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Abstract

As Al agents take on increasingly open-ended and complex tasks,

verifying their outputs has proven to be difficult. Rubric-graded

agent environments—where a verifier judges multiple criteria against
the deliverables and environment state changes produced by the

agent—have emerged as a popular paradigm. We conduct the first

systematic study of verifiers for rubric-graded agent environments.
First, we create BankerVerifierBench (BVB), a meta-evaluation

dataset of 3,204 human-judged rubric criteria across 21 investment-
banking tasks. Next, we develop a methodology that derives from

any rubric corpus the capabilities a verifier should possess, yield-
ing a nine-capability taxonomy that we distill into three general

design principles—reactive verification, environment alignment,

and domain guidance—which we implement in Gandalf, an open-
source verifier. Finally, we evaluate Gandalf against existing ver-
ifiers on BVB. We find that Gandalf outperforms all baselines on

seven of nine capabilities and is Pareto optimal: its cheapest configu-
ration (F1 0.633, $42) exceeds the most expensive baseline (F1 0.538,

$414). Ablations show that environment alignment and domain

guidance primarily reduce cost (up to 4x fewer tokens) rather than

error, while architecture choice dominates model choice. Gandalf
generalizes to an OpenClaw benchmark, a structurally different

personal-productivity environment, achieving F1 score 0.951 and

outperforming the next-best verifier by 7.5 F1 points.
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1 Introduction

Modern Al agents are systems that use large language models
(LLMs) to interact with tools and environments in pursuit of a
goal [10, 54, 73]. As these agents have grown increasingly capa-
ble and reliable, so too has the need to measure and optimize their

performance. Measurement and optimization go hand-in-hand: tool-
use agents are evaluated within environments, and these same en-
vironments can be used for reinforcement learning (RL) to train
improved models [38]. While some agentic benchmarks such as
GDPval [46] are human-graded using pairwise preferences, en-
abling comparison between agents on leaderboards, the vast ma-
jority strive for automated pointwise grading, facilitating both
benchmarking and reinforcement learning by using the grade as
the reward signal.

Early efforts, encouraged by the success of reinforcement learn-
ing with verifiable rewards (RLVR) [13, 56], focused on verifiable
domains where deterministic automated verification is possible. For
example, SWE-bench [21] uses unit tests to verify software engi-
neering, HotpotQA [71] uses exact-match scoring for multi-hop
question-answering, and WebArena [80] uses programmatic checks
for browser use. Such environments trade off verifiability against
scope, open-endedness, and realism.

Recently, agent evaluation has expanded into semi-verifiable do-
mains where judgment is required. Benchmarks such as BankerTool-
Bench [25], APEX-Agents [61], CoreCraft [42], and ClawBench [77]
use natural-language rubrics—fine-grained binary criteria that are
objectively gradable—as a technique to define and capture correct-
ness [12, 17, 62].

Verifying agent rollouts in such environments is a challenging
task in its own right. Agents may produce multi-file deliverables
(e.g., an Excel spreadsheet and a PowerPoint presentation) and
invoke tools with side effects (e.g., sending an email). Verification
requires checking diverse properties such as: whether an email was
sent, whether an Excel model’s formulas propagate correctly across
tabs, and whether a PowerPoint’s charts are internally consistent
with the underlying data.

Verifiers for rubric-graded environments span a broad design
space, ranging from using an LLM-as-a-judge on the trajectory [42]
to making the verifier itself agentic: an agent-as-a-judge [75, 83].

Agentic judges themselves range from workflows (e.g., Archipelago [61])
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to fully reactive agents [73] (e.g., ClawBench [77]). Despite grow-
ing interest from both research and industry, existing benchmarks
treat the verifier as a subproblem—a means to grade rollouts or
supply training rewards—rather than as an object of study. This
gap, combined with the broad design space, motivates studying
these verifiers in their own right.

To the best of our knowledge, we conduct the first systematic
study of verifiers for agents in rubric-graded environments. To en-
able this, we produce a dataset of human annotations, analogous to
prior work on meta-evaluation of LLM judging and rubric-based
evaluation [43, 60]. The dataset consists of agent trajectories and
final environment states (containing file deliverables), along with
rubric criteria and human-produced judgments, across a number of
tasks in the BankerToolBench (BTB) [25] agent environment. We
call this verifier evaluation dataset BankerVerifierBench (BVB). We
publicly release BVB, which consists of 3,204 judgment instances
across 21 tasks, to facilitate future work on evaluating and improv-
ing verifiers for rubric-graded environments.

We develop a methodology to analyze rubrics and identify the
raw capabilities a verifier needs to judge the criteria in a dataset.
Applying this methodology to BVB, we identify nine capabilities
that lead us to three general design principles for verifiers in rubric-
graded environments. We implement these principles in Gandalf?,
a new open-source verifier for agent environments.

Our evaluation shows that Gandalf achieves state-of-the-art per-
formance on BVB. We explain this performance through the lens of
our design principles and capability taxonomy, finding that Gandalf
achieves the best performance in seven of nine capabilities. Further-
more, Gandalf generalizes to new domains: we evaluate the verifier
on an internal OpenClaw dataset and find that it achieves state-of-
the-art performance on all six of six capabilities and remains Pareto
optimal.

2 Background

In a rubric-graded agent environment, an agent receives a task and
acts within a structured environment (e.g., a filesystem, a set of
tools, and access to external data) to produce a deliverable, which
may consist of one or more files together with changes to the
environment. A verifier is then asked to assign a binary met/unmet
judgment to each criterion in the task’s natural-language rubric.
This contrasts with deterministically graded agent benchmarks,
where criteria reduce to executable checks. Rubric-graded criteria
are open-ended natural-language descriptions whose judgment
often requires inspection of the deliverable, domain knowledge,
and qualitative assessment. We adopt BankerToolBench (BTB) as
the basis for our study and select three representative verifiers as
objects of study.

BankerToolBench (BIB) environment. BTB [25] is a recently re-
leased benchmark of 100 end-to-end analytical workflows per-
formed by junior investment bankers, including discounted cash-
flow analyses, leveraged-buyout models, trading comparables, and
merger models. Each task is long-horizon, taking a banker 5 hours
on average. The agent receives a task description, a data room of
pre-loaded files, and a fixed set of tools (a market-data platform, an

!https://github.com/Handshake- AI-Research/gandalf- the- grader

SEC EDGAR API, and a company-profile API, alongside a filesys-
tem and pre-installed libraries such as openpyx1 and python-pptx),
and is expected to produce multi-file deliverables in standard office
formats (. x1sx, .pptx, .docx, .pdf) accompanied by an expert-
authored rubric of binary, weighted criteria. BTB rollouts are a
demanding setting for verification: judging a single criterion may
require joint reasoning across multiple heterogeneous artifacts.

Verifiers for rubric-graded environments. We study three open-
source verifiers that engage with the deliverable to different de-
grees. AutoRubric [51] grades each criterion in an independent LLM
call over the agent’s trajectory, with no access to the deliverable.
Archipelago [61], released with APEX-Agents, captures a filesystem
diff between initial and final environment states, extracts visual
content via the Reducto document extraction service, and grades
each criterion in an independent LLM call over the diff and ex-
tracted visuals without interacting with the deliverable directly.
Agent-as-a-Judge [83] employs a workflow-based agent as the eval-
uator, planning and executing steps such as locating and reading
files to reach a verdict.

3 BankerVerifierBench: Meta-evaluation for
rubric-graded environments

We introduce BankerVerifierBench (BVB), the first meta-evaluation
dataset for verifiers in rubric-graded agent environments. BVB ex-
tends prior meta-evaluation work for LLM judges [43, 60] and agent
trajectories [37] to settings where criteria require inspecting multi-
file binary deliverables and tool-mediated environment state rather
than text alone. The dataset consists of 21 tasks drawn from the
BTB task distribution, spanning the product groups and task types
described in Section 2. Each task ships with an expert-authored
rubric of binary criteria, weighted by importance and tagged with
one of six categories; rubrics range from 47 to 286 criteria per task
(median 160), totaling 3,204 criteria across the corpus. Each task is
paired with one agent rollout, captured as the complete trajectory
(messages, tool calls, tool responses) and the final environment
state including all deliverable files in their native binary formats.
Every criterion receives a binary verdict (met/unmet) from a do-
main expert as ground-truth: an initial 6 tasks (493 criteria) were
graded by two reviewers independently with a senior reviewer
issuing a master verdict (inter-annotator agreement 89.5%), and the
remaining 15 tasks (2,711 criteria) were graded by a single reviewer
plus senior master verdict; met-class prevalence on the full corpus
is 78.7%.

4 Deriving requirements for verifiers from data

Tasks in rubric-graded agent environments come paired with a
rubric of natural-language criteria. Rather than fixing a verifier ar-
chitecture in advance and determining its capabilities, we start from
the rubric and ask what capabilities does a verifier need to have. We
describe a general methodology for deriving verifier requirements
from any rubric corpus, then apply it to BVB. The methodology pro-
duces a taxonomy of verifier-side capabilities: each capability names
a kind of check the verifier must perform to judge a criterion cor-
rectly. The taxonomy is verifier-side (labels describe what a verifier
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must check, not what the agent must produce) and architecture-
agnostic (labels do not name a specific runtime, library, file format,
or data source), so it applies across verifier types.

Methodology. Our pipeline takes a corpus of natural-language
rubrics and produces a taxonomy of capabilities in three stages: free-
text discovery, canonicalization, and closed-vocabulary tagging.
All LLM calls use Gemini 3 Flash, and embeddings use Google’s
text-embedding-005. The four prompts driving the pipeline are
reproduced in Appendix A.

Stage 1: Free-text discovery. For each rubric criterion, an LLM
receives the agent-facing task brief and the criterion text, and emits
one to three short capability labels along with a one-sentence ratio-
nale per label. Three constraints are enforced programmatically: (i)
the rationale must begin with “the verifier needs to ...” and quote a
phrase from the criterion text, which enforces verifier-side framing;
(ii) labels must not contain tokens naming a specific runtime, library,
file format, or data source, which enforces architecture-agnosticism;
and (iii) labels must follow a fixed lexical form.

Stage 2: Canonicalization. Each unique Stage 1 label is embedded
and partitioned by agglomerative clustering into 80 fine-grained
micro-clusters. An LLM names each micro-cluster and produces a
definition, a diagnostic signal, a worked example, and a set of non-
examples contrasting it with its nearest siblings. A final LLM call
merges the 80 named micro-clusters into the canonical taxonomy
under three hard constraints: between 8 and 10 canonical capabili-
ties, no single capability covering more than 40% of corpus criteria,
and every input micro-cluster mapped to exactly one canonical
capability.

Stage 3: Closed-vocabulary tagging. Every criterion is re-tagged
against the closed canonical taxonomy. An LLM receives the crite-
rion, its task brief, and the full taxonomy (canonical names, defi-
nitions, diagnostic signals, non-examples), and emits one to three
canonical capability tags per criterion ranked by confidence. For
the analyses in Section 8.2, we use the highest-confidence tag per
criterion to obtain a clean partition; the multi-tag distribution is
consistent with the primary-tag results.

Application to BVB.. Applying the methodology to the BVB rubric
(n = 3,204 criteria) results in the nine capabilities listed in Table 1.
The largest, audit quantitative metric calculation, accounts for 23.0%
of rubric criteria; the smallest, validate temporal and sequential
integrity, accounts for 3.3%.

In the BVB setting, these abstract capabilities take concrete form.
Audit quantitative metric calculation ranges over EV/EBITDA mul-
tiples, transaction fees; audit accounting logic and convention cov-
ers sign rules and balance-sheet identities; audit governance and
strategic narrative covers disclaimers, regulatory boilerplate, and
acquisition-rationale claims. The same capability labels might carry
to other domains although with different instantiations: for exam-
ple, a clinical workflow would instantiate audit accounting logic
and convention as dosage and contraindication checks against clin-
ical guidelines; a productivity workflow would instantiate audit
governance and strategic narrative as escalation policies and tone
norms.
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5 Design principles for verifiers

Reading the taxonomy as a specification surfaces three structural
patterns in the capabilities: (i) the verification path varies across
criteria, (ii) judging requires inspecting artifact-internal structure
that text serialization erases, and (iii) judging requires domain
knowledge not in the criterion text. Each pattern follows from the
nature of natural-language rubrics over rich agent environments
rather than from the financial-modeling setting of BVB. We address
each with a design principle.

Principle 1 (P1): Reactive verification. We cannot predict the ver-
ification path from the criterion text alone: two criteria within a
single capability can require different files to open, different tools
to invoke, and different orders of operation, and the number of
distinct paths grows with the rubric. The pattern is intrinsic to
natural-language rubrics rather than a quirk of BVB: any domain
that admits rubrics over open-ended deliverables will exhibit it. Our
first principle is that the verifier should be a reactive agent [73]
that, given a criterion, autonomously decides which artifacts to
open, which tools to invoke, and in what order, terminating once
it reaches a verdict. This shifts dispatch from architecture-time
enumeration to inference-time reasoning by the underlying model.
Every capability in the taxonomy exhibits this pattern.

Principle 2 (P2): Environment alignment. Several capabilities re-
duce to inspecting properties of the agent’s artifacts (formula struc-
ture, layout metadata, cross-file references) that do not survive
flattening to text or rendering as images. The pattern generalizes be-
yond financial modeling: any environment with binary files, stateful
tools, or structured data has analogous properties that serialization
erases. Our second principle is that the verifier should run in the
same environment as the rollout agent, with access to the same
filesystem, libraries, and tools (including domain-specific Model
Context Protocol (MCP) [18] tools). Beyond preserving signal, this
makes the verifier domain-agnostic by construction: deploying it in
a new RL environment requires only granting the same tool access
as the rollout, with no domain-specific parsers or judge tooling. Six
capabilities in the taxonomy exhibit this pattern.

Principle 3 (P3): Domain guidance. Several capabilities require
knowledge that does not appear in the criterion text, such as ac-
counting sign conventions or disclosure standards for an invest-
ment memo. Every domain has analogous conventions: medical
workflows have clinical standards, legal workflows have citation
rules, productivity workflows have communication norms. Our
third principle is that the verifier should accept domain guidance
at deployment time through a dedicated guidance channel, separate
from the criterion text and from the architecture itself. Guidance
enters as natural-language context independent of the verifier ar-
chitecture. Two capabilities in the taxonomy exhibit this pattern.

6 Gandalf: a verifier for rubric-graded
environments

We implement the design principles of Section 5 in Gandalf, a

portable Python application. Gandalf instantiates P1 by building

on the OpenHands SDK [67], an open-source agent harness. To
satisfy P2, Gandalf is designed to be run directly inside the same
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Table 1: The nine capabilities induced from the BVB corpus. The right-hand column reports each capability’s share of the 3,204

corpus criteria as a primary tag (top-ranked in Stage 3).

Capability

Description %

Audit quantitative metric calculation

Recompute a derived figure from its inputs and compare ~ 23.0

against the deliverable.

Verify literal data point accuracy

Confirm a constant in the deliverable matches a constant ~ 15.5

in the brief or source data.

Reconcile cross-component data linkage

Trace a value across two locations in the deliverable 14.9

(across sheets, tabs, or files).

Verify structural component inventory

Confirm the deliverable contains the prescribed sections,  12.1

files, and columns.

Inspect visual presentation and style

Evaluate fonts, colors, alignment, layout, and branding 11.6

against the specification.

Audit accounting logic and convention

Check signs, identities, and component completeness 7.6

against domain conventions.

Validate document labeling and metadata

Confirm textual labels (tab names, axis titles, headers) 6.5

match the specification verbatim.

Audit governance and strategic narrative

Confirm required disclosures are present and qualitative 5.4

claims cohere with the analysis.

Validate temporal and sequential integrity

Verify chronological alignment, period sequencing, and 33

stage-boundary integrity.

environment as the rollout agent, including connecting to the same
MCP tools. Gandalf supports P3 through a configuration system
that includes accepting natural-language judge guidance; while
guidance is domain-specific (e.g., sign conventions for financial
models), the mechanism is domain-agnostic.

Going beyond the design principles, Gandalf’s configuration
system supports specifying the LLM to be used by the verifier agent,
allowing a benchmark designer to trade off between accuracy and
cost. As a performance optimization, Gandalf supports batching
criteria to judge multiple criteria together at once. Rubrics in BTB
average around 150 criteria per task, which would be prohibitively
expensive to verify in separate reactive agent sessions that would
have overlap (e.g., re-opening the same files). Batching amortizes
this cost.

7 Evaluation

We evaluate Gandalf along with three baselines described in Sec-

tion 2: Archipelago (serialize-then-grade), Agent-as-a-Judge (workflow-

based file inspection), and AutoRubric (text-only trajectory grading).
The evaluation answers three questions: (1) how do verifiers com-
pare on accuracy and cost (Section 7.1); (2) what is the impact of
Gandalf’s design principles (Section 7.2); and (3) how sensitive is
Gandalf to configuration choices like batch size and model family
(Section 7.3)?

We report F1 score as our primary measure of verifier perfor-
mance, treating a criterion judged as unmet as the positive class.
This choice reflects the label imbalance in the corpus: the major-
ity of criterion-rollout pairs are satisfied, so F1 on the minority
(unmet) class is more discriminating than raw accuracy. Unless oth-
erwise noted, Gandalf runs at batch size b=16 with Gemini 3 Flash,
with guidance and environment-aligned MCP tools enabled; we

justify this operating point in Section 7.3. We report cost in terms
of evaluating over the entire dataset.

7.1 Gandalf wins on accuracy and cost

Figure 1 plots cost against F1 for all four verifiers across two model
families: Gemini and GPT. The headline finding is that verifier archi-
tecture matters more than model choice: Gandalf with any backing
model outperforms every other verifier with any backing model. In
the GPT family, the cheapest Gandalf configuration (GPT-5.4-Nano,
$42) achieves F1 0.633, exceeding the most expensive Archipelago
configuration (GPT-5.4, $414, F1 0.538) by 9.5 points at one-tenth
the cost.

Within each verifier, scaling to a larger model yields diminish-
ing returns. For Gandalf, F1 ranges from 0.633 (GPT-5.4-Nano) to
0.664 (Gemini 3 Pro), a span of 3.1 points across a 7x cost increase.
Archipelago shows a wider spread (0.473-0.604), suggesting that
weaker architectures benefit more from stronger models, but even
Archipelago’s best configuration (Gemini 3 Pro, $422) falls short
of Gandalf’s cheapest. Agent-as-a-Judge (AAAJ) and AutoRubric
cluster below F1 0.47 regardless of model, with one exception: Au-
toRubric with GPT-5.4 reaches 0.472, where the stronger model
partially compensates for the lack of artifact access through better
trajectory reasoning.

7.2 Design principles trade error for cost

In Table 2, we isolate the contribution of P2 (environment align-
ment) and P3 (judge guidance) by toggling each in turn, fixing the
base model to Gemini 3 Flash. The ablations measure the cost of
substituting for P2 and P3 within a P1-equipped verifier rather than
the principle’s full impact. Because Gandalf is reactive (P1), the
agent loop can partially compensate for missing tools or missing
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Figure 1: Cost vs. F1 across verifiers on BVB, split by model family. Left: Gemini 3 (Flash, Pro). Right: GPT (Nano, Mini,
5.4). Gandalf (b=16) dominates across both families. Costs computed from public API pricing: Gemini 3 Flash $0.50/$3.00,
Gemini 3 Pro $2.00/$12.00, GPT-5.4-Nano $0.20/$1.25, GPT-5.4-Mini $0.75/$4.50, GPT-5.4 $2.50/$15.00 per 1M input/output

tokens.

Table 2: Gandalf ablations on BVB. The default configuration (x) uses Gemini 3 Flash with batch size b=16, guidance, and MCP

tools.

Design principles ‘ Batch size ‘ Model
Config F1  Cost ‘ Config F1  Cost ‘ Config F1  Cost
* Guidance + MCP 660 $64 b=64 635 $32 Gemini 3 Pro 664 $299
No guidance, MCP 649  $73 b=32 644  $40 * Gemini 3 Flash .660  $64
No guidance, no MCP .661 $102 *b=16 .660 $64 GPT-5.4 637 $230
b=8 .667  $100 GPT-5.4-Mini 658 $62
b=4 673 $159 GPT-5.4-Nano 633 $42

guidance through additional inference-time exploration: aggregate
F1 stays high, and the principle’s contribution surfaces in cost. The
principle’s full impact, which non-P1 architectures cannot substi-
tute around, manifests in the cross-verifier comparison (Section 7.1)
and the capability-level breakdown (Section 8.2).

P2: Environment alignment. The cleanest isolation of P2 would
hold guidance fixed and remove MCP. In our setup this run is
uninformative: the guidance we authored for BVB references MCP-
exposed capabilities, so without MCP it points at tools the verifier
cannot reach. We therefore read P2’s contribution from the joint ab-
lation. Removing both guidance and MCP (No Guidance + No MCP)
leaves F1 unchanged (0.661 vs 0.660) but raises cost by 60% ($64 to
$102), as the verifier compensates by writing ad-hoc Python scripts
to parse binary files and issuing tool calls to extract information
that a single MCP call would have returned in a more structured
manner. Within a P1-equipped verifier, environment alignment is
a cost optimization: the agent loop is expressive enough to work
around missing tools, but doing so is substantially more expensive.

P3: Judge guidance. Removing judge guidance (the natural-language
domain conventions injected into the verifier’s prompt, e.g., sign
rules in financial modeling, disclosure standards for investment
memos) hurts on both axes: F1 drops from 0.660 to 0.649 (1.1 points)
and cost rises from $64 to $73 (14%). Without guidance, the verifier
takes more exploratory tool calls to infer conventions that guid-
ance would have stated directly, and the additional exploration only
partially recovers the lost accuracy. Within a P1-equipped verifier,
guidance is a strict improvement on both axes: it encodes domain
knowledge that the verifier would otherwise rediscover through
trial and error at higher cost.

7.3 Gandalf is robust within its design space

Batch size. We vary batch size, the number of criteria graded by
one agent trajectory. F1 rises monotonically as batch size shrinks,
from 0.635 at b=64 to 0.673 at b=4, with cost rising from $32 to $159
across the same range. The curve flattens below b=16: dropping
from b=16 to b=4 buys 1.3 F1 points at 2.5X the cost. At b=32 and
below, each session is small enough for the verifier to attend to
every criterion individually while amortizing file-reading and tool
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calls across the batch; below this point, additional sessions largely
duplicate the same inspection work without extracting new signal.
We fix b=16 for all cross-verifier comparisons as a deliberate cost-
accuracy tradeoff.

Model choice. Table 2 also reports Gandalf at b=16 across five
models spanning two providers. Gemini 3 Pro achieves the highest
F1 (0.664), followed closely by Gemini 3 Flash (0.660) and GPT-
5.4-Mini (0.658). The full spread from the weakest model (GPT-
5.4-Nano, 0.633) to the strongest is 3.1 F1 points, a modest range
given the diversity of model scale and cost. The ranking does not
simply follow model size: GPT-5.4 (0.637) underperforms GPT-5.4-
Mini (0.658), suggesting that factors beyond raw capability such
as instruction-following fidelity or tool-use calibration mediate
verifier performance. The 3.1-point spread across model choices
and the plateau in batch size are both smaller than the gap between
Gandalf and any other verifier on the cost-F1 frontier (Section 7.1):
configuration choices move Gandalf along its frontier, but they do
not move it off.

8 Discussion

We now step back and ask two questions about the evaluation
results: (1) does Gandalf generalize beyond BVB (Section 8.1); and
(2) why do different verifiers perform differently (Section 8.2)?

8.1 Gandalf generalizes beyond BVB

To investigate whether Gandalf generalizes, we collected another
internal dataset analogous to BVB in a new domain: we addition-
ally evaluate on an OpenClaw (OPC) benchmark of persona-driven
personal-productivity workflows: managing schedules, coordinat-
ing with contacts, planning lifestyle tasks. OpenClaw differs from
BVB in domain (consumer), tool surface (messaging clients, calen-
dar and booking services, a weather API), and evidence type (many
OpenClaw tools are stateful, so verification depends on determin-
ing if the environment has changed such as whether a message
was sent or an event created). This dataset consists of 396 criteria
judgments across 24 tasks.

Figure 2 plots F1 against cost across all four verifiers on the
OpenClaw dataset. Gandalf achieves F1 of 0.951, leading the next-
best verifier (Archipelago with Gemini 3 Flash, 0.876) by 7.5 points,
and is again Pareto optimal: the cheaper verifiers (Archipelago,
AutoRubric) sacrifice 7-10 F1 points. The results replicate the BVB
finding that verifier architecture dominates model choice: Gandalf
with Gemini 3 Flash outperforms every other verifier regardless
of backing model. The non-agentic verifiers cluster in a narrow
band (0.849-0.876), suggesting that once serialization captures most
of the evidence, a stronger model or richer serialization yields
diminishing returns.

8.2 Verifiers’ errors are explained by gaps in
capabilities

Table 3 breaks down errors by capability taxonomy generated in

Section 4. Each baseline fails specifically on capabilities where its

missing principles would have helped, while Gandalf wins every-
where except two narrow exceptions we return to at the end of this

section. The table includes RewardKit (RK), a concurrent agentic
verifier covered in Section 8.3 below.

AutoRubric. AutoRubric is a non-agentic verifier: it grades each
criterion in an isolated LLM call over the agent’s trajectory, with no
artifact access and no domain guidance. It satisfies none of the three
principles. Errors are high and undifferentiated across capabilities:
32.8-61.5% on BVB, where most evidence lives in the deliverable,
and 9.4-31.8% on OPC, where trajectories at least carry tool-call
content.

AAAJ.. AAA] inspects files through its own toolset rather than
the rollout’s environment, with no domain guidance. It is a workflow-
based (rather than reactive) agent, lacking all of P1-P3. Errors con-
centrate on the inspection-bound capabilities P2 covers: on BVB,
verify literal data point accuracy (38.2%), audit quantitative met-
ric calculation (35.1%), and reconcile cross-component data linkage
(31.4%) are its three worst rows; on OPC, reconcile cross-component
data linkage reaches 40.0%. The single BVB row AAA]J wins, audit
governance and strategic narrative, is the only one where neither
structural inspection nor cross-component tracing applies and the
criteria reduce to judging textual content. On OPC the same ca-
pability flips: Gandalf wins (error rate 6.1% vs AAAJ’s 43.9% error
rate), because OPC’s instances require tool-state inspection (e.g.,
whether a message was sent) rather than text judgment, moving
the bottleneck back into P2’s territory.

Archipelago. Archipelago is workflow-based and grades each
criterion from a serialized snapshot of the deliverable, giving it
a partial form of P2; it has neither P1 nor P3. Table 4 reports its
per-capability FP and FN rates on BVB (FP denotes over-rejection
of a met criterion; FN denotes an unmet criterion passing). Errors
split bimodally along P2’s fault line: on the four capabilities that
require native artifact inspection, FN exceeds FP by 4.4-5.6% in
absolute terms (e.g., inspect visual presentation and style: FP 10.5%,
FN 16.1%) because deficient outputs pass when serialization erases
the disqualifying signal. On the other five capabilities, FP exceeds
FN by up to 6.5% (e.g., validate temporal and sequential integrity:
FP 12.1%, FN 5.6%): the LLM judge over-rejects on inferences from
rendered evidence. The pattern reproduces and sharpens on OPC:
the Gandalf-Archipelago gap on reconcile cross-component data
linkage widens from 6.9% on BVB to 35.0% on OPC.

Where the framework does not predict. Gandalf’s only losses are
two BVB rows where the gap is narrow (1-2%) and the bottleneck is
the LLM applying conventions or judging coherence over text both
verifiers can see: audit accounting logic and convention (Archipelago
by 2.1%) and audit governance and strategic narrative (AAAJ by
1.1%). The principles pay off where artifact-grounded inspection is
the bottleneck, not where the bottleneck is reasoning over rendered
text. The OPC result on audit governance and strategic narrative
reinforces the point in the other direction: when its criteria require
tool-state inspection, P2 reasserts itself and Gandalf wins by 37.8%.

8.3 Comparison with RewardKit

RewardKit [15] is the verification component of Harbor, developed
concurrently with Gandalf. Like Gandalf, RewardKit employs an
agentic verifier that can interact with the agent’s output artifacts,
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Figure 2: Cost vs. F1 across verifiers on OpenClaw (24 episodes), with Gemini 3 Flash (circles) and GPT-5.4 Mini (triangles)
model families. Gandalf with Gemini 3 Flash sits at the Pareto frontier (F1 0.951, $8.20).

Table 3: Per-capability error rates (%) for all five verifiers — Gandalf (Gan), Archipelago (Arc), Agent-as-a-Judge (AAAJ),
AutoRubric (Aut), and RewardKit (RK) — on BVB and OpenClaw. Bold: best verifier on each row within each corpus (ties bolded).
Cells marked — denote capabilities not present in the OPC corpus. RewardKit on BVB is on its n=2,634 subset (see Section 8.3).

BVB OPC
Capability n Gan. Arc. AAA] Aut. RK n Gan. Arc. AAA] Aut. RK
Audit quantitative metric 736 12.0 15.6 351 615 170 — — — — — —
calculation
Verify literal data point 497 12.3 153 38.2 592 12.8 200 4.5 10.0 255 215 135
accuracy
Reconcile cross-component 478 134 203 314 571 165 20 0.0 35.0 40.0 20.0 35.0
data linkage
Verify structural component 388 10.8 12.6 255 521 96 53 1.9 132 189 94 151
inventory
Inspect visual presentation and 373 17.2 26.5 349 515 183 — — — — — —
style
Audit accounting logic and 244 160 139 303 602 168 — - - - — —
convention
Validate document labeling and 207 13.5 15.0 300 415 97 41 73 244 317 122 17.1
metadata
Audit governance and strategic 174 195 218 184 328 192 66 6.1 258 439 318 16.7
narrative
Validate temporal and 107 159 178 20.6 458 18.7 12 8.3 250 16.7 16.7 16.7
sequential integrity
Aggregate 3,204 13.6 174 31.7 547 152 396 4.5 162 28.5 202 157

making it the most architecturally similar baseline in our study.

For each criterion, RewardKit spawns an isolated Claude Code
session pointed at the agent’s output workspace; the judge can
explore the filesystem, write scripts, and run shell commands to
reach a verdict. Criteria are configured via TOML files and fall into
two classes: programmatic (Python functions that inspect files or

run shell commands) and judge-based (LLM or agent evaluation).

We evaluate RewardKit in its agent-judge mode, both with and

without access to environment-aligned MCP tools (+mcp); the latter
toggle is the closest analogue to Gandalf’s P2 within RewardKit’s
architecture. The key architectural difference is in how the verifier
accesses the environment: RewardKit operates through a general-
purpose code CLI (the judge writes and executes ad-hoc scripts
to inspect deliverables), whereas Gandalf runs inside the rollout
agent’s own environment with access to the same domain-specific
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Table 4: Archipelago FP and FN rates (%) per capability on BVB, sorted by FN-FP gap. Capabilities that require native artifact
inspection are FN-dominant; those that reduce to judgment over rendered evidence are FP-leaning.

Capability n FPrate FNrate FN-FP
Native inspection required (FN-dominant)

Inspect visual presentation and style 373 10.5 16.1 +5.6
Validate document labeling and metadata 207 4.8 10.1 +5.3
Reconcile cross-component data linkage 478 7.5 12.8 +5.2
Verify structural component inventory 388 4.1 8.5 +4.4
Judgment on rendered content (FP-leaning)

Audit accounting logic and convention 244 7.4 6.6 -0.8
Verify literal data point accuracy 497 8.2 7.0 -1.2
Audit governance and strategic narrative 174 12.1 9.8 -2.3
Audit quantitative metric calculation 736 10.6 5.0 -5.6
Validate temporal and sequential integrity 107 12.1 5.6 —6.5

Table 5: Comparison of RewardKit and Gandalf on
BankerVerifierBench. Gandalf achieves the highest F1 while
being the cheapest verifier, owing to Gemini 3 Flash’s lower
per-token rates. Token counts are summed across prompt
and response; costs are computed at public API list prices
(Gemini 3 Flash: $0.50/$3.00 per MTok in/out; Claude Son-
net 4.6: $3.00/$15.00 per MTok in/out).

Verifier Model F1  Tokens (M) Cost ($)
RewardKit Claude Sonnet 4.6 0.879 52.6 162.67
RewardKit +mcp  Claude Sonnet 4.6 0.905 51.7 160.76
Gandalf Gemini 3 Flash 0.951 70.0 35.76

tools (e.g., MCP servers) the agent used during task execution.
Table 5 summarizes the headline result.

Gandalf’s higher token count reflects the cost of environment-
aligned verification: inspecting artifacts through native tools and
tracing values across files takes more agentic steps than writing
ad-hoc scripts in a code CLIL Despite consuming roughly 35% more
tokens, Gandalf is approximately 4.5x cheaper than RewardKit be-
cause it runs on Gemini 3 Flash rather than Claude Sonnet 4.6. The
combination of a 7.2-point F1 advantage over the best RewardKit
variant and a substantially lower cost makes Gandalf the stronger
choice for RL reward signals, where verifier accuracy impacts train-
ing quality [48].

Capability-level breakdown. RewardKit is evaluated on a subset
(n=2,634 of 3,204): a fraction of grading runs failed to complete
because the criterion list became too large for the verifier to handle.
Gandalf handles such cases by batching; RewardKit has no batching
functionality. On its subset, RewardKit’s aggregate error is 15.2%
on BVB (Table 3), between Gandalf and Archipelago. Per-capability,
RewardKit matches or beats Gandalf on three capabilities reducible
to direct filesystem inspection (verify structural component inven-
tory 9.6% vs. 10.8%, validate document labeling and metadata 9.7%
vs. 13.5%, verify literal data point accuracy 12.8% vs. 12.3%), and

trails Gandalf on the remaining six by up to 3.6% on audit quan-
titative metric calculation and 3.1% on reconcile cross-component
data linkage. The pattern is consistent with RewardKit’s design: a
general-purpose code CLI suffices when the verifier needs to read
a value out of a file, but underperforms when verification requires
resolving references through the rollout agent’s own tool surface.
RewardKit’s polarity is also distinct: with an FN/FP ratio of 0.29, it
is the only verifier in our study biased toward over-rejection rather
than toward letting deficient outputs pass.

9 Related work

Agent environments. Agent benchmarks frequently rely on de-
terministic checks against final state, expected tool calls, or unit
tests [4, 21, 28, 30, 31, 35, 40, 44, 45, 49, 65, 72]. In pursuit of
greater scope and realism, recent benchmarks in semi-verifiable
domains have embraced rubric-based grading. Such benchmarks
include BankerToolBench [25], APEX-Agents [61], CoreCraft [42],
GTA-2[64], ClawBench [77], Claw-Eval [74], and AgencyBench [29].
Across both lines, these works treat the verifier as a means to an
end, not the object of study.

Rubrics. Rubrics are a popular approach to defining correctness
in semi-verifiable domains [32, 57]. Rubrics may be authored by
domain experts [1, 2, 58] or generated synthetically [5, 34, 50, 63].
RubricBench [76] evaluates rubric generators themselves against
human preferences. A line of work investigates rubrics in the con-
text of training [12, 62]; some of this work investigates training with
synthetic rubrics [17, 20, 52, 55]. Rubric-ARM [69] jointly optimizes
a rubric generator and a judge, optimizing judgment accuracy for
matching human preference ranking. Unlike these works, we take
rubrics as a given and study the verifiers that consume them.

Verifier designs. Verifiers, both inside and outside the context of
environments, cover a broad design space [11, 27, 75]. A line of work
optimizes LLM-as-a-judge for evaluating text through prompting
or training [22, 23, 36, 82], and a related line decomposes evalu-
ation into per-criterion judgments via rubrics [16, 26, 51, 53, 79].
Benchmarks commonly apply such techniques for outcome grading
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in agent environments by evaluating a serialized trajectory or seri-
alized output files [42, 74]. In contrast, some environments propose
workflow-based agents as verifiers [9, 14, 47, 59, 61, 81, 83], while
others propose reactive agents [3, 6-8, 33, 39, 66, 68]. Despite the
broad design space, no principled account describes which design
choices matter for which verification capabilities.

Meta-evaluation of verifiers. Motivated by the importance of
verifiers in benchmarks, meta-evaluation benchmarks evaluate ver-
ifiers themselves, covering LLM-as-a-judge for preference rank-
ings [24, 41, 60, 78] and LLM-as-a-judge for rubric grading [43].
Verifiers can be domain-specific, motivating domain-specific bench-
marks such as AgentRewardBench [37] for web agents and meta-
evaluations such as TinyV [70] and Huang et al. [19] for mathe-
matics. BVB is the first meta-evaluation dataset that covers rubric-
graded agent environments, where rubric criteria cover deliverable
files and side-effecting tool calls.

10 Conclusion

Our results motivate the adoption of guidable environment-aligned
reactive agents as the Pareto-optimal design for verifying agents in
rubric-graded domains. We hope that the public release of BVB will
help facilitate continued research on building verifiers for agents,
and that the open-source release of Gandalf will unlock more real-
istic benchmarks for agents.

Limitations. The BVB dataset contains a single rollout per task;
we did not evaluate the sensitivity of verifiers to the rollout distribu-
tion. Our study measures verifier F1 score against human labels; we
did not evaluate whether verifier accuracy advantage translates to
better-trained agents through RL. Our study is limited to BVB and
our internal OpenClaw dataset; we expect Gandalf will generalize
to domains beyond these two and hope to see this validated by
future benchmarks.
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Appendix
A Taxonomy construction prompts

We provide the four prompts used by the three-stage taxonomy-construction pipeline (Section 4). All LLM calls use Gemini 3 Flash and
embeddings use Google’s text-embedding-005. Variables in {{ ... }} are populated at runtime with task and criterion data.

Stage 1 prompt: capability discovery. Run once per criterion to emit free-text capability labels and a verifier-side rationale.

You are a methodologist designing a capability taxonomy for evaluating
agentic/LLM-as-Judge verifiers (NOT for evaluating the agent). For each
rubric criterion below, name 1-3 short skills the VERIFIER must possess
to grade that criterion correctly, regardless of how the verifier is
implemented (tool-using judge, code-execution judge, multi-agent judge,
single-prompt judge, etc.).

# Verifier-side framing (read carefully)
A "capability" here is a property of the VERIFIER, not of the agent.

- Right framing: "the verifier needs to <verb a verifier does> <noun
describing what it inspects in the deliverable or task spec>". Example
verbs: inspect, locate, recompute, cross-check, recognize, decompose,
trace, measure, compare, audit, parse, interpret, classify.

- Wrong framing (DO NOT produce): naming what the agent has to do to
satisfy the criterion. Example forbidden agent-construction head-verbs:
build, construct, produce, create, design, develop, write, draft,
generate, populate, deliver, prepare, assemble, compile, render.
(Note: words like “document™, ~layout™, “output™, ~format™, “present”
are FINE when used as nouns or adjectives, e.g.
“document_title_content_verification_capability™ or
“present_value_audit_capability”.)

- Wrong framing (DO NOT produce): naming a specific tool, file format,
or runtime. Forbidden tokens anywhere in the capability name: excel,
x1sx, pptx, pdf, openpyxl, pandas, python, jinja, json, csv, mcp,
sec, edgar, sql, api.

- The verifier is judge-architecture-agnostic. The capability MUST be
expressible for a verifier that:

(a) reads the deliverable file and computes things itself,

(b) reads the agent's generation script as proxy,

(c) calls a remote tool to fetch source-of-truth data,

(d) reasons over a rendered preview without executing code.

If your capability only makes sense for one of these, restate it more
abstractly.

# Output format (HARD constraints)
Each capability name MUST satisfy ALL of:

- 4 to 8 words inclusive.

- lower_snake_case (only [a-z_]; no digits, no hyphens, no spaces).

- ENDS WITH ~_capability™ (counts as one of the 4-8 words).

- Reads as "<verb-or-adjective>_<thing-the-verifier-inspects>_capability".

- Distinct from sibling capabilities WITHIN this same rubric category.
If two criteria in the same category map to the same capability, only
emit it once per criterion, but make sure the contrasting one (if any)
is genuinely different, not a paraphrase.

Good examples (illustrative archetypes -- DO NOT just copy them; produce
labels that fit the actual criterion):
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- “numeric_value_recomputation_capability"

- ~formula_dependency_tracing_capability"

- “cross_section_consistency_checking_capability"”
- “external_source_factual_lookup_capability"”

- “unit_and_scale_normalization_capability"~

- “qualitative_intent_interpretation_capability"
- "multi_period_completeness_auditing_capability”
- “visual_layout_inspection_capability"

Bad examples (rejected by post-validation; do NOT produce these):
- “excel_workbook_check_capability™ -> contains forbidden token ~excel-.

“build_dcf_model_capability™ -> agent-side head-verb ~build™.
- ~“formula_audit™ -> missing ~_capability™ suffix.

- “verifier_reads_the_workbook_thoroughly_to_validate_capability™ -> >8 words.

- “recompute_capability” -> <4 words; not specific.
- Taccuracy_capability™ -> generic virtue, not a verifier skill.

# Each criterion's rationale (also required)

For each criterion, include a “rationale” string of 1-2 sentences,

explaining why the verifier needs the capabilities you listed. The

rationale MUST:

- Start literally with "the verifier needs to "

- Mention something concrete from the criterion text (a quoted phrase,
a number, a section name) so we can audit grounding.

- NOT mention the agent's process or how the agent should accomplish
anything.

# Task context (read-only)

Task ID: {{ task_id }}
Cohort: {{ cohort }}
Rubric category: {{ rubric_category }}

## Task brief (instructions the agent received)

This is provided ONLY so you can understand WHAT deliverable the
verifier will inspect. The capability you name is about INSPECTING the
deliverable, not about the agent's process to produce it.

<task_brief>
{{ task_brief }}
</task_brief>

# Criteria to annotate ({{ n }} criterion(a) in this batch)

{% for c in criteria %}

### Criterion {{ loop.index® }}

- x*xTextxx: {{ c.criterion }}

- xxCategory**: {{ c.category }}

- *xDirection (FYI only, do not let this bias you)**x: {{ c.direction }}
{% endfor %}

# Output

Return a JSON array, one element per criterion, in the SAME order as
above.

~N
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4 )
[
{
"criterion_idx": @,
"capabilities": ["<lower_snake_case_capability_1>", "<...>"],
"rationale": "the verifier needs to ..."

Constraints again, summarised:

1. 1-3 capabilities per criterion (never 0, never >3).
2. Each capability: 4-8 words, lower_snake_case, MUST end with
T _capability~.
3. No agent-side head-verbs (build/produce/create/design/develop/...).
4. No tool/format tokens (excel/x1lsx/python/openpyxl/pandas/json/csv/

sec/edgar/api/sql).
5. Rationale starts with "the verifier needs to " and quotes from the
criterion.
6. Output ONLY the JSON array. No preamble, no commentary, no markdown
fence.
\. J

Stage 2 prompt (a): per-cluster canonicalization. Run once per micro-cluster to assign a canonical name, definition, diagnostic

signal, example, and contrastive non-examples.

You are a methodologist consolidating short, machine-tractable
verifier-capability labels for an agentic/LLM-as-Judge evaluation
taxonomy.

# What is a "capability"?

A capability is a property of the VERIFIER (the
LLM-as-Judge/Agent-as-a-Judge/Any-other-judge), not of the agent. It names a
verification skill the verifier needs in order to grade a rubric

criterion correctly, regardless of whether the verifier uses tools,

executes code, or just reasons over a rendered preview. Capability

labels MUST NOT mention specific tools, file formats, or runtimes.

# Input

Below is a single CLUSTER of {{ n_members }} member-labels emitted by a
Phase 1 free-text discovery pass. They have been grouped by a
deterministic embedding + clustering step. Most members are

paraphrases of the same underlying verifier skill; some members may be
drift.

Cluster id: “{{ cluster_id }}°
Member-label frequency in the corpus (ranked):

{% for m in member_labels %}- ~{{ m.label }}* (frequency: {{ m.freq }})
{% endfor %}

A few representative example criteria from this cluster (verbatim from
the rubric):

{% for ex in example_criteria %}- *(task: {{ ex.task_id }}, category:
{{ ex.category }})* {{ ex.criterion }}
{% endfor %}

# Task
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( )

Pick ONE canonical name for this cluster, plus a short description, a
diagnostic signal, an example pattern, and 1-3 contrastive non-examples
("if it's about X, prefer the ~<sibling>" capability instead").

## Naming constraints (HARD)
The canonical “name™ MUST satisfy ALL of:

- 4 to 8 underscore-separated words (counting ~_capability” as one
word) .

- lower_snake_case, only [a-z_].

- Ends with ~_capability".

- Reads as "<verb-or-adjective>_<thing-the-verifier-inspects>_capability".

- No agent-side construction verbs (build/construct/produce/create/
design/develop/write/draft/generate/populate/deliver/prepare/
assemble/compile/output/render).

- No tool/format tokens (excel/xlsx/pptx/pdf/openpyxl/pandas/python/
jinja/json/csv/mcp/sec/edgar/sql/api).

- Distinct enough from common siblings

(cross-section consistency, external lookup, completeness/
scope, semantic intent, unit normalization, structural-grading) that
it could not be paraphrased into one of them.

## Output

Return a single JSON object (NOT an array):

{
"name": "<lower_snake_case_capability>",
"description": "<1-2 sentences: what observable verification skill
this is>",
"diagnostic_signal": "<1 sentence: what is visible in the trace if
the verifier exercised this capability vs. failed to>",
"example_pattern": "<1-2 sentences: a concrete narrative of the
verifier exercising this skill on a deliverable>",
"non_examples": [
"if the criterion is about <adjacent skill X>, prefer the
“<sibling_capability>" label.",
]
}
No preamble, no commentary, no markdown fence -- only the JSON object.
\_ J

Stage 2 prompt (b): final merge. Run once over all canonicalized clusters to produce the final taxonomy of 8-10 capabilities under

the size and coverage constraints.

You are finalising a small, distinct verifier-capability taxonomy

that will help characterize what a verifier running in

a Reinforcement Learning evironment needs to do.

You are given a slate of {{ n_in }}

candidate capabilities already produced by a clustering step, and you
must merge near-duplicates and produce a final list of {{ min_caps }}-
{{ max_caps }} canonical capabilities.

# Background
A capability is a property of the VERIFIER, not of

the agent. Each canonical capability must be expressible for verifiers
of any architecture (tool-using, code-executing, or pure-reasoning).
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( )

Capability names MUST NOT mention specific tools, file formats, or
runtimes.

# Candidate slate

Each candidate has its current name, description, and the share of
corpus criteria (out of {{ n_total }}) where it was the dominant tag at
the cluster level.

{% for c in candidates %}- name: “{{ c.name }}°
share: {{ c.share }}% (n_criteria_dominated: {{ c.n }})
description: {{ c.description }}
diagnostic_signal: {{ c.diagnostic_signal }}

{% endfor %}

# Merge rules (HARD)

1. **xFinal count.** Output between {{ min_caps }} and {{ max_caps }}
canonical capabilities (inclusive).

2. x*No giant bucket.*x No single canonical capability may dominate
more than {{ max_share_pct }}% of the corpus. If a candidate
currently exceeds this share, propose a SPLIT: emit two or more
sub-capabilities whose union covers the same members but each
respects the cap.

3. **No singletons.** No canonical capability may dominate fewer than
2% of the corpus. Merge such candidates into the nearest semantic
neighbor.

4. x*Pairwise distinctness.** For every pair of canonical capabilities
(A, B) that could plausibly be confused, A's “non_examples™ or B's
“non_examples™ MUST mention the other and explain the boundary.

5. x*Coverage.** Every input candidate must map to exactly one
canonical capability via the “member_input_names™ field below. No
silent drops.

# Naming constraints (HARD)
Same as in the upstream prompt:

- 4 to 8 underscore-separated words (counting "~ _capability™ as one
word) .

- lower_snake_case, only [a-z_].

- Ends with ~_capability~.

- Reads as "<verb-or-adjective>_<thing-the-verifier-inspects>_capability".

- No agent-side head-verbs (build/produce/create/design/develop/write/
draft/generate/populate/deliver/prepare/assemble/compile/output/
render).

- No tool/format tokens (excel/xlsx/pptx/pdf/openpyxl/pandas/python/
jinja/json/csv/mecp/sec/edgar/sql/api).

# Output

Return a JSON array:

[
{
"name": "<lower_snake_case_capability>",
"description": "<1-2 sentences>",
"diagnostic_signal”: "<1 sentence>",
"example_pattern": "<1-2 sentence narrative>",
"non_examples": ["if <pattern>, prefer “<sibling_capability>™",
\_ J
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4 )

"member_input_names": ["<candidate name 1>", "<candidate name 2>",
D0
"]

No preamble, no commentary, no markdown fence -- only the JSON array.

Stage 3 prompt: closed-vocabulary tagging. Run once per criterion to assign one to three taxonomy capabilities, ranked by

confidence.

You are a methodologist tagging rubric criteria with the verifier
capabilities required to grade them. The taxonomy below is fixed. Pick
1-3 capabilities per criterion from the closed vocabulary -- do NOT
invent new names.

# Verifier-side framing (read carefully)

A "capability" is a property of the VERIFIER, not of

the agent. It names a verification skill the verifier must possess to
grade the criterion correctly, regardless of the verifier's internal

architecture (tool-using, code-executing, single-prompt, multi-agent,
etc.).

This is judge-architecture-agnostic on purpose: the same tag applies
whether the verifier reads the deliverable file directly, parses the
agent's generation script, calls a remote tool, or reasons over a
rendered preview.

# Capability taxonomy (closed vocabulary -- pick from these only)

{% for cap in capabilities %}

### ~{{ cap.name }}°

- *xDescription*x: {{ cap.description }}

- *xDiagnostic signal*x: {{ cap.diagnostic_signal }}
- *xExample pattern*x: {{ cap.example_pattern }}

{% if cap.non_examples %}- **Boundariesx*:

{% for ne in cap.non_examples %} - {{ ne}}

{% endfor %}{% endif %}

{% endfor %}

# Task context

Task ID: {{ task_id }}

Cohort: {{ cohort }}

Rubric category: {{ rubric_category }}

## Task brief (instructions the agent received)

This is provided ONLY so you can understand what deliverable the
verifier will inspect. The capability you assign is about INSPECTING
the deliverable, not about how the agent might produce it.
<task_brief>

{{ task_brief }}

</task_brief>

# Criteria to tag ({{ n }} criteria in this batch)

{% for c in criteria %}
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4 )
### Criterion {{ loop.index@ }}

- x*xTextxx: {{ c.criterion }}
- xxCategory**: {{ c.category }}

{% endfor %}
# Tagging rules

1. Each criterion MUST be assigned 1-3 capability names, in
MOST-RELEVANT-FIRST order.

2. Capability names MUST exactly match a “name™ from the taxonomy above
(case-sensitive, including the ~_capability” suffix). No paraphrasing.

3. Tag based on what the criterion REQUIRES the verifier to do, not on
whether any specific verifier implementation actually does it.

4. Reserve very-broad / structural-grading capabilities for criteria
where the grading process itself is the focus (e.g. a self-consistency
check), not as a default top-up tag.

# Output

Return a JSON array, one element per criterion, in the SAME order as
above. Each element MUST set “criterion_idx~ to the criterion's index
above.

{
"criterion_idx": @,
"capabilities": ["<capability_name_1>", "<capability_name_2>",
"]

Output ONLY the JSON array. No preamble, no commentary, no markdown
fence.
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