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Figure 1: One lesson, each product’s own way of learning. The arena repeats a business demonstration through Brackett, Claude, and
Codex’s native teaching interfaces, then applies a common question and grading contract. The comparison includes capture, processing,
memory, and answering. It does not require the products to share an internal representation.

Abstract
We often teach a colleague by showing the work and explain-
ing it as we go. The lesson includes what is on screen, what
we say, and why one case needs a different decision. We
present SHOWTELLARENA, a benchmark for measuring what
agentic systems understand after this kind of demonstration.
The arena combines multimodal teaching, realistic business
processes, and questions about the facts, rules, boundaries,
and exceptions that govern the work. Each product uses its
own teaching interface and learned state. We hold the demon-
strated scenario and assessment contract fixed. The compari-
son therefore measures the complete Teach–Comprehend ex-
perience. A preliminary snapshot contains 191 selected at-
tempts across 39 tested cases, with 24 cases shared by Brack-
ett, Codex, and Claude. We report case means alongside cover-
age and incomplete attempts. The pilot also shows why exam-
ination needs product-specific access controls: an agent may
look up an answer outside its lesson, or fail before there is
an answer to grade. SHOWTELLARENA is a focused assess-
ment within the Agent Effectiveness Index (AEI). Its compre-
hension score diagnoses acquisition; execution and persistent
learning require separate measurements.

1 Introduction
Imagine we have a colleague who knows how to handle a busi-
ness process. We ask them to show a new teammate the work.
They open the relevant records, point to a value, and explain
why it matters. They also explain the exceptions: when the
usual rule stops applying, who can approve a change, and what
should be left alone. Much of this knowledge lives in the work
itself, rather than in a complete written procedure.

We increasingly expect agents to learn in the same way. But

showing an agent a process does not tell us whether it under-
stood it. The agent may reproduce the clicks while missing
the rule. It may remember the rule but miss an exception. It
may give a sensible answer based on general knowledge that
is wrong for this business.

SHOWTELLARENA asks a focused question: after one nar-
rated demonstration, what can the agent explain and apply?
A task combines a repeatable software scenario with a demon-
stration and a fixed quiz. Questions test the details that change
a business decision. The products receive the same demon-
strated work, but use their own teaching interfaces, tools, and
memory. These differences are part of the system being evalu-
ated.

Existing work studies important parts of this problem.
WorkArena and OSWorld evaluate agents doing work in soft-
ware Drouin et al. (2024); Xie et al. (2024). WONDER-
BREAD and VideoWebArena examine knowledge from work-
flow demonstrations and tutorials Wornow et al. (2024); Jang
et al. (2025). Our focus is their intersection with native
product teaching: multimodal business lessons, explicit com-
prehension questions, and multiple agentic systems tested
through the interfaces their users actually use.

Our contributions are a common assessment protocol across
these interfaces, business-specific questions with inspectable
evidence, and a preliminary comparison that reports answers
and failures together. We also describe what administering the
exam taught us about question quality and access controls.1

Where AEI fits. The Agent Effectiveness Index is our
broader specification for reviewing useful work by agentic sys-
tems Brackett Labs (2026). It measures business understand-
ing (B), operational execution (O), and learning persistence
(L), with cost and safety reported alongside them. SHOWTEL-
LARENA supplies a comprehension assessment for the Show

1Benchmark code and public task sample.

1

https://github.com/bracketthq/showAndTell-arena
https://huggingface.co/datasets/brackettai/showtellarena


& Tell teaching profile. This assessment is reported separately:
it does not substitute for any AEI pillar. A good explanation
after teaching still needs to be followed by tests of execution,
transfer, retention, and adaptation.

2 Related Work

Doing the work. WorkArena evaluates common enterprise
tasks in ServiceNow, while OSWorld evaluates computer
tasks across real applications Drouin et al. (2024); Xie et al.
(2024). CRMArena-Pro adds professional CRM scenarios and
interactions Huang et al. (2025). APEX-Agents studies long-
horizon work across applications in professional services Vid-
gen et al. (2026). τ -bench tests tool use and policy following
in conversations with simulated users, checking final database
state and reliability across repeated trials Yao et al. (2024).
TheAgentCompany evaluates work in a simulated company,
including communication with coworkers; ITBench covers
site reliability, compliance, and financial operations Xu et al.
(2024); Jha et al. (2025). These benchmarks motivate realis-
tic business evaluation. Our measured outcome is different:
comprehension after a demonstration, before assuming that
the agent can carry out the work.
Understanding a demonstration. WONDERBREAD stud-
ies workflow documentation, knowledge transfer, and process
improvement Wornow et al. (2024). VideoWebArena explic-
itly tests factual and skill retention from video tutorials, in-
cluding factual question answering Jang et al. (2025). GUI-
World evaluates understanding of GUI videos Chen et al.
(2025). Building on these precedents, SHOWTELLARENA em-
phasizes business rules and exceptions within a comparison of
complete native teaching experiences.
Representing multimodal context. MM-Vid combines vi-
sual and speech information into scripts that support reason-
ing over long videos Lin et al. (2023). Brackett similarly pre-
serves connections among spoken explanation, actions, and
screen evidence. In the arena, however, this is one product’s
way of learning. It is not a representation imposed on its com-
petitors. A separate common-context experiment could isolate
reasoning from capture and memory; it would answer a differ-
ent question.
Reviewing agentic systems. The MIT AI Agent Index doc-
uments system properties and transparency from public infor-
mation and developer correspondence AI Agent Index (2025).
AEI instead specifies performance measurements against de-
clared business goals Brackett Labs (2026). SHOWTEL-
LARENA makes one part of that evaluation concrete. Neither
a descriptive index nor a comprehension quiz alone measures
the full value of an agent at work.

3 The Arena
A benchmark task contains a starting business state, a narrated
demonstration, a question set, and a grading contract. The
demonstration may be replayed from recorded actions so dif-

Held fixed Scenario, starting records,
demonstrated actions and narration,
questions, grading contract

Product-specific Teaching interface, captured
representation, processing, permitted
memory and tools

Table 1: Common work, native teaching. The comparison includes
differences in capture and memory. It does not isolate foundation-
model capability.

ferent products encounter the same scenario. This keeps the
business facts and teaching content stable without replacing
the product’s own capture mechanism.

3.1 Each product on its own turf
The current harness supports Brackett Show & Tell, Claude
Teach, and Codex Record & Replay. It starts the product’s
teaching flow, performs the task with aligned narration, lets
the product finish processing, and asks the fixed quiz. Codex
is tested on macOS because its Teach mechanism relies on
operating-system internals. The other adapters support ma-
cOS and Linux.

A run starts with task-specific state reset. The product may
retain what it created during the teaching phase under the de-
clared memory policy. It must not obtain the answer key,
teacher-only source, or fresh answers from the fixture database
during the quiz. Inspecting its own permitted notes is part of
the product experience; reopening an evaluator’s answer file is
not. The access policy must distinguish these paths explicitly.

Same-task comparison does not imply identical internal
context, operating systems, or resource use. Product and
model versions, capture settings, permitted tools, time limits,
and human interventions belong in the run record. These con-
ditions are necessary for interpreting a score, even when the
commercial product hides some internal details.

3.2 What the questions ask
We ask about facts that matter to the decision, relationships
between records, the governing rule, an exact boundary, and
an exception. A useful question can change the case while
keeping the demonstrated policy. It can also ask an agent to
diagnose an automation that applies the wrong rule. Know-
ing which button was clicked is sometimes relevant, but is not
enough to establish understanding of the work.

Each expected answer needs evidence in what was shown
or told. Task code and seeded records help check the scenario,
but cannot establish that a learner was taught a fact. Ques-
tions should not require private knowledge of the evaluator or
a policy that never appeared in the lesson.

The runner supports multiple-choice, closed-answer, and
rubric-scored questions. Closed answers use normalization
and accepted aliases, with a configured semantic-equivalence
fallback. Rubrics specify what an explanation must establish
and allow bounded partial credit. Judge configuration and
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Business process Listed cases

Hiring & people 11
Finance & procurement 10
Customer & sales 9
Inventory & orders 8
Logistics & fleet 4

Total 42

Table 2: The work represented in the workbook. Editorial group-
ing of exact case names; 3 entries have no attempts. Related variants
are not automatically independent workflow families.

overrides are recorded; an unavailable judge leaves a run un-
graded rather than turning it into a learner failure.

3.3 Scoring
Let qajr ∈ [0, 1] be the quiz score for agentic system a, case
j, and attempt r. Within an attempt, the quiz combines its
question grades according to the fixed grading contract. The
reported system score first averages attempts within each case,
then gives each included case equal weight:

Ca =
100

|J |
∑
j∈J

1

Raj

Raj∑
r=1

qajr. (1)

Here Raj is the number of included attempts for that system
and case. For the shared comparison, J contains only cases
attempted by every system.

In the supplied workbook, an NA denotes an incomplete at-
tempt and contributes zero; a blank denotes an untested case
and is excluded. Numeric zero is a graded answer. We re-
port coverage and incomplete outcomes alongside the mean.
This selected-attempt convention must not be used to relabel
a missing grade or an unknown infrastructure failure as ob-
served poor comprehension.

4 Business Tasks and Questions
The result workbook lists 42 cases, of which 39 have attempts.
They cover hiring, finance, procurement, customer decisions,
inventory, and logistics. We group the case names by business
process in Table 2; variants remain separate entries. This is
the scored-workbook inventory, not a claim that every entry is
present in the public sample dataset.

4.1 One inbox, different decisions
The public Customer Returns Inbox Triage task shows why
this needs more than generic application knowledge. Its pol-
icy allows normal refunds within 30 days of delivery. The han-
dler can approve up to £50 directly; larger eligible requests go
to finance. An item that arrived damaged overrides both nor-
mal gates and is refunded directly. These are the rules of this
scenario, not general advice about returns.

What changes the decision?
30 days, £41, normal return Approve directly
5 days, exactly £50 Approve directly
Over 30 days, £74, arrived
cracked

Damage exception:
approve directly

Figure 2: Boundary and exception questions. Applying a general
returns policy would give the wrong answer. The learner needs the
policy that was demonstrated. Appendix A gives the question word-
ing and evidence.

The pinned public revision contains 11 questions: eight
closed answers and three rubric-scored explanations. Nine
questions cite narration, six cite screenshots, and four cite
source files; a question can use several evidence types. The
sample has been revised since earlier runs, so it illustrates
task design rather than reconstructing the workbook’s quiz ver-
sions.

4.2 Choosing a spread of tasks
TCI, the Task Complexity Index, is a useful heuristic for buck-
eting candidates for the arena. It combines rule structure, ev-
idence, planning, precision, implicit constraints, and demon-
stration burden. We use it to spread tasks across expected dif-
ficulty levels and look for cases we expect to be harder. The
weights and buckets are design choices. They do not establish
a validated difficulty scale or explain an agent’s score on their
own.

5 Writing and Running the Exam
Writing the questions requires a different kind of understand-
ing from answering them. An examiner needs to know which
detail changes the decision and which plausible answer would
be wrong. In our pilot development, many agent-written ques-
tions sounded reasonable but did not survive human review.
They tested a generic fact, gave away the answer, or missed
the exception that made the work interesting.
Evidence and answerability. Review starts with the demon-
strated lesson. Each required answer claim must point to sup-
porting narration, visible state, or another permitted observa-
tion. Voice explains why; the screen supplies the values and
records being discussed. Neither an unseen database row nor
a hidden interface element becomes teaching evidence simply
because the evaluator can access it. Independent reviewers
should be able to answer the question from the permitted les-
son and explain why the rubric accepts their answer.
Cold answers and guessing. A no-demonstration control
asks the same question without the lesson. It helps identify
answers supplied by prior knowledge or cues in the wording.
Multiple-choice options can make this especially easy: a capa-
ble model may pick the plausible business rule without learn-
ing it. The current public returns sample therefore uses closed
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answers and explanations. That format alone does not prove
demonstration dependence; its revised wording still needs the
documented cold and attentive-human controls.
Different products, different paths to the answer. Dur-
ing pilot development, agents attempted to inspect the viewer,
question files, local code, or fixture data while being quizzed.
Those paths can turn an apparent comprehension score into
answer lookup. Other runs stopped earlier because a teach-
ing shortcut was empty or processing did not complete. The
exam needs a common access policy enforced through each
product’s actual tools and environment. A prompt asking the
learner not to look is insufficient.
Failure and repetition. Record what failed: demonstration,
capture, processing, answer generation, grading, or infrastruc-
ture. Long demonstrations make a restart expensive, so failed
and restarted runs must remain visible. A predeclared repeat
schedule and termination rule prevent successful retries from
quietly replacing the failures. Preserve run artifacts for regrad-
ing; a grader change should not require repeating the demon-
stration.

These are assessment requirements and lessons from devel-
oping the arena. The selected workbook does not establish
that every historical attempt passed a complete leakage audit.
We retain that distinction in the results rather than treating the
presence of a control in the design as evidence that it was en-
forced in a run.

6 Preliminary Findings
We analyze the workbook snapshot dated 12 September 2026.
It contains 191 selected attempts across 39 tested cases. Brack-
ett has three selected attempts on 29 cases and two on 10;
Claude has two selected attempts on 30 cases; Codex has
one selected attempt on 24 cases. The workbook also lists
10 earlier Brackett attempts that it marks as excluded from its
overview; the snapshot keeps them for provenance and does
not score them. Table 3 compares only the cases attempted by
all three systems, using the aggregation in Section 3.3.

Brackett is a fused/multiple-model system. For the other
products, the workbook’s second sheet, Detailed Analysis,
records these evaluated-model labels: Codex: model not
recorded (24 attempts); Claude: Sonnet 5 (60 attempts). These
source labels do not pin exact model or adapter versions. The
model used to grade an answer is recorded separately from the
evaluated system.
The mean includes failures to produce an answer. Across
all tested cases, Brackett has 107 graded attempts out of 107,
Codex 24 out of 24, and Claude 12 out of 60. The workbook
notes label 41 Claude attempts as empty shortcuts and 7 as re-
fusals. These annotations describe the selected runs; they are
not independently estimated product-wide failure rates. A low
mean can reflect both incorrect answers and failures earlier in
the teaching experience.
Different cases expose different strengths. On the shared
set, Brackett has the highest case mean on 18 cases, Codex on
4, and Claude on 2 (0 ties). The largest differences between

System Score (%) Graded/attempted Coverage

Brackett 84.0 71/71 39
Codex 58.1 24/24 24
Claude 15.7 10/48 30

Table 3: Comprehension on 24 shared cases. Score and graded-
attempt counts use the shared set; coverage is the number of tested
cases per system in the full workbook. Graded means a numeric
quiz score, not successful execution. These are selected pilot runs
with non-canonical grades: manual grades for 60 Brackett attempts
and for the Claude and Codex attempts, and grades imported from
Claude Sonnet 4.6 for the remaining 47 Brackett attempts (the third
attempt set and the cases tested only by Brackett).

selected attempts of the same case also show why a mean is
not enough: the workbook contains ranges of 55 percentage
points for Brackett and 92 for Claude, with the latter includ-
ing an incomplete attempt. These are selected extremes, not
estimates of typical variability or learning over time.
What this comparison supports. The snapshot shows that
native teaching experiences can produce different outcomes
on the same business cases, and that capture and answer pro-
duction need to be reported with the quiz scores. It does not
identify how much of the difference comes from the under-
lying model, memory, capture, or access conditions. Model
versions, the full run-selection history, and the mix of man-
ual and model-imported grades are not sufficiently pinned to
make this a canonical ranking.

We do not report confidence intervals, cold-to-taught gains,
or question-family scores from this workbook: the selected at-
tempts do not supply the complete evidence needed for those
claims. A prospective comparison should freeze all repeti-
tions, task versions, access policies, and grading before run-
ning. It can then report paired differences and uncertainty
while keeping related questions and task variants together. Ap-
pendix B describes the record needed for that comparison.

7 Discussion and Conclusion
SHOWTELLARENA measures what an agentic system under-
stands after being shown a business process through its own
teaching interface. It combines multimodal evidence with
questions about the rules, boundaries, and exceptions that gov-
ern the work. The preliminary results also make a practical
point: before comparing answers, we need to know whether
the product captured the lesson, produced an answer, and
stayed within the exam’s access policy.

The tasks are authored business scenarios, not a represen-
tative sample of every organization. The pilot uses selected
attempts and non-canonical grading, partly manual and partly
imported from a model grader. These limits matter when inter-
preting the numerical comparison, but do not remove the need
to test the teaching step itself.

AEI asks the larger question of whether an agent under-
stands the business, does the work, and keeps learning. Show
& Tell contributes a focused assessment: after the lesson, what
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did the system pick up? Execution, transfer, delayed retention,
and adaptation must then be measured on their own terms.
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A A Question Needs a Business Rule
and Its Evidence

The following examples come from the public Customer Re-
turns Inbox Triage quiz at revision f4aa425. The complete
question file, including evidence paths and hashes, is retained
with this manuscript. Its fresh cold-read and attentive-human
audits remain pending after wording changes. We use it to
illustrate the assessment design, not to certify every earlier
score.

An exact boundary

Question. On 9 April, Sam requested £41 for an item de-
livered on 10 March, while Nadia requested £50 for an item
delivered on 4 April. How should the handler process both
requests?

Expected answer. Approve both directly. Sam is exactly at
the 30-day boundary; Nadia is exactly at the £50 authority
limit. Both boundaries are inclusive.

Evidence. The narrated policy and the source messages es-
tablish the dates and amounts. A generic statement such as
“escalate expensive returns” does not answer the question.

An exception that changes the answer

Question. Elena’s £74 jug was delivered on 5 February and
arrived cracked. On 9 April, what should the handler do?

Expected answer. Approve the refund directly. The item
arrived damaged, which overrides both the normal age limit
and the normal amount limit in this scenario.

Rubric. Recognize damage, explain its precedence over
both gates, and choose direct approval. Mentioning damage
while still escalating solely because of the amount misses
the demonstrated rule.

A third rubric question presents an automation with sev-
eral plausible mistakes: replying to every message, measuring
from the email date, omitting finance context, escalating ex-
actly £50, and rejecting the cracked jug as too old. The learner
must identify the errors and apply the same policy consistently.
This probes understanding beyond recalling one worked an-
swer.

B What a Reproducible Comparison
Must Retain

For a fully recorded repeated comparison, estimate paired dif-
ferences on the same declared task population. Resample com-
plete repetition blocks within task families, or task families
themselves when the sampling design supports that population
claim. Keep systems paired and related questions, takes, and
variants in the same block. State what the interval conditions
on. Do not treat paraphrases or repeated takes as independent
tasks, and do not attach such an interval to the selected pilot
as if its missing run history were known.

Record Required content

Task Version, starting state, demonstration,
question and rubric identities

System Product/model version, adapter, OS, tools,
capture settings, initial memory

Access Allowed learned state, prohibited evaluator
and fixture paths, enforcement evidence

Run Attempt ID, timings, resource use,
interventions, stopping and failure stage

Grade Raw answer, item grades, judge
configuration, overrides, review status

Comparison Included and excluded runs, repeat schedule,
shared cases, weighting, related-task groups

Table 4: A score is tied to a run contract. The current pilot pre-
serves only part of this record; a prospective release should retain all
of it. The accompanying data snapshot records the workbook hash
and benchmark/export commits used here.

C Optional Diagnostics
A question-only control tests prior knowledge and guessing.
A permitted-notes-only condition helps separate the saved les-
son from later environment lookup. Where inputs can be
controlled, removing narration or screen evidence can reveal
which modality supports an answer. These are diagnostic com-
parisons, not results reported in this paper.

Repeated takes with the same facts and a third take with
one changed fact can test consistency and sensitivity: answers
should stay correct across equivalent teachings and change
when the relevant evidence changes. This design needs ver-
ified take-specific evidence and an explicit task-family map-
ping before it enters a numerical claim. A common structured-
input condition can similarly study reasoning separately from
native capture; report it separately from the product arena.
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