a similarity from 0 to 1. A

minefield is an event that must not occur, and hitting one sets the trajectory's score to zero. Turn count

tracks efficiency separately [12].

Error types. In tau-bench's 2024 analysis of 36 retail failures, wrong arguments or information caused about

55%, wrong decisions about which call to make 25% and partial resolution of compound requests 19% [3].
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Method Unit scored Passes when Source

AST match One call Name, required parameters and types match exactly [23]

State check Each turn Backend state equals the ground truth [24]

Response check Each turn Execution path matches the minimal ground-truth path [24]

Trajectory match Whole run Calls match a reference under an order rule [20]

Precision and recall Whole run Share of actions in common with a reference [20]

Milestones and minefields Whole run Required steps present, forbidden events absent [12]

Table 4. Tool-call and trajectory scoring methods, as each source defines them.

5. Outcome vs trajectory evaluation

The provider guide found tests of fixed tool-call sequences too rigid, since agents regularly find valid

approaches that designers did not anticipate, and it advises grading what the agent produced over the path

it took [37]. BFCL's authors note that pure path matching marks error recovery and redundant actions as

wrong [24].

Path data still shows what an outcome hides. HAL found that on SciCode and CORE-Bench, agents almost

never finished a run without a single tool-calling failure, even when they succeeded, and that agents that

fixed a tool-call or instruction-following error mid-run were 1.5 to 4 times more likely to succeed [6].

AgentAtlas notes that an agent can reach a correct state through an unsafe path [13]. Milestones and action-

level precision and recall check required steps without fixing every step [12, 20].

6. Refusal and escalation are scored when the correct action is known

Each scored case states the right action in advance.

Transfer rules. tau-bench's policies tell the agent to transfer the user to a human agent if and only if the

request cannot be handled within the scope of its actions, through a transfer_to_human_agents tool

[3].

Missing information. BFCL V3 has 200 missing-parameter cases, where the model should request

clarification, and 200 cases where no available function fits [24]. ToolSandbox uses minefields to test that

an agent recognizes an impossible task instead of hallucinating [12].
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Both directions. XSTest pairs 250 safe prompts with 200 unsafe ones and classifies responses as full

compliance, full refusal or partial refusal. One open model tested in 2023 fully refused 38% of the 250 safe

prompts and partially refused another 21.6% [15]. The provider guide asks for tests of the cases where a

behavior should occur and those where it should not [37].

Control decisions. AgentAtlas, posted in May 2026, defines six control states: act, ask, refuse, stop,

confirm and recover. Its failure risks include over-acting, unnecessary asking, over-refusal and missing

irreversibility [13].

Refusals also touch other scores. NIST's draft asks evaluators to check transcripts for refusals that may affect

results [2]. The reliability study scores compliance and harm severity, and keeps safety out of its aggregate

because averaging hides tail risks [7]. The HAL dashboard ranks incorrect charges and refunds first among

failure modes on its customer-service tasks [27].

7. Cost and latency per success

"AI Agents That Matter" argues that accuracy alone cannot identify progress, because retrying raises it. One

code-generation system went from close to 0% to over 30% with a million retries [8]. For a procurement

decision, cost is "the actual construct of interest" [8].

Cost-of-pass, from a paper published at ICLR 2026 according to its PDF, is the expected cost of one attempt

divided by the probability of success: the expected cost of one correct solution under independent trials. It

is infinite when the success rate is zero [9]. The paper tests language models on quantitative and knowledge

tasks, and the formula applies to an agent trial unchanged.

Agent Cost per attempt Success rate Cost per success

A $0.50 40% $1.25

B $2.00 90% $2.22

Table 5. Hypothetical numbers, computed for this report with the formula in [9]. Agent A costs less per

success. Agent B succeeds more than twice as often.

HAL's October 2025 paper ran 21,730 rollouts across 9 models and 9 benchmarks for about $40,000, with

prices as of 24 September 2025 [6]. Its findings on cost:

"In only 1 of 9 benchmarks do we observe the most costly model run on the Pareto frontier" [6].

In 21 of 36 model, agent and benchmark combinations, more reasoning effort gave equal or lower

accuracy [6].
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On one web benchmark, two scaffold and model pairs cost $171 and $1,577, a ninefold difference for two

points of accuracy [6].

The average cost of one evaluation ranged from $13 to over $450, by benchmark [6].

The HAL site puts it in one line: "Agents can be 100x more expensive while only being 1% better" [26].

BFCL reports cost as an estimate for the entire benchmark in US dollars and latency in seconds [21]. In its

table of 12 April 2026, the first-ranked entry, a proprietary model, scored 77.47% at $86.55 with a mean

latency of 4.38 seconds. An MIT-licensed model ranked fourth scored 72.38% at $4.64 [22]. tau-bench put its

2024 agent cost at $0.38 per task [3]. The reliability study found high run-to-run variance in token and

compute use [7]. NIST's draft notes that performance can often be raised by running systems in higher-cost

modes, and recommends reporting cost alongside performance when systems are not uniformly cost

controlled [2].

8. Time horizon converts success rates into task length

METR's paper, listed on arXiv as published at NeurIPS 2025, defines the 50% time horizon as the time humans

typically take to complete tasks that models can complete with 50% success [10]. Each task's length is the

geometric mean time of successful human baselines, and a logistic fit of success against the log of task

length gives the horizon [10]. METR runs six independent attempts per task [33]. Its FAQ answers no to

whether the horizon means the length of time an agent can act autonomously, and describes it as a measure

of task difficulty [33].

Model released 50% horizon Bounds 80% horizon

March 2023 4.0 min 1.9 to 8.0 0.9 min

February 2025 60.4 min 33.0 to 104.2 12.1 min

April 2025 119.7 min 74.6 to 190.9 30.0 min

November 2025 293.0 min 161.7 to 623.7 49.4 min

February 2026 718.8 min 316.7 to 3,633.8 69.9 min

Table 6. One model per row, in minutes of human expert time, from METR's Time Horizon 1.1 data file [34]. The

page was last updated on 8 September 2026 [33]. The file does not state the confidence level of its bounds.
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For the four models released in 2025 and 2026, the 80% horizon was 4.0 to 10.3 times shorter than the 50%

horizon (computed for this report from [34]). The paper reported 4 to 6 times on its original suite [10]. It

estimated a doubling time of 207 days [10]. Time Horizon 1.1, released on 29 January 2026, grew the suite

from 170 to 228 tasks and changed or removed tasks that were confusing, easy to reward-hack or wrongly

scored. At that release the post-2023 doubling time moved from 165 to 131 days [35], against 128.7 days in

the data file viewed for this report [34], and only 5 of the 31 tasks of 8 hours or longer had measured human

times [35]. The data file includes models released after that post [34].

METR treats measurements above 16 hours as unreliable, its suite is mostly software engineering, machine

learning and cybersecurity tasks, and the page is no longer actively updated [33]. The paper calls its

projection of a one-month horizon between mid-2028 and mid-2031 a naive extrapolation [10]. At $143.61 an

hour for an expert, it found that more than 80% of successful runs cost less than 10% of what a human

would cost [10].

9. What outcome-only scores leave out

In an August 2025 study, METR tested an early-2025 agent on 18 real issues from two open-source

repositories. The agent's average success rate on the maintainers' tests was 38%, with a 95% confidence

interval of plus or minus 19 points, and none of the 15 pull requests reviewed by hand was mergeable as-is.

Reviewers estimated an average of 26 minutes of fixes even for those that passed [36]. HAL's log analysis

found that web benchmarks score an agent that abstains the same as one that leaks a user's credit card

details, and found eight cases where agents located gold answers online [6]. The HAL dashboard documents

ground truth reaching GAIA agents through input files and online mirrors [27]. NIST's draft warns of grader

gaming, such as removing failing tests instead of fixing the bug [2]. AgentAtlas argues that outcome, control

decisions and trajectory need separate scores. In its illustrative run no model was top-ranked on every axis,

and its authors say the run supports no stable ranking [13].

10. Graders: code, model and human

Grader Methods Strengths Weaknesses

Code String match, binary tests, outcome and

tool-call verification, transcript analysis

Fast, cheap, objective,

reproducible

Brittle to valid variations

Model Rubrics, assertions, pairwise and reference-

based comparison

Flexible, scalable, captures

nuance

Non-deterministic, needs

calibration with humans

Human Expert review, spot checks, inter-annotator

agreement

Gold-standard quality,

calibrates model graders

Expensive, slow

Table 7. Grader types in the provider guide [37].
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The guide asks that model graders be calibrated with human experts and given a way out, such as answering

"Unknown" when information is missing [37]. A 2023 study found that strong model judges agreed with

human preferences on chat answers over 80% of the time, the level humans reach with each other, and

documented position, verbosity and self-enhancement biases [18]. The guide adds that scores should not be

taken at face value until someone reads the transcripts, and that with frontier models a 0% pass rate across

many trials is "most often a signal of a broken task" [37].
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Implications
For teams building agents. Report the per-trial success rate with the number of trials behind it, and add

pass^k where users expect the same result every time [3, 37]. Use the unbiased estimators when trials are few

[3, 4]. Test reworded instructions and each new model version, since both moved results in the studies

reviewed [7, 16]. Track tool-call errors by type, because they appear even in runs that succeed [3, 6].

For product owners and buyers. Ask what a success figure counts. In METR's study, a test-pass score and a

reviewed-output score differed widely for the same agent [36]. Ask for cost reported with accuracy [2, 6], for

the score of a do-nothing agent on the same tasks [14] and for the benchmark and model versions behind

every figure [2]. A leaderboard figure is a dated measurement [30, 31, 32].

For QA leads. Write the correct action into every refusal and escalation case, including cases where the

agent should proceed, so that over-refusal and under-refusal both show up [15, 37]. Keep the outcome check

separate from the path check, and where several paths are valid, limit path checks to required steps and

forbidden actions [12, 37].

For researchers and benchmark authors. The checklist asks for confidence intervals, baselines that use no

model and trivial-agent results [14]. NIST's draft adds benchmark and model versions, test-item counts and

cost controls [2].

Pre-deployment testing. Rillor tests the agents an organization plans to deploy on its own tasks, measured

through inputs and outputs on pinned model versions. It scores task success on cases with known

answers, refusal and escalation, tool-use errors, and consistency across repeated runs, rephrasings and

model versions.
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Limits of this analysis
This is an explainer of published definitions. It does not rank models or agents, and leaderboard figures

are dated snapshots that change with new submissions and grading fixes [28, 29].

No source reviewed compares the tool-call scoring methods on the same agent, so this report sets them

side by side without ranking them.

No source reviewed gives accepted thresholds for pass^k, consistency or escalation rates, or measures

escalation in production. The report states none.

Cost-of-pass was tested on language-model tasks [9]. Table 5 applies the formula to hypothetical agents.

Time horizons come from a suite of software, machine learning and cybersecurity tasks, on a page that is

no longer actively updated [33].

The model-judge agreement figure comes from 2023 chat answers [18].

NIST AI 800-2 is cited as an initial public draft [2].

The pass@k and pass^k estimators assume independent trials [3, 4]. Shared state, caching or rate limits

can break that assumption, and no source reviewed measures the effect.

Several sources are preprints. The reliability study is listed as accepted at ICML 2026 [7], and the HAL site

states that its paper was accepted at ICLR 2026 [26].
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Notices

Superintelligence (SI) outputs can be wrong. Important decisions should include human review.

Work with Rillor
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